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Biology has become the land of the “-omics,” including geno-
mics [1], transcriptomics [2, 3], epigenomics [4], proteomics
[5], lipidomics [6, 7], and metabolomics [8]. Each of these
“-omics” generates a huge amount of high-throughput data,
and it is a challenge both to analyze these data and to further
investigate the function of specific molecules. Though more
genomes have been completed due to the rapid development
of sequencing technology [9], we cannot understand the info-
rmation contained within a genome until we mine out its
implicated functions including downstream transcription,
translation, epigeneticsmodulation, andmetabolic pathways.
In this special issue, we mainly focus on functional “-omics”
and bioinformatics.

The Peer-reviewed papers are collected in the special
issue. They are approximately divided into three areas: bioin-
formatics, functional genomics, and functional genetics. The
majority of the papers are purely bioinformatics related
papers. We define bioinformatics papers as those using com-
putational tools or developing methods to analyze functional
“-omics” data without using wet labs. Two papers fell into the
category of functional gen-omics, which is focused on using
whole genome level wet-lab technology to find important
molecules and investigate their potential functions. Five
papers are considered as functional genetics papers. Func-
tional genetics is a broad concept here and these papers are
concentrated on studying themolecular functions andmech-
anisms of individual molecules using wet-lab experimental
approaches.

Bioinformatics. In the bioinformatics papers, four papers deal
with transcriptomics data. F. Wang et al. developed a novel
approach for coexpression analysis of E2F1-3 andMYC target
genes in chronic myelogenous leukemia (CML); they found
a significant difference in the coexpression patterns of those
candidate target genes between the normal and the CML
groups. It is challenging to analyze the quantity of image
data on gene expression. A. Shlemov et al. developed a
method called 2D singular spectrum analysis (2D-SSA) for
application to 2D and 3D datasets of embryo images related
to gene expression; it turned out to work pretty well. J. Li
et al. characterized putative cis-regulatory elements (CREs)
associated withmalemeiocyte-expressed genes using in silico
tools. They found that the upstream regions (1 kb) of the top
50 genes preferentially expressed in Arabidopsis meiocytes
possessed conserved motifs, which were potential binding
sites of transcription factors. NAGNAG alternative splicing
plays an important role in biological processes and represents
a highly adaptable system for posttranslational regulation of
gene function. Interestingly, X. Sun et al. identified about 31
NAGNAG alternative splicing sites that were identified in
human large intergenic noncoding RNAs (lincRNAs).

Three papers are focused on the deification of new gene
family members and gene evolution. Conotoxins are small
disulfide-rich neurotoxic peptides, which can bind to ion
channels with very high specificity and regulate their activ-
ities. H. Ding et al. developed a novel method called iCTX-
Type, which is a sequence-based predictor that can be used to
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identify the types of conotoxins in targeting ion channels. A
user-friendly web tool is also available. Y.-Z. Zhou et al. ana-
lyzed the evolution pattern and function diversity of PPAR
gene family members based on 63 homology sequences of
PPARgenes from31 species.They found that gene duplication
events, selection pressures onHOLI domain, and the variants
on promoter and 3UTR are critical for PPARs evolution
and acquiring diversity functions. There has recently been
considerable focus on its two human pathogenic species N.
meningitidis andN. gonorrhoeae, which belong toNeisseria, a
genus of gram-negative bacteria. D. Yu et al. selected 18 Neis-
seria genomes, preformed a comparative genome analysis,
and identified 635 genes with recombination signals and 10
genes that showed significant evidence of positive selection.
Further functional analyses revealed that no functional bias
was found in the recombined genes. The data help us to
understand the adaptive evolution in Neisseria.

One paper tried to solve the key algorithm issue called
the all-pairs suffix-prefix matching problem, which is crucial
for de novo genome assembly. M. H. Rachid et al. developed
a space-economical solution to the problem using the gen-
eralized Sadakane compressed suffix tree. One paper con-
ducted a comparative genomics analysis. R. Cecagno et al.
found that the versatile gene repertoire in the genome of
rhizosphere bacterium Azospirillum amazonense could have
been acquired from distantly related bacteria from horizontal
transfer. They also demonstrated that the coding sequence
related to production of phytohormones, such as flavin
monooxygenase and aldehyde oxidase, is likely to represent
the tryptophan-dependent TAM pathway for auxin produc-
tion in this bacterium. They conclude that the genomic
structure of the bacteria has evolved to meet the requirement
for adaptation to the rhizosphere and interaction with host
plants.

One article conducted a meta-analysis. H. Ye et al. have
demonstrated that rs2228671 is a protective factor of CHD in
Europeans. One paper is concentrated on the microorganism
bioinformatics. Y. Ding et al. recognized the roles of the syn-
onymous codon usage in the formation of nsp1𝛼 structure of
porcine reproductive and respiratory syndrome virus PRRSV.

Functional Genomics. There are two papers that conducted
gene association studies based on genome wide data. J. Li et
al. found that the presence of ATT𝜀4haplotype was associated
with an increased risk of mental retardation (MR) in children
but did not find any significant association between single
loci of the four common ApoE polymorphisms (−491A/T,
−427T/C, −219T/G, and 𝜀2/3/4) and MR or borderline MR.
J. Zhou et al. did not find an association between rs7529229
and chronic heart disease (CHD) in Han Chinese. However,
their meta-analyses indicated that rs7529229 was associated
with the CHD risk in Europeans.

Functional Genetics. There are 5 articles that investigate the
individual gene function in different areas. Two papers are
related to neural diseases. G.-M. Chang et al. found that
activating NF-𝜅B signaling pathway can protect intestinal
epithelial cell No. 6 against fission neutron irradiation. X.-S.
Liu et al. demonstrated that hepatocyte growth factor (HGF)

could promote the regeneration of damaged Parkinson’s dis-
ease (PD) cells at higher efficacy than the supernatant from
hUC-MSCs alone. Thus, the combination of hUC-MSC with
HGF could potentially be a new biological treatment for
PD. One paper is focused on cancer. N. Ji et al. found that
celastrol had antiprostate cancer effects partially through the
downregulation of the expression level of hERG channel in
DU145 cells, suggesting that celastrolmay be a potential agent
against prostate cancer with a mechanism of blocking the
hERG channel. One paper is studying heart disease. Z. Lu
et al. reported that the levels of NT-proBNP and CCR were
closely related to the occurrence of HF and were independent
risk factors for heart failure (HF). Meanwhile, there was a
significant negative correlation between the levels of NT-
proBNP and CCR. One interesting paper is trying to under-
stand the function of Japanese encephalitis virus (JEV), and
they have demonstrated that RNA recombination in JEV
occurs unequally in different cell types. They conclude that
the adjustment of viral RNA to an appropriately lower level in
mosquito cells prevents overgrowth of the virus and is benefi-
cial for cells to survive the infection.

In summary, this special issue presents a broad range of
topics from functional genomics, genetics, and bioinformat-
ics. It covers a variety of diseases such as cancer, heart, and
neural and infectious diseases. The study organisms include
human, mouse, plant, andmicroorganisms.We hope that the
readers will find interesting knowledge and methods in the
issue.

Youping Deng
Hongwei Wang

Ryuji Hamamoto
David Schaffer
Shiwei Duan
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Peroxisome proliferators-activated receptor (PPAR) gene family members exhibit distinct patterns of distribution in tissues and
differ in functions.The purpose of this study is to investigate the evolutionary impacts on diversity functions of PPARmembers and
the regulatory differences on gene expression patterns. 63 homology sequences of PPAR genes from 31 species were collected and
analyzed.The results showed that three isolated types of PPAR gene familymay emerge from twice times of gene duplication events.
The conserved domains of HOLI (ligand binding domain of hormone receptors) domain and ZnF C4 (C4 zinc finger in nuclear in
hormone receptors) are essential for keeping basic roles of PPAR gene family, and the variant domains of LCRs may be responsible
for their divergence in functions. The positive selection sites in HOLI domain are benefit for PPARs to evolve towards diversity
functions. The evolutionary variants in the promoter regions and 3 UTR regions of PPARs result into differential transcription
factors andmiRNAs involved in regulating PPARmembers, whichmay eventually affect their expressions and tissues distributions.
These results indicate that gene duplication event, selection pressure on HOLI domain, and the variants on promoter and 3 UTR
are essential for PPARs evolution and diversity functions acquired.

1. Introduction

Peroxisome proliferators-activated receptors (PPARs) are tra-
nscription factors belonging to the ligand-activated nuclear
receptor superfamily, which play key roles in regulatingmeta-
bolism, inflammation, and immunity. In vertebrates, the gene
family of PPAR consisted of PPAR𝛼, PPAR𝛽 (also called
PPARb/d or PPAR𝛿), and PPAR𝛾 [1]. Recently, a consid-
erable number of papers have reviewed their importance
in functions within various physiological and biochemistry
processes [2–5]. Their special effects and functional manners
of depending on a ligand-activated way even have attracted
some scientists to consider them as a drug target for therapy
of some metabolic disorders, such as the type 2 diabetes mel-
litus and atherosclerosis [6].

It has been well established that the PPARs can be divided
into five distinct functional regions, which include DBD

(DNA-binding domain), LBD (ligand-binding domain), AF1
(activation function 1), AF2 (activation function 2), and a
variable hinge region. The DBD and LBD consist of a highly
conserved DNA-binding domain and a moderately con-
served ligand-binding domain, respectively.TheAF1 andAF2
are two ligand-independent activation function domains. All
these regions except the variable hinge region are highly
conserved among PPAR members and are responsible for
keeping their functions [3]. Although the PPARs share high
similarities with each other in structures, they exhibit distinct
patterns of distribution in tissues and differ in functions [7].
It has been summarized that PPAR𝛼 mainly is involved in
the oxidation process of hepatocytes, PPAR𝛽 mainly targets
within the adipocyte proliferation, and PPAR𝛾 plays essential
roles in origination and fate determination of preadipocyte.
In adult rat, it has shown that PPARs had different expres-
sion patterns [8]. Definitely, PPAR𝛼 is highly expressed in
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hepatocytes, cardiomyocytes, enterocytes, and the proximal
tubule cells of kidney, PPAR𝛽 is expressed ubiquitously and
often at higher levels than PPAR𝛼 and PPAR𝛾, and PPAR𝛾 is
expressed predominantly in adipose tissue and the immune
tissues [4].

It is interesting to investigate why PPARs exhibit distinct
patterns of distribution in tissues and differ in functions even
if they share high similarity of regions. There may be at least
two main aspects of molecular reasons accounting for their
differences. Firstly, it could be explained by the molecular
evolutionary process, for example, the gene duplication event
and the selective patterns. PPAR gene family as one of
the nuclear hormone receptor (NHR) superfamilies evolves
together with otherNHRmembers. It has been demonstrated
that a large number of NHR members are likely to result
from two waves of gene duplication events. The first wave
occurs before the arthropod/vertebrate divergence and has
generated the ancestors of the NHR subfamilies, for instance,
PPARs, RARs, and RXRs. The second wave of duplication
is vertebrate-specific and leads to a diversification inside the
subfamilies, with the emergence of the presently known iso-
types such as PPAR𝛼, PPAR𝛽, and PPAR𝛾 [3, 7]. However, it
is still unknown which one is the common ancestor gene in
PPAR members, and what the impacts of PPARs divergence
on their functions are. Secondly, the special transcriptions
factors binging in the promoter regions and the miRNAs
target at 3 UTRs of PPARsmay be responsible for the distinct
patterns of distribution in tissues. Numerous reports have
established the basis for gene expression patterns in distribu-
tion by predicting and comprising the transcription factors
and miRNAs of interested genes [9].

Therefore, in this present study, we took advantage of the
availability of gene sequence data to analyze the PPAR gene
family based on a view ofmolecular evolutionary relationship
by deducing the possibility of evolution in PPAR gene family,
as well as by predicting and comparing their transcription
factors and miRNAs to primarily understand the reasons for
diversity functions and distinct patterns of expressions in
tissues of PPAR members. These analyses may contribute to
a comprehensive understanding for the functions of PPAR
gene family.

2. Materials and Methods

2.1. PPARGene Homology Sequence Collection. TheGenomic
Blast function (http://blast.ncbi.nlm.nih.gov/Blast.cgi) was
used for collecting homologous sequences of PPAR gene fam-
ilymembers in species.The parameters were set as the default
value. For the minority of the PPAR gene sequences unfound
by blast, we separated supplement in the website of Nucle-
otide database (http://www.ncbi.nlm.nih.gov/nuccore/) by
manually using keywords. Through blasting the homology
sequences of PPAR𝛼, PPAR𝛽, and PPAR𝛾 on NCBI, we
finally obtained 63 homology sequences that belong to
31 species (Table S1 in Supplementary Material available
online at http://dx.doi.org/10.1155/2015/613910).Most of these
sequences were from mammals, and a few of them were
obtained from fish and birds. These collected sequences were

edited and aligned by the MegAlign in DNAStar (Madison,
Wisconsin, USA).

2.2. Search for Protein Domains. The open reading frames
(ORF) of PPAR sequences in different species were predicted
using online software (http://www.ncbi.nlm.nih.gov/gorf/or-
fig.cgi). Next, these ORF sequences were confirmed by Pfam
(http://pfam.sanger.ac.uk/). Only if there were homology
amino acid sequences blasted, Pfam would show the ORF
sequences being correctly predicted. Furthermore, the cor-
rect amino acid sequences were entered into SMART
(http://smart.embl-heidelberg.de/) platform for a prediction
of protein structure domain.

2.3. Construction of Phylogenetic Tree. The format of each
PPAR homologous protein sequence was edited by BioEdit
software [10]. Then, the protein sequences were used for
constructing phylogenetic tree through amodel of maximum
likelihoodmethod (ML) byMega 5.1 [11].The topological sta-
bility of the maximum likelihood tree was evaluated by 1000
bootstrap replications. The Atlantic salmon PPAR𝛾 protein
sequence (NM 001123546.1) was selected as the outgroup of
the protein phylogenetic tree.

2.4. Amino Acid Site Selection Pressure Analysis. The sequen-
ces of two conserved protein domains (ZnF C4 and HOLI
domains) were chosen and compared by BioEdit, and then
they were classified and merged. According to the analysis
of Bayesian tree phylogeny, we used the site model in PAML
software package in Codeml program [12] to analyze these
two domains.

The site model was constructed to test whether PPAR
gene is subjected to positive selection (𝜔 > 1) or negative
selection (𝜔 < 1) [13]. This model allows different sites to
have different selection pressure, while there is no difference
in different branches of the phylogenetic tree. The models
named M1a (neutral) and M2a (selection) [13, 14] in the
current study were used twice the log-likelihood difference
(2Δ𝐿) following 𝜒2 distribution of likelihood ratio test (LRT),
the difference degree of freedom for the two parameters of the
model number.

2.5. Analysis of Transcription Factors. By using Gene (http://
www.ncbi.nlm.nih.gov/gene/) of the NCBI, the location of
the PPAR gene was determined on the chromosome corre-
sponding species. And then, we confirmed the first exon of
the PPAR gene transcription initiation site on a chromosome.
Sequence about 1000 bp was selected to use as the predicted
promoter regions from the upstream of the first exon. On the
TRANSFAC, the Alibaba (http://www.gene-regulation.com/
pub/programs/alibaba2/index.html) can estimate transcrip-
tion factor binding sites (TFBS) in unknownDNA sequences.

2.6. Predictions of miRNAs in 3 UTR Region of PPAR Mem-
bers. The miRNAs in 3 UTR region of PPAR members and
their regulatory sites were predicted by TargetScan release
(http://www.targetscan.org/). In the TargetScan, the 3 UTR
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Figure 1: The protein domains of PPARs were predicted in 7 representative species. A box represents a conserved domain. The numerals
labeled in the boxes and lines represent the number of amino acid residues. The PPARs coding domain sequences were collected in 7
representative species including human, xenopus, zebrafish, chicken, dog, pig, and mouse.

region of PPAR members of human was searched for miR-
NAs. The search results were sorted in the miR2Disease Base
(http://www.mir2disease.org/) for predicting functions of the
predicted conservative miRNAs.

3. Results and Analysis

3.1. The Unique Homology and Conserved Domains in PPAR
Gene Family. As it was shown in Table S1, the coding regions
of all PPAR nucleotides were in average length of about
1400 bp, which encode about 466 amino acids. The average

length of nucleotides of PPAR𝛼 coding domain is 1406 bp,
whereas the average length of nucleotides of PPAR𝛽 is 1284 bp
which is lower than the average value of the entire PPAR
family.The nucleotide of PPAR𝛾 is 1479 bp which is obviously
higher than the average value.

The protein domains were predicted corresponding to
each sequence in the coding region through SMART. The
PPAR coding domain sequences in 7 representative species
including human, xenopus, zebrafish, chicken, dog, pig, and
mouse were obtained for a further analysis (Figure 1). The
data demonstrated that all PPARs family members contained
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the ZnF C4 and HOLI domains, which are conserved among
species. In addition to the conserved domains, low complex-
ity 1 and low complexity 2 regions (LCRs) were in great differ-
ences among PPAR members and species. In PPAR𝛼, it was
found that LCR2 widely existed in most species, and LCR1
only existed in mice. It is also worth noticing that more
than half of the studied species contained the LCRs domains
in PPAR𝛽, except for the absence of LCR2 in xenopus.
In PPAR𝛾, the LCR2 domain was only found in zebrafish,
whereas the LCR1 domain was absent in all studied species.

3.2. The Phylogenetic Tree of PPAR Gene Family. In order to
investigate the homologous relationships among PPAR gene
family members, we constructed phylogenetic tree based on
the amino acid level. The phylogenetic tree was constructed
based on the 63 amino acid sequences from 31 species (Table
S1), and the results were shown in Figure 2. The orthologs of
PPAR members from fishes were placed at the base of the
three branches of the tree. Furthermore, the PPAR genes were
spitted into three lineages (support value = 100%). Through
the branches and distances of the phylogenetic tree, PPAR𝛼
and PPAR𝛽 were clustered together. The branch of PPAR𝛾
stood alone and was closer to the outgroup than the other
two branches. PPAR𝛾 might be the earliest ancestor form of
the PPAR gene family. According to the classification, it sug-
gested that the first independent duplication event may occur
in bony fishes before separation from the birds andmammals
during the whole evolutionary process of PPAR gene family.
And after a second duplication event, the isolated types of
PPAR𝛼 and PPAR𝛽may emerge as the paralogs of PPAR𝛾.

3.3. Selection Pressure of Amino Acid Residues in PPAR Gene.
To determine the selection states of each amino acid site in
conserved structure of PPARs during the evolution process,
the tools of selective pressure were used for investigating the
different selection patterns based on the conserved motifs
of ZnF C4 domain and HOLI domain, which were widely
included and conserved in PPAR gene family. In branch-
site models (Table 1), we found the estimated 𝜔 value ≥ 1
with the M2a model for HOLI domain and ZnF C4 domain.
It suggests that PPAR genes were under positive selection.
By the LRT test, M1a and M2a were compared with their
corresponding null models (M0), respectively. The results
suggested that M2a (𝑃 < 0.05) was more in coincidence with
the data than M1a (𝑃 > 0.05). What is more, the LRT tests of
all PPAR members were different. The HOLI domain could
be accepted by M2a, indicating a positive selection pressure
of HOLI domain during the molecular evolution process,
whereas the ZnF C4 domain was rejected.

In a 95% posterior probability, the results (Figures 3(a)
and 3(b)) showed that the positive selection sites in PPAR𝛼
HOLI domain were 118G, 137S, and 143I, in PPAR𝛽 HOLI
domain 20S, 21S, 58S, and 117P, and in PPAR𝛾 HOLI domain
16S and 75G, whereas in the ZnF C4 domain, there were
no positive selection sites observed in all PPAR members,
except for only one suspected amino acid residuewith𝜔 value
between 0.5 and 1 observed in ZnF C4 domain of PPAR𝛼 and

PPAR𝛽, respectively. In PPAR𝛾 ZnF C4 domain, there were
no positive selection sites observed either.

3.4. Prediction of Transcription Factors. The transcription
factors and their binding sites in promoter regions of PPAR
gene family were predicted in human and chicken, respec-
tively, and the results were listed in Table S2. In chicken, 45,
44, and 39 transcription factorswere predicted and targeted at
the promoter regions of PPAR𝛼, PPAR𝛽, and PPAR𝛾, respec-
tively. In human, only a total of 31, 36, and 40 transcription
factors have been predicted at promoter regions of PPAR𝛼,
PPAR𝛽, and PPAR𝛾, respectively, which were different from
it in chicken.

Through comparing transcription factors, we found that
numerous common transcription factors existed among
PPAR members. Then they were compared pairwise among
the three PPAR members, and the results were listed in
Table 2. The PPARs shared 9 common transcription factors
which were targeted at the promoter regions, including Sp1,
CPE bind, CP1, Oct-1, GATA-1, AP-2𝛼, NF-1, GR, and
C/EBP𝛼 in human, while in chicken, 11 common transcrip-
tion factors were predicted and targeted at the promoter
regions of chicken PPARs, which includedCREB, SRF, ICSBP,
Ftz, AP-1, Oct-1, GATA-1, AP-2𝛼, NF-1, GR, and C/EBP𝛼.
However, the binding sites for each common transcription
factor were varied among PPAR members.

Finally, we quantified the coexisting transcription factors
among PPAR members (Table 3). In human, the amount
of the identical transcription factors between PPAR𝛼 and
PPAR𝛽was 18, while the amount between PPAR𝛽 and PPAR𝛾
is 16. The number of identical transcription factors of PPAR𝛼
and PPAR𝛾 was 12. In chicken, the group of PPAR𝛼/𝛾 and
PPAR𝛼/𝛽 shared 20 and 15 identical transcription factors,
respectively.

3.5. Prediction ofmiRNAs Target at the 3 UTRRegion of PPAR
Members. The miRNAs in 3 UTR of PPAR members were
predicted in human.The results (Table S3) showed that, in the
3 UTR region of PPAR𝛼, a total of 23 conserved binding sites
of miRNAs were predicted in vertebrates, and 4 conserved
sites of miRNA families were predicted in mammals. In
the 3 UTR region of PPAR𝛽 (Figure 4(b)) and PPAR𝛾
(Figure 4(c)), 5 and 3 conserved sites of miRNA families were
predicted in vertebrates, respectively. Notably, themiR-17 and
miR-9 were predicted in both 3 UTR regions of PPAR𝛼 and
PPAR𝛽, and the miR-27abc and miR-128 were predicted in
both 3 UTR regions of PPAR𝛼 and PPAR𝛾 (Figure 4(a)).

The functions of these miRNAs were enriched in PUB-
MED online. Among the 27 miRNA families, the vast major-
ity were closely related with cancer. For example, the miR-
142-3p [15], miR-19a [16], and miR-124 [17] were reported
to be involved in hepatocellular carcinoma; the miR-9 [18]
targeting to the 3 UTR region of PPAR𝛼 was associated with
Hodgkin’s lymphoma. In the 3 UTR region of PPAR𝛽, the
miR-138 [19] were reported to be linked to anaplastic thyroid
carcinoma; the miR-17 [20] was related to B-cell lymphoma;
the miR-29c [21] was interrelated with chronic lymphocytic
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Table 1: Selection pressure analysis of amino acid sites in PPARs.

Model ln𝐿 Parameters estimates 2Δ𝐿

Model 0
𝛼-HOLI −4720.995579
𝛽-HOLI −2960.312353
𝛾-HOLI −2719.120808
𝛼-ZnF C4 −1050.374116
𝛽-ZnF C4 −1033.465323
𝛾-ZnF C4 −1276.57302

Model 1a

𝛼-HOLI −4622.51301 𝑃0 = 0.93383, 𝑃1 = 0.06617

𝜔0 = 0.01746, 𝜔1 = 1.00000

𝛽-HOLI −2894.97063 𝑃0 = 0.94599, 𝑃1 = 0.05401

𝜔0 = 0.02167, 𝜔1 = 1.00000

𝛾-HOLI −2689.49404 𝑃0 = 0.97407, 𝑃1 = 0.02593

𝜔0 = 0.00539, 𝜔1 = 1.00000

𝛼-ZnF C4 −1062.29037 𝑃0 = 0.98590, 𝑃1 = 0.01410

𝜔0 = 0.00862, 𝜔1 = 1.00000

𝛽-ZnF C4 −1027.39487 𝑃0 = 0.97625, 𝑃1 = 0.02375

𝜔0 = 0.00722, 𝜔1 = 1.00000

𝛾-ZnF C4 −1276.57373 𝑃0 = 0.99999, 𝑃1 = 0.00001

𝜔0 = 0.00168, 𝜔1 = 1.00000

Model 2a

𝛼-HOLI −4622.51301 𝑃0 = 0.93383, 𝑃1 = 0.03245, 𝑃2 = 0.03372 196.96513
𝜔0 = 0.01746, 𝜔1 = 1.00000, 𝜔2 = 1.00000

𝛽-HOLI −2894.97063 𝑃0 = 0.94599, 𝑃1 = 0.04003, 𝑃2 = 0.01398 130.683442
𝜔0 = 0.02167, 𝜔1 = 1.00000, 𝜔2 = 1.00000

𝛾-HOLI −2689.49404 𝑃0 = 0.97407, 𝑃1 = 0.00429, 𝑃2 = 0.02163 59.253532
𝜔0 = 0.00539, 𝜔1 = 1.00000, 𝜔2 = 1.00000

𝛼-ZnF C4 −1044.04256 𝑃0 = 0.98590, 𝑃1 = 0.01410, 𝑃2 = 0.00000 12.66312
𝜔0 = 0.00737, 𝜔1 = 1.00000, 𝜔2 = 6.14876

𝛽-ZnF C4 −1027.39487 𝑃0 = 0.97625, 𝑃1 = 0.00871, 𝑃2 = 0.01504 12.140902
𝜔0 = 0.00722, 𝜔1 = 1.00000, 𝜔2 = 1.00000

𝛾-ZnF C4 −1276.57302 𝑃0 = 1.00000, 𝑃1 = 0.00000, 𝑃2 = 0.00000 0.000004
𝜔0 = 0.00168, 𝜔1 = 1.00000, 𝜔2 = 1.00000

Note: selection pressure on amino acid sites of the inspection is based on the calculation of 𝑑𝑁/𝑑𝑆 (𝜔), where 𝑑𝑁 is nonsynonymous coding sequences of each
base mutation rate (nonsynonymous substitution rate) and 𝑑𝑆 is a synonymous mutation rate (synonymous substitution rate). When the 𝜔 > 1, the gene is by
positive selection; 𝜔 = 1, no selection pressure; 𝜔 < 1, by purifying selection.

leukemia. In the 3 UTR region of PPAR𝛾, the miR-128 [22]
was associated with glioma.

4. Discussions

One new gene is mainly generated by the gene or genome
duplication event [23]. PPARs as one of the NHR superfam-
ilies evolve together with other NHR members, and after it
has undergone twice time of gene duplication events, the
vertebrate-specific PPAR is eventually diverged into three
different isotypes [3, 7].The phylogenetic tree of PPARs in the
present study demonstrated that PPAR gene family may have
yielded a gene duplication event, which first occurs in bony
fishes before separation from the birds and mammals during
the whole evolution process. PPAR𝛾 is closer to the outgroup

than the other two branches, supporting that PPAR𝛾 might
be the original ancestor gene in PPAR gene family. After
being firstly duplicated in fish, PPAR begins to divide into
two subtypes, including the PPAR𝛾 and the common ancestor
of PPAR𝛼 and PPAR𝛽. These findings are consistent with
the previous studies by Michalik et al., which depicted
an evolutionary process of PPARs. Moreover, PPAR𝛼 and
PPAR𝛽 were clustered closer than others, supporting that
they may originate from a homology ancestor gene, and their
divergencemay result from another gene duplication event in
vertebrates; however, there is no sufficient evidence to sup-
port this hypothesis currently.

Following the gene duplication event in PPARs, the newly
emerging receptors would have acquired the ligand binding
capacities in an independent fashion [24]. Once such capacity
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Figure 3: Approximate posterior mean of amino acid sites. There
was a list of amino acids in each sequence of the corresponding 𝜔
value. The amino acid residue marked on the image represents the
𝜔 > 1 with probability of more than 95%.

was acquired, each receptor of PPARs may begin to further
evolve and refine its specificity for a given ligand. Each PPAR
isotype may then evolve by mutations, which lead to a more
specific range of ligands across species. These hypotheses
could be supported by the sequence variants among PPARs
across species in the present study. Our results showed that all
PPAR members contained the conserved HOLI and ZnF C4
domains, which are important for keeping the functions of
PPAR gene family. HOLI domain located in N-terminal of
the PPAR protein is also known as ligand binding domain of
hormone receptors [25]. It belongs to the LBD region that acts
in response to ligand binding, which caused a conformational
change in the receptor to induce a response, thereby acting
as a molecular switch to turn on transcriptional activity [26].
In addition, ZnF C4 domain is also called C4 zinc finger
in nuclear hormone receptors. This domain was the DBD
region, which recognizes specific sequences, connected via

a linker region to a C-terminal LBD. Both HOLI and ZnF C4
domains are highly conserved among PPARmembers and are
responsible for keeping their basic functions for PPAR family
members.

In addition to the two conserved domains, PPAR family
contained low complexity regions (LCRs). LCRs located near
the left of ZnF C4 domain are in great differences among
PPAR members across species. Studies suggested that the
positions of LCRs within a sequence might be important to
both determine their binding properties and maintain bio-
logical functions [27]. There are no LCRs existing in PPAR𝛾,
suggesting that PPAR𝛾might only keep the basic function of
PPAR family. The number of LCRs in PPAR𝛼 and PPAR𝛽
is similar and obviously more than PPAR𝛾, indicating dif-
ferential functions of PPAR𝛼 and PPAR𝛽 from PPAR𝛾. The
results showed that the variants in LCRs might be involved
in the diversity functions of PPAR members and supported a
common origin of PPAR𝛼 and PPAR𝛽.

Due to the reason that ZnF C4 and HOLI domain are
important for keeping roles of PPAR members, we used pat-
terns of selection pressure to analyze the adaptive evolution
of the conserved protein sequences. The results showed that
theHOLI domainwas selected under a natural pressure in the
evolutionary process, whereas the ZnF C4 domain was not.
It showed that ZnF C4 domain was more conservative than
HOLI domain in PPAR family, supporting a more important
role of PPAR zinc finger in keeping PPARs’ functions [28].
The HOLI domain in PPAR𝛽 with the most amounts of
positive selection sites among PPARmembers suggested that
the variations in these positive selection sites were more ben-
eficial for PPAR𝛽 phylogenetic towards diversity functions.
Studies have confirmed that these chemical properties of
amino acid residueswere important to sustain normal protein
folding and keep functions [29]. For instance, sulfhydryl
groups of the peptide chain of two cysteines (cysteine,
referred to as S) form two disulfide linkages with oxidation
reaction. Whether it breaks or reshapes into a new one, it
also could adjust protein to perform certain function [30].
Therefore, it can be inferred that the nucleotide variants in
HOLI domain could be responsible for diversity functions of
PPAR members. In a 95% posterior probability, the positive
selection sites were 118G, 137S, and 143I in PPAR𝛼 HOLI
domain, were 20S, 21S, 58S, and 117P in PPAR𝛽 HOLI
domain, and were 16S and 75G in PPAR𝛾 HOLI domain. It
is interesting to point out that the positive selection sites in
HOLI domain of PPAR𝛼 and PPAR𝛽 share more similarity
in locations and amino acid residues, supporting a homology
function of PPAR𝛼 and PPAR𝛽.

The regulatory mechanism of gene expressions plays an
important role in tissue distribution and distinct biological
functions of genes. In eukaryotes, most genes are initiated
and transcribed by lots of specific transcription factors
targeting at their promoter regions [31]. Through predicting
the transcription factors and their binding sites in promoter
region of PPARs, we found that the transcription factors were
varied among PPAR members in human and chicken, which
may account for the specific tissue expression and distinct
functions of PPARs. Some of these predicted transcription
factors and their regulatory effects on PPARs are consistent
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Table 2: The common transcription factors predicted in human and in chicken.

Transcription factor Binding sites and position
Chicken (𝛼) Human (𝛼) Chicken (𝛽) Human (𝛽) Chicken (𝛾) Human (𝛾)

Oct-1 TTAT (−205) TGCAT (−50) TTAwTTk (−463) GCTkT (−737) AATAT (−18) AATT (−75)
C/EBP𝛼 TTGA (−62) GTTGC (−302) ACAT (−29) ATCCCA (−23) ACTC (−71) TTGC (−192)
AP-2𝛼 GGGG (−84) GGCyG (−239) GGCT (−108) CCCrG (−65) AGCCTG (−684) GCCTG (−136)
NF-1 TTTTGG (−457) TGGCCA (−127) GCCAA (−140) TGsC (−15) TGCCA (−560) GCCAA (−383)
GR TGTTCT (−137) ACAA (−185) AGAACA (−26) ACAsA (−123) ACAG (−128) AGAAC (−679)
GATA-1 TTAT (−205) GsATT (−51) GCAGA (−312) CwGAT (−175) AGATA (−58) CTTATC (−438)
CREB GTCA (−942) CGTCA (−941) ACrTCA (−432)
SRF GCCwT (−385) TTCCGG (−896) AnATGG (−174)
ICSBP GGAAA (−399) CCCT (−39) GTTT (−42)
Ftz TAAT (−840) TTAATT (−463) TAAwTG (−343)
AP-1 TGAsT (−776) TCAGC (−556) TGACTC (−69)
Sp1 GGAGGG (−12) GrGG (−38) TGGG (−139)
CPE bind CrTCA (−74) TGACGT (−968) CCCC (−876)
CP1 ATTGG (−125) ATTGG (−913) AkTGGT (−401)

Table 3: The number of identical transcription factors among
PPARs in human and in chicken.

Human Chicken
PPAR𝛼 PPAR𝛽 PPAR𝛾 PPAR𝛼 PPAR𝛽 PPAR𝛾

PPAR𝛼 — 18 12 — 15 20
PPAR𝛽 18 — 16 15 — 18
PPAR𝛾 12 16 — 20 18 —

with the previous reports; for example, the transcription fac-
tors AP1 and NF-kB were proved to enhance the expression
of PPAR𝛽 activity [32]. Some of these transcription factors
are also tissue specific, for example, the SP1 expressed in
adenocarcinomas of the stomach [33], CP1 highly expressed
in liver, kidney, and intestine butweakly expressed in adrenals
and in lactating mammary glands [34, 35], and NF-1 detected
in brain, peripheral nerve, lung, colon, and muscle [36], and
so forth. It can be speculated that the variants in the promoter
regions of PPAR𝛼 and PPAR𝛽 result into differential tran-
scription factors binding on them that eventually influence
their expressions and tissues distributions. Additionally, there
are 18 common transcription factors between PPAR𝛽 and
PPAR𝛼, whereas the PPAR𝛾 shared the least amount of com-
mon transcription factorswith the other twomembers, which
may contribute to the similarity in expression characteristics
between PPAR𝛽 and PPAR𝛼.

The miRNA can combine with the target mRNA by base
pair, which leads to degradation or inhibition of the quantity
levels of the target mRNA, thereby regulating gene expres-
sions [37]. The regulation of miRNA on gene expressions is
another path shaping gene expression patterns and biological
processes [38]. In the present study, the miRNAs and their
targets sites in 3 UTR region of PPARs were predicted, and

it was observed that the quantity of miRNAs was obviously
differential in PPAR members. The number of miRNAs
predicted in PPAR𝛼was significantlymore than the other two
members. Moreover, it was worth noticing that most of the
miRNAs were predicted in PPAR𝛼, only a minority of them
predicted in at least two PPAR isotypes; for example, only
miRNA-128 was found in PPAR𝛼 and PPAR𝛾 and miRNA-
9 was found in PPAR𝛼 and PPAR𝛽. These differences may
be correlated with the distinct functions of PPAR isotypes,
and PPAR𝛼 may be regulated by miRNAs in a much more
complex way than the other two PPARs.

5. Conclusions

In the present study, the evolutionary pattern and regulation
characteristics of PPARs were analyzed. The three isotypes
of PPAR gene family may emerge from twice times of gene
duplication events. PPAR𝛾 might be the original ancestor
gene in PPAR gene family. The conserved domains of HOLI
domain and ZnF C4 are essential for keeping basic roles
of PPAR gene family, and the variant domain of LCRs
may be responsible for their divergences in functions. The
positive selection sites in HOLI domain are beneficial for
PPARs to evolve towards diversity functions. The variants
in the promoter regions and 3 UTR of PPARs resulted
into differential transcription factors and miRNAs involved
in regulating PPAR members that may eventually influence
their expressions and tissue distributions.
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Figure 4: The miRNAs predicted and their targets sites in 3 UTR region of PPAR genes in human. (a) PPAR𝛼; (b) PPAR𝛽; (c) PPAR𝛾. The
miRNAs targets sites correspond to the 3 UTR region of PPAR genes. The lower corner is the probability of preferential conservation for
sites.
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The rhizosphere bacterium Azospirillum amazonense associates with plant roots to promote plant growth. Variation in replicon
numbers and rearrangements is common amongAzospirillum strains, and characterization of these naturally occurring differences
can improve our understanding of genome evolution. We performed an in silico comparative genomic analysis to understand the
genomic plasticity ofA. amazonense.The number ofA. amazonense-specific coding sequences was similar when compared with the
six closely related bacteria regarding belonging or not to theAzospirillum genus.Our results suggest that the versatile gene repertoire
found in A. amazonense genome could have been acquired from distantly related bacteria from horizontal transfer. Furthermore,
the identification of coding sequence related to phytohormone production, such as flavin-monooxygenase and aldehyde oxidase, is
likely to represent the tryptophan-dependent TAM pathway for auxin production in this bacterium. Moreover, the presence of the
coding sequence for nitrilase indicates the presence of the alternative route that uses IAN as an intermediate for auxin synthesis, but
it remains to be established whether the IAN pathway is the Trp-independent route. Future investigations are necessary to support
the hypothesis that its genomic structure has evolved to meet the requirement for adaptation to the rhizosphere and interaction
with host plants.

1. Introduction

ThegenusAzospirillum comprises free-living, nitrogen-fixing
bacteria that are known as plant growth-promoting rhi-
zobacteria (PGPR), which can colonize, by adhesion, the
root surface or the intercellular spaces of the host plant
roots. The potential role of the PGPR in association with
economically important cereals and other grasses is to pro-
mote plant growth by several mechanisms including nitrogen
fixation and phytohormone production [1]. Several species
of Azospirillum are able to secrete phytohormones such as
auxins, gibberellins, cytokinins, and nitric oxide as signals of
plant growth promotion [2, 3].

Azospirillum genomes, as previously suggested for vari-
ous strains, are larger and are comprised ofmultiple replicons
indicating a potential for genome plasticity [4]. Genomic

rearrangements can occur spontaneouslywhere replicons can
be lost upon the formation of new megaplasmids [5, 6].
Moreover, genome sequencing of some Azospirillum species
revealed that significant part of the genomehas been horizon-
tally acquired [6]. Up until now, 16 Azospirillum species have
been characterized; however complete genomic sequences of
onlyAzospirillum brasilense,Azospirillum lipoferum,Azospir-
illum sp. B510, and a draft of Azospirillum amazonense
genome have been published [7].

Azospirillum amazonensewas found to be associated with
the roots and rhizosphere of several grasses including sugar-
cane, maize, sorghum, and rice revealing a broad ecological
distribution in Brazil. Studies revealed that A. amazonense
is phylogenetically closer to Rhodospirillum centenum and
Azospirillum irakense than to A. brasilense. Unlike other
Azospirillum strains,A. amazonense can grow in the presence
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of sucrose as sole carbon source and is also better adapted to
soil acidity, which offers the bacterium additional advantages
for colonization of plant root tissue in acid environments [8,
9]. Moreover, A. amazonense genomic analyses revealed the
presence of genes not commonly distributed in otherAzospir-
illum species such as those responsible for the utilization of
salicin as carbon source (similar to A. irakense) and a gene
cluster (RubisCO) implicated in carbon fixation (A. lipoferum
is able to grow autotrophically by means of RubisCO, but the
presence of the genes has not yet been demonstrated) [7].
However, our understanding of phytohormone production in
A. amazonense is still incomplete.

The genomic plasticity of A. amazonense is probably
related to the versatile gene repertoire present in the genome
of this bacterium suggesting that horizontal gene transfer
may have an impact on the adaptation and evolution of
this species. Gene organization and phylogenetic analysis
demonstrated that genes coding for proteins responsible for
the nitrogen fixation process, carbon fixation (RubisCOs),
and molecular hydrogen oxidation (hydrogenases) is more
closely related to Rhizobialesmembers than to related species
[7].

To further examine the importance of A. amazonense
genetic variability, an in silico comparative genomic analysis
using subtractive hybridization was performed using total
coding sequences (CDS) from A. amazonense to compare
with genomes of closely related bacteria. The analysis of
conserved and specificA. amazonense coding sequences indi-
cated features that distinguished A. amazonense from other
Azospirillum species. Furthermore, the specific interesting
features related to phytohormone production may provide
several cues to establish A. amazonense pathways for auxin
biosynthesis.

2. Material and Methods

2.1. Bacteria Selection and Genome Access. We have previ-
ously generated a good quality draft genome sequence of
the A. amazonense Y2 (ATCC 35120) strain [7]. In this
paper, the draft genome sequences were annotated and
analyzed for the presence of specific regions, and during the
BLAST search best-hits were detected with different bacteria,
such as Rhodospirillum, Azospirillum, Bradyrhizobium, and
Caulobacter.

Therefore, theA. amazonense comparative genomic anal-
yses were performed using bacterial genomes including six
species for which publicly closed genomes were available
(Table 1). All genomes were downloaded from NCBI on
January 10, 2013. The accession numbers used in this study
are Azospirillum amazonense Y2 PRJNA73583, PRJNA65263;
Azospirillum sp. B510 projects PRJNA46085, PRJDA32551;
Azospirillum brasilense Sp245 PRJEA162161, PRJEA70627;
Azospirillum lipoferum 4B PRJNA82343, PRJEA50367; Rho-
dospirillum centenum SW project PRJNA58805; Bradyrhi-
zobium japonicum USDA 110 projects PRJNA57599 and
PRJNA17; and Caulobacter segnis ATCC 21756 project
PRJNA41709.

Table 1: General features for the bacteria genomes used in the
comparative analysis.

Bacteria Genome
size

Total number of
CDS

Assembly
reference
number

Azospirillum
amazonense 7,044,835 3,319∗ ASM22599v1

Azospirillum
brasilense 7,530,241 7,557 ASM23736v1

Azospirillum
lipoferum 6,846,400 6,093 ASM28365v1

Azospirillum sp.
B510 7,599,738 6,309 ASM1072v1

Rhodospirillum
centenum 4,355,543 4,003 ASM1618v1

Caulobacter segnis 4,655,622 4,139 ASM9228v1
Bradyrhizobium
japonicum 9,105,828 8,317 ASM1136v1
∗The total number of A. amazonense CDS was published by Sant’Anna et al.
2011 [7].

2.2. Annotation and Subtractive Hybridization. Reannotation
of A. amazonense protein-coding genes was performed with
a following procedure, which consists of two phases: initially
the A. amazonense contigs were compared with the Azospir-
illum sp. B510 genome followed by functional annotation
of each coding sequence (CDS) based on comparison with
known sequences of the other six selected genomes using
the Xbase Annotation Service [10]. All coding sequences
predictions were manually checked for conservation in case
of multiple hits, and only the alignments with best-hit results
were selected from each genome. Information related to
Cluster ofOrthologousGroup andKEGGpathwaywas added
to the annotation using the server for metagenomic analysis
(WebMGA) [11]. Annotation was based on comparison to
protein clusters and on the BLAST results.

The subtractive hybridization using the mGenomeSub-
tractor program [12] was applied to run BLAST searches
of the A. amazonense genome against multiple bacterial
genomes for in silico comparative genomic analyses in order
to characterize the unique sequences of A. amazonense.
Proteins possibly related to phytohormones were analyzed in
theArabidopsisHormoneDatabase (AHD) [13], and proteins
with homology (𝐻) values more than 0.1 were arbitrarily
defined as conserved coding sequences.

3. Results and Discussion

3.1. Comparative Analyses and Specific Protein Coding
Sequences. The draft genome sequence of A. amazonense
consists of 7,044,835 bp with 3,319 predicted coding
sequences (CDS) where 2,299 have similarity with genes with
known functions and 1,020 codes for hypothetical proteins
or proteins of unknown function [7]. Although the estimated
coverage of the genome was 35x, the number of predicted
coding sequences was lower when compared with the other
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species of Azospirillum where the total number of coding
sequences ranges from 6,093 to 7,557 (Table 1).

In order to clarify the genomic coding sequences
content of A. amazonense, two alternative comparative
approaches using the Xbase Annotation Service were
performed. Initially, to assess the coverage of the predicted
gene repertoires a BLAST search was performed with
only the Azospirillum sp. B510 genome. The total number
of predicted protein-coding genes was 5,496 of which
2,165 were annotated as proteins of unknown function
or hypothetical proteins. These numbers are similar to
what is found in A. lipoferum and Azospirillum sp. B510
(Table 1). These results including the 5,496 sequences can be
accessed using the http://www.xbase.ac.uk/annotation/
results/rWn50Rn6LVRucf55SWfsvHfoqdpmd655/.

The second approach used an A. amazonense-vs-all (six
selected genomes) BLAST to examine the overall similarity
of the A. amazonense genome with closely related bacteria,
and the results are shown in Table 2. The whole-genome
comparisons revealed that the number of coding sequences
found to be conserved and characterized as best-hits varied
in each bacterium, from 3,126 (present in Azospirillum sp.
B510) and 1,508 (present in Rhodospirillum centenum) to
2,846 (present in R. centenum) and 440 proteins (present in
A. lipoferum), respectively. It is important to point out that
the majority of the orthologs showing best-hit results were
found with the R. centenum genome supporting previous
suggestions of a close evolutionary relationship between
A. amazonense and R. centenum [7, 14]. Interestingly, the
number of coding sequences with best-hits orthologs found
in the otherAzospirillum species is almost equivalent to those
found in the genome of bacteria from other genera, such as
Bradyrhizobium japonicum and Caulobacter segnis (Table 2).

These unexpected results may support previous reports
related with the genome repertoire of A. amazonense where
horizontal gene transfer may be one of several events that
result in an intragenera genomic plasticity. Phylogenetic
analysis indicated the close relationship of theA. amazonense
enzymes encoded by the gene cluster related to carbon
fixation (RubisCo) and by genes related to nitrogen fixation
(nif ) processes with those from some species of the order
Rhizobiales. Moreover, some features, such as the genetic
organization of the carbon-fixation cluster and of the nif
cluster of A. amazonense, are similar to the homolog cluster
of the Bradyrhizobium species [7].

In conclusion, from the total 5,496 CDS found in the
A. amazonense genome approximately half of the coding
sequences have an ortholog in other closely related bacteria.
However, using this methodology’s numbers varying from
2,370 to 2,650 CDS showed lower degrees of similarity (𝐸
value > 10−10) with coding sequences present in the genome
of the compared bacteria.

Comparative genomic analysis using in silico subtractive
hybridization allowed searching for specific proteins of the
A. amazonense genome against multiple closely related bac-
terial genomes. Therefore, to determine the possible differ-
ences between the A. amazonense genome and each of the
selected six closely related genomes, an in silico subtractive

Table 2: Predicted distribution of coding sequences (CDS) in A.
amazonense draft genome and in the complete genome of other
bacteria.

Comparisons Conserved CDS Specific
CDSBest-hits Total number

A. a. versus Azospirillum
brasilense 583 3,031 2,465

A. a. versus Azospirillum
lipoferum 440 3,084 2,412

A. a. versus Azospirillum
sp. B510 533 3,126 2,370

A. a. versus
Rhodospirillum
centenum

1,508 2,846 2,650

A. a. versus Caulobacter
segnis 711 2,852 2,644

A. a. versus
Bradyrhizobium
japonicum

632 2,970 2,526

A. a.: Azospirillum amazonense.
Protein coding sequences with 𝐸 value >10-10 were considered specific CDS
(using the Xbase Annotation Service).
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Figure 1: Histogram distribution of predicted proteins in A. ama-
zonense compared with six closely related genomes using BLASTP-
based homology value (𝐻 value). The𝐻-value reflects the degree of
similarity in terms of length of match and the degree of identity at
amino acid level between the matching CDS in the subject genome
and the query CDS examined with 𝐸 value > 10−8.

hybridization technique was applied. The histogram of 𝐻-
values (Figure 1) was used to set the cutoff to discrimi-
nate between A. amazonense-specific and conserved coding
sequences. Proteins with homology (𝐻) values of less than
0.42 and more than 0.64 were arbitrarily defined as specific
and conserved coding sequences, respectively [12].This cutoff
value was proposed by Shao et al. [12] and has been used
in comparative genomic analyses to differentiate strains of
pseudomonads [12, 15] or to compare genomes of species
from the genus Erwinia [16].
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Table 3: Numbers of specific proteins for A. amazonense genome
against six closely related genomes.

Comparisons
A. amazonense

Specific
CDS

Conserved
CDS

Other
CDS

Azospirillum brasilense 3,689 948 859
Azospirillum lipoferum 3,606 746 1,144
Azospirillum sp. B510 3,571 793 1,132
Rhodospirillum centenum 3,697 770 1,029
Caulobacter segnis 4,043 382 1,071
Bradyrhizobium japonicum 3,880 317 1,299
The in silico subtractive hybridization analysis was performed with A.
amazonense total coding sequences (CDS) against the proteins from the six
genomes.
Proteins with homology (𝐻) value less than 0.42 and more than 0.64 were
arbitrarily defined as specific and conserved CDS, respectively, and other
CDS were defined with𝐻 values between 0.42 and 0.64.

The subtractive hybridization approach revealed different
profiles in gene number of specific and conserved proteins for
the A. amazonense genome against the six others (Table 3).
The number of proteins found to be conserved varied in each
bacterium, from 948 CDS in A. lipoferum to 317 CDS in
B. japonicum. Interestingly, the number of A. amazonense-
specific proteins was similar when compared with the six
bacteria varying from 4,043 (C. segnis) to 3,571 (Azospirillum
sp. B510). Moreover, the specific proteins vary among the
Azospirillum genomes analyzed from 3,571 to 3,689 only,
indicating that these coding sequences are unique to the
A. amazonense genome. Analyses of Figure 1 show that the
majority of specific proteins in A. amazonense have 𝐻-
values less than 0.1, suggesting that Azospirillum species
are evolutionally diverse. This is consistent with previous
studies that had proposed that some regions of the genome
of Azospirillum species were acquired from distantly related
bacteria from horizontal transfer [6].

To further characterize the global profile of A. ama-
zonense-specific coding sequences, an in silico subtractive
hybridization comparative analysis was performed with total
A. amazonense putative coding sequences versus all six
genomes, simultaneously. A total of 142 conserved CDS
and 2,483 specific CDS were identified (see Supplemen-
tary Table 1 in Supplementary Material available online at
http://dx.doi.org/10.1155/2014/898592). For function classifi-
cation and pathway assignment, all specific and conserved A.
amazonense coding sequences were classified to 20 different
functional classes based on Clusters of Orthologous Groups
(COG) (Table 4). The comparison of the A. amazonense
genome and the other six available closely related genomes
with regard to the functional category revealed that 1,196
specific CDS from A. amazonense were distributed among
the different classes of orthologous clusters and that 1,287
specific CDS were unclassified being considered hypothetical
products.

Table 4: Protein categories encoded by A. amazonense specific and
conserved genes identified by in silico subtractive hybridization.

CDS assigned function∗ Specific
CDS

Conserved
CDS

Transcription 143 11
Signal transduction mechanisms 137 5
Inorganic ion transport and metabolism 111 1
Carbohydrate transport and metabolism 101 4
Cell wall/membrane/envelope biogenesis 94 1
Amino acid transport and metabolism 86 19
Energy production and conversion 49 27
Secondary metabolites biosynthesis,
transport, and catabolism 47 3

Cell motility 44 0
Coenzyme transport and metabolism 41 4
Lipid transport and metabolism 41 10
Intracellular trafficking, secretion, and
vesicular transport 37 1

Defense mechanisms 34 0
Replication, recombination, and repair 33 3
Posttranslational modification, protein
turnover, and chaperones 27 16

Translation, ribosomal structure, and
biogenesis 14 27

Nucleotide transport and metabolism 12 12
Cell cycle control, cell division, and
chromosome partitioning 4 1

RNA processing and modification 2 0
General function prediction only or
function unknown 352 11

Proteins with homology (𝐻) value less than 0.42 and more than 0.64 were
arbitrarily defined as specific and conserved CDS, respectively.
∗CDS assigned functionwas based on the COGs according to BLAST search.

Detailed analysis of theA. amazonense-specificCDS from
Table 4 (and Supplementary Table 1) indicates special atten-
tion to the coding sequences classified in the Signal Trans-
duction Mechanisms and Secondary Metabolites Biosynthe-
sis, Transport and Catabolism functional class. Among the
137 CDS classified in the Signal Transduction Mechanisms
functional category, there were protein coding sequences
similar to cytokinins (ZP 08868173.1, ZP 08868457.1) and
ethylene response (ZP 08867667.1) that could be related to
phytohormone production (Supplementary Table 1). In par-
ticular, we have paid attention to a coding sequence related
to lysine/ornithine N-monooxygenase (ZP 08869952.1) sim-
ilar to flavin-containing monooxygenase from Arabidopsis
thaliana (YUCCA9) involved in auxin synthesis in plants
[17, 18] found in the Secondary Metabolites Biosynthesis,
Transport and Catabolism functional class (Supplementary
Table 1).Therefore, to better understand the auxin biosynthe-
sis pathways in A. amazonense, studies attempting to define
coding sequence related to phytohormone production were
performed.
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3.2. Phytohormone Production Related Sequences. The im-
provement of plant growth upon Azospirillum inoculation is
attributed, as one of many factors, to the production of auxin
by these bacteria [19]. Indole-3-acetic acid (IAA) is consid-
ered the most important auxin implicated in different aspects
of plant growth. In bacteria, the two most common routes
for indole-3-acetic acid biosynthesis are the IAM (indole-3-
acetamide) and the IPyA (indole-3-pyruvate) pathways [20].
However, in A. brasilense, besides these two tryptophan-
dependent pathways, an additional tryptophan-independent
pathway was identified [21].

Similar to other Azospirillum species, A. amazonense,
as typical plant-growth promoting rhizobacteria, stimulate
root proliferation [22, 23]. However, genes responsible for
biosynthesis and secretion of phytohormones are poorly
described in this species. Previous works on A. amazonense
genome sequence and annotation were unable to localize
genes related to the IAM or IPyA pathways (iaaM, iaaH, and
ipdC) and were able to identify only the presence of a coding
sequence similar to nitrilases responsible for the conversion
of indole 3-acetonitrile (IAN) to IAA in plants [7]. Therefore,
the presence of coding sequences homologous to nitrilase and
to flavin-containing monooxygenase (this paper) suggests
that A. amazonense could use alternative pathways closely
related to those found in plants.

Biosynthetic pathways for IAA have been fully inves-
tigated and tryptophan-dependent and Trp-independent
routes have been studied [20, 24, 25]. Although genes
coding for proteins related to the bacterial common routes
IAM (indole-3-acetamide route) and IPyA (indole-3-pyruvic
route) was not found in theA. amazonense genome, the iden-
tification of flavin-monooxygenase and nitrilase enzymes
suggests the presence of the TAM (tryptamine route) and
IAN (indole-3-acetamide route) pathways for IAA synthesis
in this bacterium (Figure 2). It is well known that nitrilases
in plants (maize and Arabidopsis thaliana) and also in
Bacillus amyloliquefaciens were shown to hydrolyze indole-
3-acetonitrile (IAN) to IAA [25, 26]. Moreover, evidence for
the IANandTAMpathways has been reported inA. brasilense
[21].

Aiming to unveil the IAA pathways in A. amazonense,
a search for other enzymes involving the TAM pathway was
performed. The genome of A. amazonense contains an alde-
hyde oxidase-coding sequence (WP 004273557) homolog
(query cover 91%; 33% identity; 𝐸 value 𝑒 − 99) to the A.
thaliana AAO1 gene (AED92912) that is capable of oxidiz-
ing indole-3-acetaldehyde to indole-3-acetic acid with high
efficiency [27].Therefore, oxidation of indole-3-acetaldehyde
by A. amazonense aldehyde oxidase is likely to represent the
TAM route transforming indole-3-acetaldehyde (IAAld) to
produce IAA phytohormone in this bacterium (Figure 2).
To conclude, A. amazonense appears to possess only one
regulated Trp-dependent route for IAA synthesis, the TAM
pathway, while A. brasilense possesses two differently reg-
ulated routes, namely, the IPyA and the TAM pathways
[21]. Furthermore, the alternative route that uses IAN as an
intermediate, the IAN pathway, appears to be present in both
species, but it remains to be established whether the IAN
pathway is the Trp-independent route.

Tryptophan

Indole-3-acetic acid (IAA)

Tryptamine
(TAM)

Indole-3-acetaldehyde
(IAAld)

Tryptophan
decarboxylase

Flavin

Indole-3-acetonitrile
(IAN)

?

?

?

Indole or
indole-3-glycerol phosphate

monooxygenase∗

Aldehyde oxidase∗ Nitrilase∗

Indole-3-acetaldoxime

Figure 2: A. amazonense pathways of IAA biosynthesis. Tryp-
tophan-dependent pathways or tryptophan-independent pathways
(starting from indole or indole-3-glycerol phosphate) are indicated
based on routes found in plants and bacteria. Enzymes indicated
with an asterisk have been identified in A. amazonense, and routes
indicated as dotted lines indicated that the precursor of IANmay or
may not be tryptophan.

To further understand the phytohormone biosynthesis
pathway in A. amazonense, an in silico comparative anal-
ysis was performed with total coding sequences from A.
amazonense versus all proteins deposited in the Arabidopsis
Hormone Database. Furthermore, the comparative analysis
was also performed with coding sequences in the auxin
response transcriptome data of A. brasilense [28]. A total
of 54 A. amazonense CDS revealed similarity with proteins
related to hormone production in plants and bacterial auxin
signal transduction pathways (Supplementary Table 1). The
presence of these coding sequences suggests that IAA could
be a signal that alters gene expression in A. amazonense
similar to that found in A. brasilense [28]. Moreover, the
genome ofA. amazonense has coding sequences that could be
related to other hormone pathways similar to those described
for other Azospirillum species [19, 21].

Another beneficial effect provided by the association of
soil bacteria with plants could be due to the plant hormone
ethylene, which can inhibit plant growth by regulating
several developmental aspects [29]. Similar to other plant
growth-promoting rhizobacteria, a coding sequence homol-
ogous to 1-aminocyclopropane-1-carboxylate (ACC) deami-
nase (WP 004272971.1) has been identified in the A. amazo-
nense genome. Previous reports have suggested that A. ama-
zonense can stimulate plant growth by producing or metab-
olizing plant hormones and the presence of ACC deaminase
which can hydrolyze ACC, the immediate precursor of the
plant hormone ethylene, could be involved by lowering the
plant ethylene levels and increasing plant growth. Moreover,
the identification of the octaprenyl diphosphate synthase
enzyme (ZP 08868744) could be related to cytokinin biosyn-
thesis by a known hormone that affects plant growth and
yield. Although the auxin hormone is considered a major
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class of hormones regulating plant growth, cytokinins or
ethylene-related phytohormones could interact with auxin
leading to root system development.

In conclusion, it appears that the rhizosphere bac-
terium A. amazonense is able to produce IAA through the
tryptamine and indole-3-acetonitrile pathways and similar
to A. brasilense could alter gene expression in response to
the presence of auxin. Moreover, the role as plant-growth-
promoting bacteria could be related to IAA production or to
its ability to metabolize the ethylene precursor (ACC) and
thereby increases the growth of the root system. Further-
more, the multiple genome comparison performed with A.
amazonense and closely related bacteria supports previous
evidence concerning A. amazonense genomic versatility and
that several genes could have been acquired from distantly
related bacteria [6]. Future investigation of A. amazonense is
necessary to support the hypothesis that its genomic struc-
tures have evolved to meet the requirements for adaptation
to the rhizosphere and interaction with host plants.
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In recent years, with the development of automated microscopy technologies, the volume and complexity of image data on gene
expression have increased tremendously. The only way to analyze quantitatively and comprehensively such biological data is by
developing and applying new sophisticatedmathematical approaches. Here, we present extensions of 2D singular spectrum analysis
(2D-SSA) for application to 2D and 3D datasets of embryo images. These extensions, circular and shaped 2D-SSA, are applied to
gene expression in the nuclear layer just under the surface of the Drosophila (fruit fly) embryo. We consider the commonly used
cylindrical projection of the ellipsoidal Drosophila embryo. We demonstrate how circular and shaped versions of 2D-SSA help to
decompose expression data into identifiable components (such as trend and noise), as well as separating signals from different
genes. Detection and improvement of under- and overcorrection in multichannel imaging is addressed, as well as the extraction
and analysis of 3D features in 3D gene expression patterns.

1. Introduction

While the availability of genome sequences has drasti-
cally revolutionized biological and biomedical research, our
understanding of how genes encode regulatory mechanisms
is still limited. Embryonic development depends critically on
such regulatory mechanisms in order for cells to differentiate
in the correct positions and at the correct times. Global
understanding of gene regulation in development requires
determining at cellular resolution in vivo when and where
each gene is expressed. New dynamic, cellular resolution
atlases will address the question of how gene transcription
factors influence expression patterning [1].

With the development of automated microscopy tech-
nologies in recent years the volume and complexity of image
data have increased to the level that it is no longer feasible
to extract information without using computational tools.
Biologists increasingly rely on computer scientists to come
up with new solutions and software [2]. Such computational
tools have been essential for processing the images generated

by high-throughput microscopy of large numbers and vari-
eties of biological samples under a variety of conditions.
Recent advances in labeling, imaging, and computational
image analysis are allowing quantitative measurements to be
made more readily and in much greater detail in a range of
organisms (e.g., Arabidopsis, Ciona, Drosophila, C. elegans,
mice, Platynereis, and zebrafish) [1, 3–6]. In particular,
imaging of single intact small organisms, like Drosophila
and C. elegans, is now feasible with high resolution in two
dimensions, three dimensions, and across time, resulting
in massive image data sets available for comprehensive
computational analysis.

These large-scale quantitative data sets provide new
insights to address many fundamental questions in develop-
mental biology. The initial inputs for deriving quantitative
information of gene expression and embryonic morphology
are usually raw image data of stained fluorescent markers
in fixed material. These raw image sets are then analyzed
by computational algorithms that extract features such as
cell location, cell shape, and gene product concentration.
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(a) (b)

(c) (d)

Figure 1: An example of overcorrection in gene expression data causing the subtraction of the reference gene pattern (the seven-striped ftz
and eve patterns; dark magenta) from the pattern under study (hb and Kr gene products (transcription factors); light blue). Visualization by
PointCloudXplore tools [7], BDTNP embryos hb “v5-s11512-2oc06-25” ((a) and (c)), Kr “v5-s12169-24oc07-22” ((b) and (d)); (c) is the
same as (a) with added ftz; (d) is the same as (b) with added eve.

Figure 2: An example of undercorrection, in which the periodic
reference gene pattern (eve; dark magenta) adds periodicity to
the nonperiodic pattern under study (sna gene product; yellow).
Visualization by PointCloudXplore. Embryo “v5-s10531-28fe05-
07.”

Ultimately, the most powerful way to analyze 3D spatial data
in biology is by developing and applying new sophisticated
mathematical approaches, allowing for the rigorous compar-
ison of multiple quantitative features [8, 9].

In this publication, we introduce new computational
tools to analyze gene patterning for three spatial dimension
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Figure 3: hb and ftz: original images of the “unrolled” cylindrical
surface; the top values are a direct continuation of bottom values.

datasets, applied to earlyDrosophila embryos.These tools are
an extension of two-dimensional singular spectrum analysis
(2D-SSA).
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Figure 4: hb: the original image and the elementary components extracted by circular 2D-SSA.The original image and the leading component
(F1) are colour-mapped according to themin andmax expression levels. Formore contrast, the remaining components are depicted in a binary
format, with positive values in beige and negative values in purple.

Introduction to the Method. Singular spectrum analysis [10–
15] was originally suggested as a method for decomposition
of time series into a sum of identifiable components such
as trend (or pattern), oscillations, and noise. One advantage
of this method is that it does not need a noise model to
be given a priori. We decompose the data series into a
set of elementary series, analyze them, choose appropriate
components, and finally sum the identifiable components
together in classes. As an example, selection of smooth
components can produce adaptive smoothing. SSA is very
useful for exploratory analysis since the method can deal
with modulated noise, that is, noise that can depend on trend
values (e.g., has a multiplicative nature).

Recently SSA was extended for analysis of two-
dimensional objects (2D-SSA), for example, digital images
[16, 17]. Decomposition of images is more complicated
compared to time series analysis due to variability of 2D
patterns. But methods which are easily controlled and
adaptive, such as 2D-SSA, can have broad applicability.

2D-SSA has much in common with the 2D-ESPRIT
method (see [18]), which is based on the parametric form
of images and has many applications. 2D-SSA and related
subspace-based methods are applied in texture analysis [19],
seismology [20], spatial gene expression data [21], and medi-
cal imaging [22].

The paper [23] applied 2D-SSA to the analysis of dig-
ital terrains in geology and demonstrated that 2D-SSA is
a useful tool for analyzing different levels of details in surface
data. Later, based on the theory given in [17], 2D-SSA was
applied to gene expression data to separate nuclear noise from
expression trend [21].

The papers [24, 25] present extensions of 2D-SSA which
increase the range of SSA applications. In the present paper,
we demonstrate how these extensions can be applied to
analyzing gene expression data.

This paper is structured as follows. Section 2 describes the
data sets which were analyzed. Section 3 describes the new
methodology, and Sections 4 and 5 demonstrate the approach
on several examples.

The new approaches described here, circular and shaped
2D-SSA, are particulary applicable to cylindrical surfaces
(as used for Drosophila embryos), to avoid edge effects
and patterns of irregular shape. For example, the area of
good quality data in an image (e.g., without oversaturation)
can be nonrectangular and even have gaps. Also, since the
planar projection of a Drosophila embryo is nearly ellip-
tical, the ability to analyze nonrectangular shapes can be
useful.

Section 4 deals with the problem of detection and
improvement of under- and overcorrection in multichannel
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Figure 5: ftz: original image, F1 with the background; the remaining elementary components are depicted in a binary format.

hb [−0.00032, 0.00031]
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Figure 6: hb (a) and ftz (b): reconstruction from the main striped components 5 and 6 for the hb analysis, 2 and 3 for the ftz analysis. The
stripes are out of phase for hb and ftz.

imaging, while Section 5 considers the problem of analysis of
stripe shapes for the even skipped gene. Section 6 contains a
short discussion and conclusions.

2. Materials

Data are taken from the Berkeley Drosophila Transcrip-
tion Network Project (BDTNP) [4], which contains three-
dimensional (3D) measurements of relative mRNA concen-

tration for 95 genes in early development (including snail
(sna)) and the protein expression patterns for four genes
(bicoid, giant, hunchback (hb), and Krüppel (Kr)) during
nuclear cleavage cycles 13 (C13) and 14 (C14A). BDTNP
Release 2 contains individual datasets (PointCloud files) for
2830 embryos (http://bdtnp.lbl.gov/Fly-Net/bioimaging.jsp).
These data were registered to the coordinates of 6078 nuclei
on the embryo cortex and presented as an integrated dataset
(VirtualEmbryo file, with tools for visualization and analysis).
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Figure 7: hb (a) and ftz (b): reconstruction from all striped components.
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Figure 8: hb ((a) to (d)): original image, unstriped pattern, stripes, and residual noise.
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Figure 9: Kr and eve: original images.

Embryos were fixed and fluorescently stained to label the
mRNA expression patterns of two genes plus nuclear DNA.
One of the genes stained was either even skipped (eve) or

fushi tarazu (ftz), which were used as fiduciary markers for
subsequent spatial registration.

3. Methods

3.1. 2D Singular Spectrum Analysis. We will follow the com-
mon structure of 2D-SSA algorithms described in [24, 25].
This common structure consists of embedding, decompo-
sition, grouping, and reconstruction steps. Input for a 2D-
SSA algorithm consists of an image X and the shape of a
moving window (which is the main algorithm parameter).
The output of a 2D-SSA algorithm is the decomposition ofX
into identifiable components of the formX = X

1
+ ⋅ ⋅ ⋅ +X

𝑠
.

Common Scheme of SSA-Like Algorithms

(1) Embedding Step. Construction of the trajectory matrix
X = T(X) ∈ H, where H is a space of structured
Hankel-like matrices. The structure of the matrix X (and
the space H) depends on the algorithm modification and on
the moving window. Generally speaking, the columns of the
trajectory matrix consist of the windows moving along the
image, transformed to vectors by a fixed order of window
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Figure 10: Kr gene expression, with circular 2D-SSA decomposition: original image and elementary components. As with Figures 11 and
10, the original image and leading component (F1) are colour-mapped according to min and max expression levels. For more contrast, the
remaining components are depicted purple and beige.

elements. In a sense, the window size reflects the resolution
of the method; that is, larger windows lead to more detailed
decompositions.

(2) Decomposition Step. Singular value decomposition (SVD)
of the trajectory matrix X = ∑𝑑

𝑖=1
√𝜆
𝑖
𝑈
𝑖
𝑉
⊤

𝑖
= ∑
𝑑

𝑖=1
X
𝑖
. Here

(√𝜆
𝑖
, 𝑈
𝑖
, 𝑉
𝑖
) are so-called eigentriples (abbreviated as ET) and

consist of singular values, left and right singular vectors of
X. The eigenvectors can be transformed back to the window
form.Thismeans that we can consider eigenvectors as images
and call them eigenimages.

(3) Grouping Step. Partition {1, . . . , 𝑑} = ∐𝑠
𝑗=1
𝐼
𝑗
and grouping

of summands in the SVD decomposition to obtain a grouped
matrix decomposition X = ∑𝑠

𝑗=1
X
𝐼𝑗
, where X

𝐼
= ∑
𝑘∈𝐼

X
𝑘
.

The grouping with 𝐼
𝑗
= {𝑗} is called elementary. The aim

of this step is to group the SVD components to obtain an
interpretable decomposition of the initial object. This can be
performed by means of analysis of eigentriples.

(4) Reconstruction Step. Decomposition of the initial image
X = X

1
+⋅ ⋅ ⋅+X

𝑠
, whereX

𝑗
= T−1H(X

𝐼𝑗
);H is the operator

of projection on the space H (e.g., hankelization in the 1D
case);H(X

𝐼
) = ∑
𝑖∈𝐼

H(X
𝑖
) holds.

Let us explain the sense of the embedding operator T
for the 1D case, since it is simpler and demonstrates the

general methodology. For a one-dimensional series X =

(𝑥
1
, . . . , 𝑥

𝑁
), we take moving 1D windows of length 𝐿 and

construct the columns of the trajectory matrix in the forms
𝑋
1
= (𝑥
1
, . . . , 𝑥

𝐿
)
T, 𝑋
2
= (𝑥
2
, . . . , 𝑥

𝐿+1
)
T, and so on. From

these𝐾 = 𝑁−𝐿+1 lagged vectors we gather a Hankel matrix
with equal numbers on antidiagonals called the trajectory
matrix

TSSA (X) =(

𝑥
1
𝑥
2
𝑥
3
⋅ ⋅ ⋅ 𝑥

𝐾

𝑥
2
𝑥
3
𝑥
4
⋅ ⋅ ⋅ 𝑥
𝐾+1

𝑥
3
𝑥
4
𝑥
5
⋅ ⋅ ⋅ 𝑥
𝐾+2

.

.

.

.

.

.

.

.

. d
.
.
.

𝑥
𝐿
𝑥
𝐿+1
𝑥
𝐿+2
⋅ ⋅ ⋅ 𝑥

𝑁

). (1)

It is well known that Hankel matrices are related to
series which consist of sums of products of polynomials,
exponentials, and sine waves and the problem is to separate
this sum into addends. If we can separate exponential and
polynomial approximations from the residual, then we can
extract trends and patterns. If we are able to separate sine
waves with different frequencies, then we can construct
a decomposition on components with different frequency
ranges.

The singular value decomposition (SVD) of the trajectory
matrix constructs a sequence of elementary matrices, which
provides the best approximations of the initial matrix and,
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Figure 11: eve gene expression, with circular 2D-SSA decomposition: original image and elementary components.

Kr [−0.00019, 0.00023]

(a)

eve [−370, 520]

(b)

Figure 12:Kr and eve: reconstruction with stripe components, from theKr image (a) and from the eve image (b).The frequencies correspond,
but are out-of-phase, indicating overcorrection in the unmixing algorithm.

in a sense, of the initial series: X
1
, X
1
+ X
2
, and so on.

Thus, we obtain the optimal decomposition, which is adaptive
to the initial series. Note that the maximal number of the
decomposition elements is equal to min(𝐿, 𝐾). SSA theory
explains why we can group the elementary components in
the SVD expansion to solve such problems as, for example,
smooth approximation and extraction of regular oscillations.

After a proper grouping, we obtain a matrix X
𝐼
, which is

close to a Hankel matrix, but not exactly Hankel. We can find

the Hankel matrix closest to X
𝐼
= {𝑦
𝑖𝑗
} by hankelization, that

is, by averaging values by antidiagonals. Thus, we obtain the
series consisting of 𝑦

11
, (𝑦
12
+ 𝑦
21
)/2, (𝑦

13
+ 𝑦
22
+ 𝑦
31
)/3, and

so on.Themth term is determined as∑
𝑖,𝑗∈A𝑚
𝑦
𝑖𝑗
/|A
𝑚
|, where

A
𝑚
= {𝑖, 𝑗 : 1 ≤ 𝑖 ≤ 𝐿, 1 ≤ 𝑗 ≤ 𝐾, 𝑖 + 𝑗 = 𝑚 + 1}.
The role of 𝐿 is as follows. Small 𝐿 provides a decomposi-

tion to a small number of components, which mostly differ
by frequency, and where the leading components present
slowly varying series like the trend. Larger 𝐿 leads to more
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Figure 13: Kr: processing of the Kr expression image by circular 2D-SSA. ((a) to (d)): original image, pattern components (numbers 1–8),
stripes (components 9, 10, 13, 15, 20, 25), and residual noise.

Original

(a)
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(b)

Strips

(c)

Figure 14: sna image, area 1, strong expression zone. ((a) to (c)): original image, reconstruction without stripes, and stripe components from
the eve marker.

detailed decomposition. This gives more chance to extract a
component; however, some components can mix. Therefore,
if the data series has a trend with a complex form or has
periodicities with complexmodulation, then window lengths
should be moderate.

These generalities also hold for the case of 2D-SSA.
In practice, the difference between 1D and 2D is in the
construction of the trajectory matrices, which are quasi-
Hankel, in particular Hankel-block-Hankel. The moving
window is two-dimensional, for example, a rectangle. In
this paper, we introduce circular SSA, for treating rectangles
with periodic boundary conditions, for example, data sets
on cylindrical geometries. Small window size corresponds to
smoothing. We can take into consideration the structure of
the image in different directions by choosing different sizes
in different directions. The trajectory matrix is constructed
from vectorized windows of arbitrary shape moving within
the whole image (including circular domains, for periodic
boundary conditions).

3.2. Particular Cases. For a rectangular image, with a rect-
angular window which moves within the image boundaries,

we obtain the standard 2D-SSAmethod. If the image and the
window are of arbitrary shape, the shaped version of 2D-SSA
is applied [25]. If the window can cross the boundary of the
image, we obtain a circular version of 2D-SSA.

For example, let us take an image (a matrix in the
mathematical sense)

X = (

1 2 3

4 5 6

7 8 9

) (2)

and the window of size 2×2.Then we have a set of 4 windows
in the ordinary version, ( 1 2

4 5
), ( 2 3
5 6
), ( 4 5
7 8
), and ( 5 6

8 9
), and two

additional windows, ( 7 8
1 2
), ( 8 9
2 3
), in the circular case. For the

circular case, the trajectory matrix will have the form

X = (

1 2 4 5 7 8

2 3 5 6 8 9

4 5 7 8 1 2

5 6 8 9 2 3

) . (3)

One can see that the 2D trajectory matrix consists of
trajectory matrices from each matrix’s row.
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Figure 15: sna image, area 2, weak expression zone. ((a) to (d)): original image, reconstruction without stripes, and stripe components.

3.3. Choice of Parameters, Separability, and Component Iden-
tification. Approach to the choice of window size for one-
dimensional time series is thoroughly described in [13, 26].
Recommendations for 2D objects are more complicated.
For extraction of so-called objects of finite rank (sums of
products of polynomials, exponentials, and sinusoids), which
satisfy linear recurrence relations (LRRs), windows should
be large, up to half of the object size. However, real-world
patterns usually have complex form and satisfy LRRs only
approximately and locally. The window needs to agree with
this local character. In particular, sine waves are exactly
governed by an LRR. However, if a 2D-sine wave has a slowly
changing location, then only its local parts satisfy an LRR.The
window sizes need to be in accordance with the scale of this
locality. Choice of window size is always a balance between
the local and the global scales of the data.

Generally, SSA can separate smooth patterns from noise
for a wide variety of patterns. For regular patterns, 2D-
SSA can be applied whether the pattern varies smoothly
or sharply. However, if the pattern is not regular, variation
needs to be smooth in order to use 2D-SSA for signal
separation. Irregular pattern with sharp variation is poorly
separated by 2D-SSA. If, however, the sharp change occurs
in narrow area, this can be cut out, and the remaining data
analyzed by shaped SSA, which is a version of 2D-SSA with a
nonrectangular shape of the image or the window.

Elementary components are grouped based on their
similarity to the data components being extracted. For regular
components like sine waves, the number of elementary
components can be calculated from theory. Also, patterns
usually have a limited frequency range (usually lacking
high frequencies). In general, therefore, leading elementary
components with the appropriate frequency characteristics
are ascribed to pattern.

In this paper we show how 2D-SSA can be used to remove
noise, to separate regular oscillations from slowly varying
patterns (for correcting erroneous unmixing procedures),
and to extract stripes for their further analysis. Shaped SSA
allows for the analysis of complex patterns by splitting images
into several parts.

Drosophila early gene expression (before the midblas-
tula transition) produces smooth and simple patterns suitable
for 2D-SSA processing. A number of web resources have
such datasets (BDTNP BID [4], Fly-FISH http://fly-fish.ccbr
.utoronto.ca [27], FlyEx http://urchin.spbcas.ru/flyex [28];
see also [29, 30]). Shaped SSA can also be useful for a
common subset of this data, in which patterns fall sharply to
zero. In these cases, subregions can be excised or analyzed
separately from the whole image. The gene sna is a typical
Drosophila example seen in the BDTNP BID; such compact
patterns are also seen in other experimental organisms, such
as the nine zebrafish genes [31]. We expect 2D-SSA and
shaped SSA to therefore have broad applicability to image
processing in developmental biology.

The problem of unmixing expression patterns from two
different genes in one image [32] requires additional con-
ditions. Specifically, information is needed on the unmixed
expression of each gene (i.e., data from one gene in the
absence of the other gene). If the two genes have slowly
varying patterns, they cannot readily be separated by SSA. In
such cases, SSA cannot be used to detect or correct errors in
mixed images.However, SSA is an effective unmixingmethod
for cases in which one gene has an approximately regular
structure, and this differs from the structure of the other gene.
In this paper, we apply SSA to signal unmixing and image
correction for such cases from Drosophila data.

3.4.Data Preprocessing. Initially, the data for 2D-SSAanalysis
should be measured on a regular grid. Data for gene expres-
sion are measured at nuclei, which are not regularly located
on a 3D surface of embryo (which is roughly ellipsoidal in
shape). The first step of preprocessing is a cylindrical projec-
tion of the data (centred on themajor axis of the ellipsoid; the
major axis of the embryo is found by principal component
analysis). We then interpolate the data to a regular grid on
this cylinder. We analyze a central region of the cylinder, in
order to avoid corruptions near the poles from the ellipsoid
to cylinder transformation. After 2D-SSA decomposition, we
interpolated the data back onto the nuclear centers. This
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Figure 16: sna, combined image (both zones from Figures 14 and
15). ((a) to (d)): original image, reconstruction without stripes, and
the difference. BDTNP embryo v5-s10531-28fe05-07.pce.

interpolation is performed for smooth components; residuals
are calculated as the difference between the initial data and
interpolated smooth components.

Interpolation involves Delaunay triangulation followed
by linear interpolation of nuclear centers to the triangulation.

3.5. Implementation. The algorithms are implemented in the
Rssa and BioSSA packages in R. Rssa is a general-purpose
package containing effective implementation of singular
spectrum analysis and its 2D extensions. 2D-SSA algorithms
are time- and memory-consuming and therefore it is very
important to have an effective implementation. A description
of Rssa with examples can be found in [24, 33]. The R-
package BioSSA is an addition to Rssa for application to
fly embryo gene expressions data and is briefly described at
http://biossa.github.io/.

4. Periodic Patterns Produced by
Unmixing Algorithms

Different emission spectra for fluorescent probes allows for
the simultaneous staining for 3-4 gene products in embryonic
tissues. Quantitative imaging projects [4, 30] use the same
gene in one of these channels in all embryos, for reliable
quantitative comparisons, registration, and so forth.The gene
used for this marking in Drosophila embryos is commonly
one of the pair-rule genes (such as eve or ftz), which have a
characteristic periodic 7-stripe expression pattern.

Multichannel imaging suffers from an inherent problem
of overlapping emission spectra (when the fluorescent mark-
ers are simultaneously excited (e.g., [34])), where light from
more than one fluorescent dye is collected by a given acqui-
sition channel. To computationally reduce this “crosstalk,”
an automated channel unmixing method was developed and
applied to the BDTNP data [32].

The problem with this approach in large scale projects
with automatic data processing is that the unmixing parame-
ters can endupbeing too high or too low. If the parameters are
overestimated, unmixing produces an overcorrection, which
is manifest as a partial subtraction of the common, reference
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Figure 17: sna and eve: the original images (a) and the stripes (b),
sna at top and eve at bottom.

pattern from the pattern of the second gene (the gene under
study for the embryo). With periodic reference patterns (eve,
ftz), this produces periodic grooves in the “unmixed” pattern.
Figure 1 shows the effects of such overcorrection in one of the
BDTNP embryos.

On the other hand, if the unmixing parameters are
underestimated, unmixing produces an undercorrection,
which can be seen as an addition of the common, reference
pattern to the pattern of the second gene (that one being
studied in the given embryo). Figure 2 shows an example of
undercorrection on a BDTNP embryo.

Misestimation of the unmixing parameters can be seen to
introduce periodicity in a number of BDTNP embryos from
the 7-stripe eve or ftz reference patterns. The effect is strong
enough to be seen in some images integrated from multiple
embryos (such as Figure 2).

We now show how decomposition by circular 2D-SSA
can be used to estimate and eliminate the periodic compo-
nents caused by under- or overcorrection, using the examples
of the BDTNP images in Figures 1 and 2.

4.1. Circular 2D-SSA, hb Corrupted by ftz, and Strong Over-
correction. Figure 3 shows the original images for hb and ftz
expressions from a BDTNP embryo (ID “v5-s11512-2oc06-
25”). The natural hb trend is of low frequency; the natural
pattern of ftz is of high frequency; crosstalk, with overcorrec-
tion in the unmixing algorithm, “bleeds” the high frequency
ftz pattern into the hb pattern. These images are “unrolled”
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Figure 18: (a) original image, (b) reconstruction of strips, (c) conversion to black and white, according to positive or negative values on the
intensity scale; black-white boundaries are shown as red lines on the original image. BDTNP embryo “v5 s10901-20ap06-11s10901.”

from the cylindrical projection of the data; therefore, the top
and bottom edges connect (periodic boundary conditions).

We preprocess the images by interpolating to a regular
grid (step 0.5%) and removing 20% from the left and 5%
from the right (to focus on the stripe region). Use of circular
2D-SSA allows us to analyze the cylindrical dataset. We use
a rectangular window of 25 × 10. In consideration of the
regular oscillations along the anteroposterior (AP, horizontal)
coordinate, the first window dimension, 25, is larger than the
second dimension, 10.

Figure 4 presents 2D-SSAdecomposition into elementary
image components for hb; Figure 5 shows this for ftz (we
depict the 26 largest components; the smaller components
were not found to be significant in image reconstruction).
Figure 4 contains a number of components with vertical
stripes caused by or influenced by the ftz channel. If one
compares elementary components of the ftz decomposition
(Figure 5, striped components 2–5, 9–11, and 15–17) with the
hb decomposition (Figure 4), it appears that hb components
1–4 are likely due to expression pattern, while components 5–
9, 11, and probably 10, 12 are due to ftz-correction.

Figure 6 shows reconstructions from the leading high
frequency components for each image, components 5 and
6 from Figure 4, components 2 and 3 from Figure 5. The
reconstructions are very similar, but have opposite phases,
indicating that the hb data was overcorrected. Figure 7 is
reconstructed from all striped components for each image;
again, the patterns are very similar but of opposite phase.

Simultaneously, with removing stripes, this process also
decomposes an image into pattern and noise (residuals):
Figure 8 shows reconstruction of hb expression from the
“unstriped” components 1–4, alongside the striped com-
ponents (strongly affected by ftz) 5–12 and the residuals.
Circular 2D-SSA provides a method for removing under- or
overcorrection in the unmixing algorithm and therefore of
clearing gene patterns from crosstalk effects. For an image
without stripes, 2D-SSA produces a direct decomposition
into pattern and noise.We showhere that SSA decomposition
is robust for data with crosstalk stripes.

4.2. Circular 2D-SSA, Kr Corrupted by eve, and Weak Over-
correction. In some cases, crosstalk stripes from the pair-rule
reference marker are barely visible in the gene of interest.
In these cases, circular 2D-SSA is still effective at removing
artefacts from misestimation of the unmixing parameters.
Figure 9 shows images from an embryo “v5-s11512-2oc06-
25” stained forKr (gene of interest)mRNA and eve (reference
marker) mRNA. In this case, there is weak overcorrection,
with eve adding to apparent intensity in the Kr image. Kr, like
hb (Figure 3), is a gap gene, with low frequency expression
pattern, compared to the high frequency evepair-rule pattern.

We perform the same preprocessing and choose the
same method parameters as in Section 4.1. Figure 10 shows
circular 2D-SSA (top and bottom edges are contiguous)
decomposition into elementary components for Kr; Figure 11
shows this for the eve image.

The decomposition in Figure 10 shows components with
low frequency vertical stripes corresponding to the Kr signal,
as well as high frequency stripes corresponding to eve. These
high frequency stripes can be seen in the eve decomposition
(Figure 11), in particular components 4-5, 7–9, 11, 13, 15, 19,
and 20. Conversely, Kr crosstalk on the eve image is apparent
in Figure 11 in components 9, 10, 13, 15, 20, and 25. Figure 12
shows reconstructions using the stripe components from the
images. Again, being a characteristic of overcorrection in
the unmixing algorithm, these patterns are of comparable
frequency, but of opposite phase.

Figure 13 shows reconstruction of the Kr expression
pattern from the circular 2D-SSA components. In the analysis
of Figure 3, crosstalk overcorrection was strong and evident
by eye. In Figure 9, the crosstalk stripes are not as evident by
eye, but circular 2D-SSA is still effective for separating signal
from the gene of interest (Kr) from the striped reference
marker. Separation of pattern components leaves residual
noise, for studying stochastic effects in gene expression.

4.3. Shaped 2D-SSA, sna Corrupted by eve, and Undercor-
rection. A number of genes express in patterns which are
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Figure 19: Four cases of the 3D geometry of eve expression stripes. Stripe 4 can be a forward “C”-shape (a), straight (b), a negative “C”-shape
(c), or “S”-shaped (d). BDTNP embryo IDs are given on the images.

more complex than the general AP variation seen with gap
genes such as hb and Kr. To analyze crosstalk for such
data, we introduce the shaped version of 2D-SSA. As an
example, snail (sna) is expressed in a broad band along the
ventral midline of the embryo (Figure 16, v5-s10531-28fe05-
07, cy3 apical). Since sna shows a very sharp transition
from expressing to nonexpressing regions, we analyzed these
separately (Figure 14, expressing; Figure 15, nonexpressing).
Analysis was conducted on a regular grid (step 0.5%), clipped
15% from left and right (as for Figure 9). For the central
expressing zone (Figure 14), we used a window of 40 × 10; for
the lateral nonexpressing zone (Figure 15), we used a window
of 30 × 10.

Decomposition shows that the elementary components
{3, 4} (Figure 14) and {4, 5, 16, 17} (Figure 15) correspond to
stripes, which come from the eve reference marker. Figures
14 and 15 show these stripe components and the effect of
removing these stripes to reveal the sna signal. Figure 16
shows this for the complete sna image (combination of
the expressing and nonexpressing zones). In this case, the
stripe components from the sna image and from the eve
marker image are in phase, indicating that this is a case of
undercorrection in the unmixing algorithm (see Figure 17,
where the original images and the stripe reconstructions are
put together).

Thus, we have constructed a procedure for removing
under- or overcorrections. Note that if an image does not
contain stripes, images of elementary components also will
not contain stripes and therefore can see if correction is
necessary.

5. 3D Geometry of the Early Segmentation
Pair-Rule Stripes

As discussed above, the early Drosophila embryo is roughly
a prolate ellipsoid. Gene expression patterns defining the
AP and dorsal-ventral (DV) axes are relatively independent.
However, even clearly AP-varying patterns, such as the eve
and ftz pair-rule striped patterns, display some degree of DV
variation. This can be affected by deviations from ellipsoidal
symmetry (e.g., embryos have a longer ventral surface (or
“belly”) than dorsal surface) and also from variations in the
axial ratio (see [4]).

Embryo-to-embryo variability in eve expression in theAP
axis has been well documented and discussed in terms of the
robustness of the developmental programme. However, such
analysis has been in 1D. Analyzing 3D images, for example,
with 2D-SSA, reveals new levels of variability.

Figure 18 is an unfolded cylindrical projection of eve
expression, showing the DV variation of the 7-stripe pattern,
especially as the stripes bend around the ventral “belly” of the
embryo (horizontal midline of image). To quantify the stripe
geometry, we identify stripe boundaries at the threshold
between positive and negative values on the intensity scale.

Using this boundary identification procedure, let us focus
on the shape of the central (4th) eve stripe (Figure 19;
the 4th stripe has minimal effect from the ellipsoidal to
cylindrical projection). Preprocessing included interpolation
of the cylindrical projection to a regular grid, clipping
25% of the image on the left and 15% on the right and
using a 15 × 10 window. Applying circular 2D-SSA, we use
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Figure 20: “C” and straight eve stripe 4 shapes, shown in black and
white. BDTNP embryo IDs given on the images.

components 2 and 3 to represent the striped expression. The
4th stripe is frequently straight across the ventral midline
(Figure 19(b)) but can often show curvature as well. Cur-
vature can be “C”-shaped, both forwards (Figure 19(a)) and
backwards (Figure 19(c)), or “S”-shaped (Figure 19(d)). For
clarity, Figure 20 shows the “C” and straight shapes in black
and white and in the original aspect ratio.

Stripe 4 of eve is critical for subsequent segmentation
events in fly development. These events need to be robust
to the curvature variability reported here. It is currently
unknown which mechanism might produce this robustness,
but it warrants further investigation. For example, what is
the correlation between the size of the ventral “belly” of
the embryo and stripe 4 curvature? And does this suggest a
“shape compensation” such that embryos can develop nor-
mally despite variable early geometry? (Systematic analysis
should also be done to examine the possible contribution
of experimental errors (e.g., fixation procedures) to stripe
variability, which may involve comparison with live imaging
techniques.)

6. Conclusions

This paper has shown the applicability of our new shaped and
circular extensions of 2D-SSA to analyzing embryo images
from a quantitative high-throughput project in developmen-
tal biology. We have shown that 2D-SSA can decompose
images and classify components according to the gene of

interest.This is an effectivemeans for reducing the “crosstalk”
between gene channels which arises in the imaging technique
but can be amplified by the automated postprocessing unmix-
ing algorithm.

Circular 2D-SSA is a critical extension for analyzing
cylindrical data projections (accounting for periodic bound-
aries in “rectangular” images). Shaped 2D-SSA allows for the
analysis of subregions of the image, important for analyzing
complex expression patterns, complex geometries, and avoid-
ing edge effects.

The procedure is performed under user control and can
be adapted to an image’s unique structure with a flexible
choice of window shapes and sizes.This is currently a manual
procedure and future work will focus on reliable automation
of the process.

Wehave demonstrated that 2D-SSA can be used to extract
signal and noise from imageswith both strong andweak over-
or undercorrection of crosstalk. This is a significant tool for
separating gene expression in multichannel images and for
extracting residual noise for studying the stochastic aspects of
gene expression. In particular, we have used SSA to separate
low frequency genes of interest (the gap genes hb and Kr, and
sna) from “bleed-through” crosstalk of the high-frequency
pair-rule fiduciary markers (eve and ftz). In addition, we
have shown how SSA components can be used to quantify
eve stripes (in particular stripe 4) and how this reveals new
types of variability in expression, leading to new insights
into developmental mechanisms. These are all examples of
how 2D-SSA can be applied—we expect them to be broadly
generalizable to other cases of multichannel 3D data from
Drosophila and other organisms.
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Objective. To explore the antiprostate cancer effects of Celastrol on prostate cancer cells’ proliferation, apoptosis, and cell cycle
distribution, as well as the correlation to the regulation of hERG. Methods. DU145 cells were treated with various concentrations
of Celastrol (0.25–16.0 𝜇mol/L) for 0–72 hours. MTT assay was used to evaluate the inhibition effect of Celastrol on the growth
of DU145 cells. Cell apoptosis was detected through both Annexin-V FITC/PI double-labeled cytometry and Hoechst 33258. Cell
cycle regulation was examined by a propidium iodide method. Western blot and RT-PCR technologies were applied to assess the
expression level of hERG in DU145 cells. Results. Celastrol presented striking growth inhibition and apoptosis induction potency
on DU145 cells in vitro in a time- and dose-dependent manner. The IC

50
value of Celastrol for 24 hours was 2.349 ± 0.213 𝜇mol/L.

Moreover, Celastrol induced DU145 cell apoptosis in a cell cycle-dependent manner, which means Celastrol could arrest DU145
cells in G

0
/G
1
phase; accordingly, cells in S phase decreased gradually and no obvious changes were found in G

2
/M phase cells.

Through transmission electron microscope, apoptotic bodies containing nuclear fragments were found in Celastrol-treated DU145
cells. Overexpression of hERG channel was found in DU145 cells, while Celastrol could downregulate it at both protein and mRNA
level in a dose-dependent manner (𝑃 < 0.01). Conclusions. Celastrol exhibits its antiprostate cancer effects partially through the
downregulation of the expression level of hERG channel in DU145 cells, suggesting that Celastrol may be a potential agent against
prostate cancer with a mechanism of blocking the hERG channel.

1. Foreword

Ion channels exist widely in all cells in a variety of physio-
logical functions. Cancer is also associated with ion channel
dysfunction. Research [1] recently suggested that some potas-
sium channels (voltage-gated potassium channels, KV) are
related to the occurrence and development of malignant
tumors, and the relationship between voltage-gated potas-
sium channels and tumor has become a research hotspot.The
human EAG gene (human ether-à-go-go related gene, HE-
RG) encodes the HERG protein A subunit of delayed rectifier
potassium channel. Researches have found that [2] high
expression of HERG protein in tumor cells has a widespread
impact on the biological behavior of tumors and is closely

related to the differentiation and invasion of tumor cell pro-
liferation and apoptosis [3–5]. There are reports that hERG
protein can affect the tumor cell membrane potential in the
depolarized state, which is conducive to tumor cell survival,
proliferation, and invasion [5]. Therefore, hERG potassium
channel will become a promising target for cancer therapy in
the selection of specific molecular targeted agents that play
an important role in the process. Celastrol (CSL) is one of
the main active components extracted from the traditional
Chinese medicine Tripterygium wilfordii. A general and
three-terpene pigment monomer, Celastrol, is found early
to have anti-inflammatory and antitumor pharmacological
effects on liver cancer, colon cancer, lung cancer, leukemia,
cancer of the esophagus, brain cancer, bladder cancer, and so
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on. Much tumor cell growth and proliferation were inhibited
[6, 7]. But its antitumor mechanism has only in recent years
seen sporadic reports. Its role in the regulation of hERG
potassium channel protein has not been reported. Therefore
in this paper, with hERG potassium channel as the molecular
target, the effect of different concentration of tripterine on its
regulation and tripterine antitumor effect correlation will be
investigated.

2. Materials and Methods

2.1. Drugs and Reagents. Tripterine,molecular formula (C29-
H38O4), a molecular weight of 450, and purity more than
95%, was purchased from USA Calbiochem company, dis-
solved in two dimethyl sulfoxide (DMSO), and kept at
−20∘C, before using DMEM culture medium diluted to final
concentration. DMEM medium and fetal calf serum were
from the USA Gibco BRL company. Annexin-V/PI apoptosis
kits were purchased from Wuhan Boster Engineering Co.,
Ltd. Rabbit anti-human hERG1 monoclonal antibody was
purchased from Sigma company, HRP standard. Sheep anti
free, two anti purchased from USA Santa Cruz products.
Bio-Rad protein assay kit, TRIzol kit, and ECL lighting kits
originated from Sweden Amersham company. RT-PCR kit
was purchased from Fermentas company. Primers were syn-
thesized by Shanghai Sangon company.

2.2. Cell Lines and Cell Culture. Prostate cancer cell DU145
was obtained from Tongji Medical College, Department of
Immunology. Medium contained 10% fetal bovine serum,
penicillin 100 IU/mL, and streptomycin 100 g/mL DMEM, at
37∘C, 5%CO

2
, andwater saturated humidity condition. Every

1∼2 days, for a fluid passage, the logarithm growth period of
cell activity of more than 98% cells was used in this study.

2.3. Effects of Tripterygium wilfordii Red MTT Method to De-
tect the Proliferation of DU145 Cells. Logarithmic growth
phase DU145 cell experiments, cells per hole 2 × 105/mL cells
were seeded in 96-well plate, adding different concentrations
of celastrol (0.25–16.0𝜇mol/L), with the culture solution
containing equal volume DMSO as blank control, each drug
concentration group with 3 holes, each hole total volume
200𝜇L. For 5% CO

2
, 37∘C incubator culture 24–72 h, each

hole with 5mg/mL MTT 20𝜇L reagent, 37∘C incubate
for 4 h, carefully to absorb the air in culture supernatant,
DMSO solution was added to each well of 150𝜇L, 10min
oscillation, crystallize fully dissolved in the Bio-Rad M450
enzyme labeled each hole optical density were measured
in 492 nm wavelength 1.25 meter value (OD), with each
experiment repeated 1.273 times, to calculate the inhibitory
rate of cell proliferation. Proliferation inhibition rate (%) =
(1 − experimental group, control group od/OD) × 100%.

2.4. Annexin-V/PI Staining to Detect Apoptosis. Operate ac-
cording to kit, divided into the experimental group and the
control group with single standard. A collection of different
concentration of tripterine (1, 2 and 4𝜇mol/L) DU145 cells
and blank treated cells in control group, with 4∘C ice cold

PBS wash 2 times, and then to 1 × 106/mL cell density weight
suspended from 100 𝜇L binding buffer, adding 5𝜇L Annexin-
V and 10 𝜇L PI dye solution,mix gently, light reaction temper-
ature 15min, add 300 𝜇L of the buffer solution, detection of it
within 1 h.

2.5. Hoechst 33258 Staining for Detection of Cell Morphology
of Apoptosis. The logarithmic growth phase DU145 cell was
5 × 105 cells, join the 6 hole plate with cover glass. Blank
group and tripterine IC

50
100 𝜇mol/L dosing experiment

group, after 24 h incubation, washed two times with PBS,
then with fixed liquid (methanol : acetic acid = 3 : 1) fixed
15min, washed two times with PBS; 37∘C Hoechst 33258
staining solution (5mg/L) staining of 15∼30min, PBS wash
two times; neutral resin sheet, fluorescent cell morphology
was observed under microscope and photographed. Mirror
were found 5 does not repeat, apoptotic cell count per 200
cells, the percentage of apoptotic cells is the apoptosis rate.

2.6. The Cell Cycle Was Detected by Flow Cytometry. Collec-
tion of the treated DU145 cell was 1 × 106, washing with PBS
buffer 2 times, with 70% cold ethanol at 4∘C fixed overnight,
centrifugation, washing 1 time with PBS, adding 20𝜇L RNase
A at 37∘C water bath for 30min and then adding 300∼500𝜇L
PI dye solutionmixing and placing 4∘C under dark condition
for 30min; the cell cycle was detected by flow cytometry, with
red fluorescent wavelength at 488 nm.

2.7. Effects of Tripterygium wilfordii by Semiquantitative RT-
PCR Detection of Red Pigment on the Expression of HERG
Gene in DU145 Cells. TRIzol kit was used to extract to-tal
cellular RNA synthesis of cDNA, according to the in-
structions. In the first chain cDNA cells were used as tem-
plate, PCR reaction. PCR primer was synthesized by Sangon
company in Shanghai, of which hERG gene upstream
primer was 5-CAGCGGCTGTACTCGGGCACAG-3,
downstream primer was 5-CAGAAGTGGTCGGAGAA-
CTC-3, amplified fragment is 345 bp; 3-glyceraldehyde
phosphate dehydrogenase gene (GAPDH) upstream primer
is 5-GATTTGGTCGTATTGGGGCGC-3, downstream
primer is 5-CAGAGATGACCCTTTTGGCTCC-3,
amplified fragment is 136 bp. The PCR amplification
conditions were 95∘C denaturing 5min, 94∘C 1min, 55∘C
50 s, 72∘C 1min, cycle 35, 72∘C 10min end reaction. PCR
products were detected by 1.5% agarose gel electrophoresis,
UV photography, and scanning analysis, the hERG/GAPDH
expression of hERG semiquantitative analysis of the level of.

2.8. Detection of Western Blot Methods. Different concen-
trations of tripterine treated DU145 cells and control cells,
with cell lysate 100 𝜇L pre-cooling (configuration according
tomolecular cloningmethod) the ice cracking 30min, extrac-
tion of total cellular protein, quantitative protein by Lowry
method. Conventional adhesive preparation, sampling, pro-
tein electrophoresis, and then transferring to the membrane
were done. Rabbit anti-humanhERG1monoclonal antibodies
were added (1 : 1500), 4∘C overnight incubation. Rinse after
adding HRP-labeled goat anti-rabbit IgG (1 : 2000), at 37∘C
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with shaking and incubation for 1 h. Finally, ECL chemilumi-
nescence reagent, X-ray exposure and development, analysis
of computer software. Each concentration was repeated 3
times, taking the mean measurement results.

2.9. Statistical Analysis. Experimental data X ± S, among
groups, were compared using F test, SPSS 11.5 statistical soft-
ware analysis.

3. Results

3.1. Effects of Tripterine on Proliferation of DU145 Cells. It can
be seen from Figure 1, respectively, by 0.25, 0.5, 1, 2, 4, 8, and
16 𝜇mol/L tripterine in DU145 cells after 24∼72 h, that cell
proliferation activity in different cell groups was lower than
that of control cells, but in a concentration less than 1 𝜇mol/L,
proliferation effects of tripterine on DU145 cells are small,
and when the tripterine concentration reached 1𝜇mol/L, the
proliferation inhibition activity was significantly increased,
with significant difference (𝑃 < 0.05). And, with the
increase of tripterine drug concentration and action time,
the inhibitory effects of proliferation were enhanced, and an
obvious time dose effect relationship is apparent. The 24 h
IC
50
value was 2.349 ± 0.213 𝜇mol/L.

3.2. Effects of Tripterine on Apoptosis of DU145 Cells. The
Hoechst 33258 results can be seen. DU145 cells of 2𝜇mol/L
tripterine acid treatment in typical apoptosis morphological
changes are as follows: cytoplasmic density, chromosome
condensation, marginalization, nuclear condensation, and
formation of apoptotic bodies increased (Figure 2(a)). Then
the Annexin-V/PI double staining (Figure 2(b)) quantitative
detection results show that, with the increase of tripterine
concentration, apoptosis of DU145 cells gradually increases
the proportion, respectively, (6.57 ± 0.11)%, (11.02 ± 3.10)%,
and (23.23 ± 1.56)% and the control group (2.24 ± 1.08)% in
comparison and the difference had statistical significance.

3.3. Effects of Celastrol on the Cell Cycle of DU145 Cells. With
different concentrations of tripterine and the role of DU-
145 cells after 24 h, the cell cycle distribution has also been
changed, as shown in Figure 3.With the increase of tripterine
concentration, the percentage of G

0
/G
1
phase cells increased

gradually, followed by (39.95 ± 1.88)%, (40.48 ± 2.34)%,
(51.40 ± 1.96)%, and (68.58 ± 2.89)%, while the percentage
of cells in S phase was dose-dependently reduced, followed
by (49.45 ± 1.67)%, (46.19 ± 1.86)%, (37.67 ± 2.03)%, and
(23.29 ± 1.52)%; in contrast, Celastrol effects on G

2
/M cells

were not significant (Table 1). This indicates that Celastrol
induced DU145 cell cycle arrest occurs in G

0
/G
1
.

3.4. Regulatory Effect of Tripterine onDU145 Cells of hERGPo-
tassium Channel Protein. Compared with normal mononu-
clear cells, the presence of hERG potassium channel pro-
tein expression levels was higher in DU145 cells and the
0.5∼2.0 𝜇mol/L tripterine was treated for 24 h. The protein
expression had a concentration dependent decline, with a
statistically significant difference (𝑃 < 0.05). In order to
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Figure 1: Effects of Celastrol on the proliferation of DU145 cells.

further clarify the role of Tripterygium wilfordii red on the
hERGprotein, we examined the changes of hERGprotein and
mRNA content in the level of gene transcription. Similarly,
hERG potassium channel protein level of mRNA was dose-
dependently downregulated and obviously higher than the
mononuclear cells of normal hERG gene expression level
(Figure 4).

4. Discussion

People have found that many natural preparations, especially
in plants and food components, have significant antitumor
activity in vitro and in vivo. In the early 1970s, there were
reports of tripterine having anti-inflammatory, analgesic,
antioxidant, and antiviral effects, and inducing apoptosis
of tumor cells is more positive. Further, to determine the
effective components of gambogic acid differently from the
general characteristics of anticancer drugs, it can selectively
kill tumor cells, but normal hematopoietic cells and heart,
liver, kidney, and other organs showed no obvious damage, so
it is considered to be a safe and effective antitumor drug [8, 9]
for long-term continuous use.The antitumor mechanism has
had some scattered reports, but studies in prostate cancer are
very rare. In this experiment, cultured prostate cancer cell
line DU145 is used as the research object to observe the effect
of tripterine on DU145 cell growth inhibition and apoptosis
induction and to explore its possible molecular mechanism.

The results show that Celastrol can inhibit the prolifer-
ation of DU145 cells and the inhibition is associated with
the duration of drug action and drug concentration. At the
same time, Celastrol can induce apoptosis of DU145 cells
through strong 0.5∼2.0 𝜇mol/L tripterine treated for 24 h,
the apoptosis rate of DU145 cells increased significantly, and
the typical morphological changes of cell apoptosis emerged.
The Celastrol-induced apoptosis of cycle arrest effect may
be related to induction of closely related events. With the
increase of tripterine concentration, the percentage of G

0
/G
1

phase cells increased gradually and the percentage of cells
in S phase decreased gradually and the tripterine had little
effect on the percentage of cells in G

2
/M phase.That Celastrol
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Figure 2: (a) Apoptosis morphological changes of DU145 cells induced by Celastrol with Hoechst 33258 (24 h). (b) Effects of Celastrol on cell
apoptosis with Annexin-V FITC/PI assay. Cells were treated with various concentrations of Celastrol for 24 h.
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Figure 3: Effects of Celastrol on cell cycle distribution.

Table 1: Effects of Celastrol on cell cycle distribution and early apoptosis (𝑛 = 3, ±S).

Celastrol Cell cycle (%) Apoptosis rate (%)
(𝜇mol/L) G1/G0 S G2/M Sub-G1

0 (control) 39.95 ± 1.88 49.45 ± 1.67 10.60 ± 1.33 2.88 ± 0.33
0.5 40.48 ± 2.34 46.19 ± 1.86 13.33 ± 1.84 1.69 ± 0.24
1.0 51.40 ± 1.96∗∗ 37.67 ± 2.03∗∗ 10.93 ± 0.98 3.25 ± 0.78
2.0 68.58 ± 2.89∗∗ 23.29 ± 1.52∗∗ 8.13 ± 1.02 13.77 ± 2.15∗∗
∗∗
𝑃 < 0.01 versus control group.

operating mainly by blocking DU145 cells at G
0
/G
1
phase to

have an apoptosis inducing effect has been reported in the
literature [10].

Celastrol has become a hot spot of oncology field expres-
sion of ion channel proteins in normal and tumor cells. The
ion channel proteins in numerous studies, tumor cell lines by
hERG potassium channel protein encoded by the hERG gene
as selective surface in different tissues and primary tumor
cells, and tumor cell proliferation, differentiation, apoptosis,
invasion, and sensitivity to chemotherapy are closely related
and are considered to be the molecular target in cancer
cells more specifically. In general, the hERG gene was only

expressed in the early stages of embryonic development and
followed by the inward rectifier potassium channel current it
was replaced by [11]. HERG potassium channels are voltage
gated ion channels typical in mammals. hERG due to the
voltage dependence of fast inactivation exhibited strong
inward rectification activities and played an important role in
maintaining the differentiation and physiological function of
normal heart rhythm and neurons [12, 13]. In addition, hERG
potassium channel is involved in a variety of ventricular
arrhythmias and may be the cause of congenital long QT
syndrome (LQTS) which is one of the major virulence
factors [14]. As mentioned before, the hERG potassium



6 BioMed Research International

H

G

2.00 0.5 1.0

Celastrol 24h

NPBMNC

(a)

HERG(623bp)

GAPDH(136bp)

1000
750

500

250

100

Celastrol 24h

2.00 0.5 1.0 NPBMNC

(b)

Figure 4: (a) Effects of Celastrol on the expression of hERGprotein inDU145 cells and normalmononuclear cells with various concentrations
for 24 h. (b) Effects of Celastrol on the expression of hERGmRNA in DU145 cells and normal mononuclear cells with various concentrations
for 24 h.

channel protein is crucial in maintaining the cell resting
membrane electric’s localization in the polarization state,
but new research shows that the proliferation characteristics
and cell membrane limited tumor cell depolarization are
closely related to the status, suggesting the protein and
tumor cell proliferation activity of hERG potassium channel.
And successive studies have confirmed that hERG protein
was highly expressed in tumor cells and primary cells of
various tissues of endometrial cancer, colon cancer, and
neuroblastoma derived, while in the normal tissues or cells
in the corresponding source, no expression or low expression
of [4, 5] was found. In addition, a variety of tumor cells,
which include the hERG potassium channel proteins, are
also present in prostate cancer cells with high expression
[3]. Blockade of the hERG potassium channel proteins by
specific agents can inhibit the proliferation and metastasis
of tumor cells and the corresponding [15, 16], increasing
the sensitivity of tumor cells to chemotherapeutic drugs.
At present, hERG potassium channel protein with tumor
necrosis factor, integrin receptor, VEGF protein interaction,
and active cancer protein [17–20] have been studied. It is not
difficult to see that hERG potassium channel is a promising
target for cancer therapy.Therefore, in this experiment, hERG
gene as a target observe the red Chinese medicine Triptery-
gium wilfordii on DU145 cells of hERG potassium channel
protein regulation. The results show that, compared with
the mononuclear cells of normal control, the expression of
hERGpotassium channel protein levels rises to higherDU145
cell memory, while the normal mononuclear cells hardly
show expression. For the effect of tripterine intervention,
the protein and gene expression levels were concentration-
dependent underground tune. The effect of tripterine on
proliferation of DU145 cells and the intracellular expression
of hERG potassium channel are closely related. Although
confirmed in tumor cells, inhibition of hERG potassium
channel protein expression can inhibit the proliferation of
tumor cells, inducing tumor cell apoptosis. Tripterine is
expected to become the hERG potassium channel protein
inhibitor of a new generation.

Effects of hERG potassium channel protein on the bio-
logical behavior of the tumor that can inhibit the growth of

tumor cells by inhibiting the expression or channel current of
IhERG and promote tumor cell differentiation or apoptosis,
reduce its invasiveness. There lays a good foundation for
tumor targeting therapy and drug screening.
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Acidic (leucine-rich) nuclear phosphoprotein 32 family, member A (ANP32A), has multiple functions involved in neuritogenesis,
transcriptional regulation, and apoptosis. However, whether ANP32A has an effect on the mammalian developing brain is still
in question. In this study, it was shown that brain was the organ that expressed the most abundant ANP32A by human multiple
tissue expression (MTE) array. The distribution of ANP32A in the different adult brain areas was diverse dramatically, with high
expression in cerebellum, temporal lobe, and cerebral cortex and with low expression in pons, medulla oblongata, and spinal cord.
The expression ofANP32Awas higher in the adult brain than in the fetal brain of not only humans but alsomice in a time-dependent
manner. ANP32A signals were dispersed accordantly in embryonic mouse brain. However, ANP32A was abundant in the granular
layer of the cerebellum and the cerebral cortex when the mice were growing up, as well as in the Purkinje cells of the cerebellum.
The variation of expression levels and distribution of ANP32A in the developing brain would imply that ANP32A may play an
important role in mammalian brain development, especially in the differentiation and function of neurons in the cerebellum and
the cerebral cortex.

1. Introduction

ANP32A is a member of acidic nuclear phosphoprotein
32 kDa (ANP32) family [1, 2]. The nomenclature of ANP32A
family members is confusing because the same protein has
been given more than one name based on the context of
isolation. The family members are comprised of ANP32A
(also known as PP32, LANP, HPPCn, I1PP2A, MAPM, or
PHAPIa), ANP32B (PAL31, APRIL, or PHAPIb) [3], ANP32C
(PP32r1) [4], ANP32D (PP32r2) [5], and ANP32E (Cpd1,
LANP-L, or PHAPIII) [6].

All ANP32 proteins share two highly conserved regions:
the N-terminal leucine-rich repeats (LRRs) sequence and the
C-terminal acidic tail [7]. For ANP32A, the hydrophobic

LRRs shape a globular head domain. LRRs, belonging to a
superfamilywith diverse bioactivity,may potentially function
in mediating protein-protein interaction [8]. The extended
and hydrophilic C-terminal domain is highly unusual in its
amino acid composition, containing abundant aspartic and
glutamic acid residues, and a putative nuclear localization
signal (NLS) [9]. According to the structure characteristic, it
is not surprising to find ANP32 proteins involved in a variety
of cellular processes in both nucleus and cytoplasm, including
signaling, apoptosis, protein degradation, and morphogene-
sis.

More studies have focused on ANP32A, the founding
member of the ANP32 family. ANP32A (PP32) was orig-
inally found as a tumor suppressor [10], associated with

Hindawi Publishing Corporation
BioMed Research International
Volume 2015, Article ID 207347, 8 pages
http://dx.doi.org/10.1155/2015/207347

http://dx.doi.org/10.1155/2015/207347


2 BioMed Research International

cancer cell survival and drug efficacy. Meanwhile its closely
related homologue PP32r1 is oncogenic and is overexpressed
in breast cancer and prostate cancer [11]. Family member
ANP32B was indicated as a potential prognostic marker of
human breast cancer [2]. In fact, ANP32A has also been
identified having a potential oncogenic and drug-resistant
function in hepatocellular carcinoma [12], colorectal can-
cer [13], and pancreatic tumor [14]. The confused role in
tumorigenesis of ANP32A may be due to its functions and
subcellular localizations being almost bewildering in variety.

ANP32A is known to be a key component of the inhibitor
of acetyltransferase (INHAT) complex in the nucleus,
involved in regulating chromatin remodeling or transcription
initiation [15]. ANP32A forms a multisubunit heterocomplex
with HuR, regulating the nucleocytoplasmic shuttling of
HuR, which is essential for RNA stability and transport [16].
In the cytoplasm, ANP32A (mapmodulin) is positioned to
microtubule associated proteins (MAPs), involved in regu-
latingmicrotubule function andmicrotubule-based vesicular
trafficking [17]. ANP32A may control enzymatic activities by
inhibition of protein phosphatase 2A (PP2A) or activation
of caspases [18]. ANP32A (LANP) and SET were observed
at the inner surface of the plasma membrane of lympho-
cytes and supposedly play a role in signal transduction
[19]. ANP32A (HPPCn) was the first factor that it could
transport to the extracellular space and act as an autocrine
factor to promote DNA synthesis and suppress apoptosis by
upregulating myeloid cell leukemia-1 [20]. These functions
taken together suggest that ANP32A could therefore be an
important regulator of cellular homeostasis.

ANP32A plays essential roles in a variety of neural
pathophysiology processes. The level of ANP32A (I1PP2A) is
increased inAlzheimer’s disease (AD) andmay be involved in
regulatory mechanism of affecting Tau phosphorylation and
impairing the microtubule network and neurite outgrowth
[21]. ANP32A (LANP) regulates neuronal differentiation by
epigenetic modulating expression of the neurofilament light
chain, an important neuron-specific cytoskeletal gene [22].
ANP32A can interact with the retinoblastoma protein Rb in
both young and mature neurons and is implicated in the
regulation of neuronal survival by CXCL12/CXCR4 [23]. The
decreased levels of ANP32A, as a potent and selective PP2A
inhibitor, may contribute to abnormal neuritic morphology
in a dominantly inherited neurodegenerative disorder of the
spinocerebellar ataxia type 1 [24].

The expression characteristic of ANP32A in the devel-
oping brain, especially details on the expression and distri-
butions of ANP32A in the human brain, had rarely been
reported [25]. In this study, the distribution of ANP32A in
different human brain areas, as well as ANP32A abundance
in the human fetal and adult brain, was identified. For more
details of the expression and localization of ANP32A in
the developing brain, a series of different time point mouse
brains from embryonic stage to adult stage was harvested
and analyzed with ANP32A specific primers and antibodies.
To explore ANP32A in the development of the nervous
system, it could provide crucial information about pivotal
roles of the protein in morphogenetic process and regulating
mechanisms.

2. Materials and Methods

2.1. Animals. Adult C57 BL/6 mice were kept with free
accesses to food and water. The day of insemination was
designated as embryonic day 0 (E0). The day of birth was
designated as postnatal day 0 (P0). Brains from different
embryonic period (E12 and E16), early time points after birth
(P0, P5, and P12), pubescent male mice (approximately 5-6
weeks old), and adult male mice (approximately 8–10 weeks
old) were frozen quickly and stored at −80∘C until required
for experiments. E12 and E16 brains were collected under
the dissection microscope and the mesenchymal tissues
were removed with fine forceps as much as possible. For
immunohistochemistry preparation, brains were fixed in
formalin (4% formaldehyde in 1× PBS, pH7.4) for 24 hours
and then embedded in paraffin. Serial sections (4 𝜇m) were
mounted onto silane-coated slides (Dako, Denmark).

2.2. HumanMultiple Tissue Expression (MTE) Array Analysis.
The human MTE array (BD, America) was a positively
charged nylon membrane to which poly A+ RNAs from dif-
ferent human tissues had been normalized and immobilized
in separate dots, along with several controls. The MTE array
made it possible to determine the relative expression levels
of a target mRNA in different tissues and developmental
stages [26]. To this end, poly A+ RNA samples on each MTE
array had been normalized to the mRNA expression levels of
eight different “housekeeping” genes, which minimized the
small tissue-specific variations in expression of any single
housekeeping gene [27]. The human MTE array gave a
relative convenient and convincing way to demonstrate the
levels of ANP32A mRNA in 20 different areas of the human
brain, as well as adult whole brain and fetal brain.

A 750 bp ANP32A probe was amplified from human
ANP32A gene (Gene ID: 8125) in the pET-24a(+) plas-
mid (kept by our laboratory) with primers 5-CGG-
GATCCATGGAGATGGGCAGACGGATT-3 (forward)
and 5-AACTGCAGGTCAT-CATCTTCTCCCTCATC-3
(reverse). Probe used for the humanMTE assay was radioac-
tively labeled with 𝛼-[32P]dCTP using the DNA labeling kit
(Promega, America) as described by the operation manual.
Prehybridization of the MTE array was performed at 68∘C
for 2 hours in ExpressHyb hybridization (Clontech, America)
with sheared salmon testis DNA added to a final con-
centration of 0.1mg/mL. The denatured radiolabeled probe
was mixed directly into the prehybridization solution and
hybridized overnight at 68∘C. After hybridization, the array
was washed three times at 37∘C in solution 2× SSC with
0.1% SDS for 10min each time, repeated at 65∘C in solution
0.1× SSC with 0.1% SDS for 20min each time. Array was
exposed to X-ray film at −70∘C for 48 hours. ANP32A
mRNA levels were determined by densitometric scanning of
autoradiographs.

2.3. Western Blotting. Mouse whole brain tissues were
homogenized in RIPA buffer (Sigma, America) on ice, lysates
were centrifuged at 12,000×g, 4∘C for 15 minutes, and
supernatants were collected for western blot analysis. Protein
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concentration of samples was determined by the Bio-Rad
protein Assay (Bio-Rad, America). Protein extracts (20 𝜇g)
were fractionated by 12% SDS-PAGE and then transferred
to PVDF membranes by the Trans-Blot semidry transfer cell
(Bio-Rad, America). Membranes were subsequently blocked
with 10% skimmilk in 1× PBS and then incubated with a rab-
bit polyclonal antibody against ANP32A (1 𝜇g/mL, ab 5991,
dilution 1 : 1000) (Abcam, British) or𝛽-actin (loading control,
number 4970, dilution 1 : 1000) (CST, America). Following
washing with PBST buffer, membranes were incubated with
secondary antibody at appropriate dilution in 5mL 10%
blocking buffer. Protein bands on blots were detected by
enhanced chemiluminescence (Applygen Technologies Inc.,
China) and visualized by LAS-4000 (GE, America).

2.4. Quantitative Real-Time RT-PCR. Total RNA was ex-
tracted from mouse whole brains using a Trizol (Invitrogen,
America). 1𝜇g of total RNA was converted to cDNA using
FastQuant RT kit (with gDNase) (TIANGEN BIOTECH,
China). cDNA samples were then used as templates for
quantitative real-time PCR by the SuperReal Premix Plus
(SYBR Green) (TIANGEN BIOTECH, China) with a Bio-
Rad Chromo 4 real-time PCR detector (Bio-Rad, CA,
USA). The mouse ANP32A gene (157 base pairs [bp]) spe-
cific primers were 5-CAGGGGACCTGGAAGTATTGG-
3 (forward) and 5-TTCAGGTTGGTCACCTCACAG-3
(reverse). Mouse 𝛽-actin (263 bp) primers were 5-GAG-
ACCTTCAACACCCCAGC-3 (forward) and 5-ATGTCA-
CGCACGATTTCCC-3 (reverse). Amplifications were car-
ried out in 20 𝜇L reaction mixture containing 20 ng cDNA
samples, and the final concentration of 0.5𝜇mol/L of each
primer pair was added in a program comprising 10 minutes
at 95∘C, followed by 40 cycles consisting of 95∘C for 10 s, 55∘C
for 30 s, and 72∘C for 30 s. Data was analyzed using the Bio-
Rad CFX Manger. Statistical significance of differences was
assessed by Student’s t-test.

2.5. Immunohistochemistry. Slides were deparaffinized in
xylene and rehydrated in different concentrations of ethanol
(100%, 95%, 90%, 80%, and 70%), and antigen retrieval
performed using a citrate buffer. Slides were blocked (37∘C,
2.5 h) with 10% fetal bovine serum and then incubated with
anti-ANP32A antibody (2 𝜇g/mL) for 12 hours at 4∘C. IgG-
purified normal rabbit serum (2𝜇g/mL) (I5006, Sigma, SF,
USA) was used as a control. After washing in phosphate
buffered saline, sectionswere incubatedwith polyperoxidase-
anti-rabbit IgG for 30min at 37∘C. Signals were visualized
by DAB oxidation and observed by Ti-s microscope (Nikon,
Japan).

3. Results

3.1. The Distribution of ANP32A in Different Areas of Human
Central Nervous System. The differences of the levels of
ANP32A mRNA between various areas of human brain
were tested by the spot hybridized with the human MTE
assay. The MTE array provides a fast way to simultaneously
compare the relative abundance of ANP32AmRNA in a wide
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Figure 1: Distribution of human ANP32A transcripts in brain.
Human MTE array was probed with a 750 bp human ANP32A
radiolabeled probe as described under “experimental procedures.”
mRNA levels were determined by densitometric scanning of autora-
diographs.Whole brain and fetal brain are shown as red column, and
different anatomical region is shown as blue column.

array of tissues, normalized and immobilized in separate
dots, along with several controls. It was shown that brain
was the organ that expressed the most abundant ANP32A,
followed with heart, liver, and kidney. As shown with blue
column in Figure 1, the expression levels of ANP32A mRNA
were fluctuated in different areas of human brain. Among
20 different brain tissues, cerebellum right is the area with
most abundant ANP32A; next is temporal lobe followed with
cerebellum left, nucleus accumbens, substantia nigra, and
cerebral cortex. AlthoughANP32Awas abundant in themost
brain areas, it was hardly detected in the pons. ANP32A could
be slightly detected in medulla oblongata and spinal cord, a
little higher than amygdala and parietal lobe.

3.2. ANP32A Was More Abundant in Adult Than Embryonic
Brain of Both Human and Mouse. The difference between
the levels of ANP32A mRNA in adult human brain and
fetal human brain was also analyzed by MTE array. Brain
in embryonic stage was still the organ with most abundant
ANP32A, compared with 7 important human fetal organs
including heart, liver, and kidney. The level of ANP32A
mRNA in the adult whole brain was about 1.5-fold that in
the fetal brain (as shown with red column in Figure 1). Then
the expression of ANP32A gene in a different developmental
stage of C57 BL/6 brain was studied. It was shown that
the expression of ANP32A was higher in adult brain than
that in embryonic brain of C57 BL/6 by both western
blotting and qPCR. Although it is not too significant, the
rising of the levels of ANP32A protein was confirmatory
during the growing of the mice in a time-dependent manner
(Figure 2(a)). As for the levels of ANP32A mRNA in mouse
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Figure 2: Expression of ANP32A gene in mouse developing brain. (a). Total proteins from the developing C57 BL/6 whole brains were
analyzed by western blotting; (b). Total RNAs from the developing C57 BL/6 whole brains were analyzed by qPCR. E12 and E16, embryonic
days 12 and 16, respectively; P0, P5, and P12, postnatal days 0, 5, and 12, respectively; 5-6W and 8–10W, adult brain from 5-6 weeks and 8–10
weeks old C57 BL/6. ∗: compared to E12 and E16, 𝑃 < 0.01; #: compared to E12 and E16, 𝑃 < 0.05.
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Figure 3: Immunohistochemical study of ANP32A in mouse cerebral cortex. ANP32A signal was visualized with DAB in C57 BL/6 brain.
E12 and E16, embryonic days 12 and 16, respectively; P0, P5, and P12, postnatal days 0, 5, and 12, respectively; 5-6W, adult brain from 5-6
weeks old C57 BL/6. Scale bar = 200 𝜇m. Granule cells were marked by red arrow.

brain analyzed by qPCR, it tended to increase after birth and
was apparently raised in postnatal day 12 (P12), about 1.5-
fold compared to embryonic day 12 and 16 (E12 and E16).
When the mice were 5-6 weeks to 8–10 weeks old, the levels
of ANP32A mRNA in the brain were increased significantly,
reaching about 3-fold than that in E12 and E16 (Figure 2(b)).
There was no significant difference in the interior-group.

3.3.The Expression Characteristics of ANP32A in the Develop-
ing Mouse Cerebral Cortex. Compared with the embryonic

mouse, ANP32A protein was expressed along with the dif-
ferential cerebral cortex’s layer, more and more significantly,
after birth.The changes ofmorphology of the positive stained
cells were also coincidental to the development of the neuron
in the nervous system. In the embryonic period, the layer
of cerebral cortex is not clear. All positive staining cells are
small and numerous, and the expression of ANP32A seemed
to be nothing special. When the mice were birthed and
growing, the positive staining cells were bigger and more
strongly stained in external granular layer of the cerebral
cortex (Figure 3).
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Figure 4: Immunohistochemical study of ANP32A in mouse cerebellum. ANP32A signal was visualized with DAB in C57 BL/6 brain. E16,
embryonic day 16; P12, postnatal day 12; 5-6W, adult brain from 5-6 weeks old C57 BL/6. In each image, the upper rectangle inset is magnified
and displayed in the corresponding lower image. Purkinje cells were marked by red arrow. Scale size = 100𝜇m.

In detail, from the day of birth (P0), the molecular layer
of cerebral cortex appeared, and the staining of the ANP32A
in the molecular layer was initially decreased than other
partitions of cerebral cortex. On the P5 and P12, the positive
stain cells were stratification and conversely in the molecular
layer and external granular layer. The difference of staining
between the molecular layer and external granular layer in
5-6 weeks old mouse brain was much more significant. The
expression of ANP32A was fairly abundant in the external
granular layer, localized in the nucleus of the neurons, while
being apparently lower in molecular layer.

3.4. The Cellular Localization of ANP32A in the Granule Cells
and the Purkinje Cells in the Developing Mouse Cerebellum.
The distribution of ANP32A changed with the migration
of external granule cells in the developing mouse cerebel-
lum. In the embryonic period, the ANP32A was expressed
moderately in the nucleus of the internal granule cells and
strongly in the external granule cells. In the postnatal day 12,
the signals in internal granular layer became stronger, while
in the 5-6W mouse brain the ANP32A’s expression in the
internal granule cells became much stronger which may be
attributed in large part to migration of the external granule
cells to internal granular layer.

The amount and cellular localization of the expression of
ANP32A in Purkinje cells seemed to be associated with the
mice age and the position in the adult mouse gyrus cerebelli.
In the cerebellum P12, ANP32A was expressed moderately
in only the nucleus of the Purkinje cells, which scattered
evenly between the molecular layer and the granular layer.
In the cerebellum 5-6W, it was absorbing that ANP32A was
localized in both the nucleus and the cytoplasm, as well
as dendrites arborization of Purkinje cells (Figure 4). The
signals became weaker in the Purkinje cells in the root of the
gyrus cerebelli. On the other hand, the signals of ANP32A

became stronger in the Purkinje cells in the head of the gyrus
cerebelli. It is implied that ANP32A may associate with the
differentiation and function of Purkinje cells.

4. Discussion

ANP32 family members had been thought all functionally
redundant in vivo. Because loss-of-function mutants for
ANP32 family members include two independently targeted
ANP32A-deficient mice [2, 28], an ANP32E-deficient mouse
[2, 29] was viable and fertile. No obvious abnormalities in any
of the major organ systems, including the nervous system,
could be observed. However, a recent prominent finding
is that mice carrying ANP32B mutations are sensitized to
loss of ANP32A. The study revealed previously hidden roles
for ANP32A in mouse development by compound mutants
lackingANP32A,ANP32B, and/orANP32E [2]. SinceANP32
family members are not completely redundant in mammals,
it is reasonable to presume that theymay engage in regulating
mechanism in the mammal development in a hierarchical
and successive manner.

In view of a broad array of physiological activities [15–20]
and roles in nervous system disease [21–24] of ANP32A, the
description of the expression and distributions characteristics
of ANP32A in the developing brain would provide strong
clues for the regulating mechanism of ANP32A in the
nervous system development and disease. So in this study, the
distribution of ANP32A in different areas of human central
nervous system, as well as the expression levels in the fetal
and adult brain, was analyzed by a human multiple tissue
expression array. The cellular localization and expression
levels fluctuation of ANP32Awere detected in the developing
mouse brain. Our results indicated that ANP32Amay play an
important role in human nervous system development and
differentiation.
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MTE array showed that the expression of ANP32A was
higher in the human adult brain than the fetal brain. The
similar evidences have been collected by the analysis of
ANP32A abundance in a series of different time point mouse
brain from embryonic stage to adult stage. Both ANP32A
mRNA and proteins were elevated in a time-dependent
manner in the developing mouse brain. Mutai et al. had
reported that expression of PAL31/ANP32B mRNA and
protein in the rat brain was high during the fetal period
and decreased after birth [30]. Collecting these evidences,
it implied that ANP32A and ANP32B are not completely
functionally redundant along with observation of compound
mutants lacking ANP32A and/or ANP32B [2]. ANP32B may
mainly function in fetal period of mammal, while ANP32A
may primarily play roles in adult brain.

In the embryonic mouse brain, all positive staining cells
were distributed homogeneously, small and numerous. The
expression of ANP32A seemed to be nothing special except
that the staining in the external granule cells of cerebellum
was a little stronger. However, in postnatal day 12, the signals
in internal granular layer became stronger. ANP32A was
significantly abundant in the granular layer of the cerebellum,
and the cerebral cortex when the mice were 5-6 weeks old,
as well as in the Purkinje cells of the cerebellum. It may be
attributed in large part of migration of the external granule
cells to internal granular layer [31].

The amount and cellular localization of the expression of
ANP32A in Purkinje cells seemed to be associated with the
mice age and the position. In the cerebellum P12, ANP32A
was expressedmoderately in the nucleus of the Purkinje cells,
similar to some ANP32 proteins [25, 28], which scattered
evenly between the molecular layer and the granular layer.
However, in the cerebellum 5-6W, it was observed that
ANP32Awas localized in both the nucleus and the cytoplasm,
as well as dendrites arborization of Purkinje cells. And the
abundance of ANP32A in the Purkinje cells was varied
according to the site of gyrus cerebella, more strongly stained
in the head and less stained in the root of the adult mouse
gyrus cerebella by immunohistochemistry. It indicated that
ANP32A may associate with the differentiation and function
of Purkinje cells [32–34].

The distribution of ANP32A in the different adult brain
areas was dramatically diverse. Strongly stained nuclei were
observed in the external granular layer of cerebral cortex
and the granule cells in the cerebellum. MTE array showed
that ANP32A was abundant in the human nervous system
with high expression in cerebellum, temporal lobe, nucleus
accumbens, substantia nigra, and cerebral cortex.

The cerebellum is a region of the brain that plays an
important role in motor control. It may also be involved
in some cognitive functions such as attention and language,
and in regulating fear and pleasure responses. Its movement-
related functions are the most solidly established. Learning
how to ride a bicycle is an example of a type of neural
plasticity that may take place largely within the cerebellum
[31].The cerebral cortex plays a key role inmemory, attention,
perceptual awareness, thought, language, and consciousness.
The temporal lobe is one of the four major lobes of the
cerebral cortex in the brain of mammals. It is involved in

the retention of visual memories, processing sensory input,
and comprehending language [35]. Research has indicated
the nucleus accumbens has an important role in pleasure
including laughter, reward, and reinforcement learning [36].
The substantia nigra plays an important role in reward, addic-
tion, andmovement. Altogether, it implied that ANP32Amay
have important functions in neural plasticity for essential
acquired ability and participate in advancing nervous activity,
such as language, emotion, learning, and memory.

On the other hand, ANP32A was lowly expressed in
pons, medulla oblongata, and spinal cord. These areas of
nervous system function primarily in vital activity, such as
control sleep, respiration, swallowing, and motor organiza-
tion. ANP32A should have tiny effects on these functional
areas. In this context, it is not surprising that loss-of-function
mutants for ANP32A are not fatal.

In conclusion, ANP32A was abundant in the central
nervous system.The expression of ANP32A in the developing
brain was raised in a time-dependent manner. And the
distribution of ANP32A changed dramatically in different
brain areas and layer of cerebellum or cerebral cortex, which
implied the roles of ANP32A involved in differentiation and
specific functional regulation of neurons. Potential mech-
anisms of ANP32A in the development and differentia-
tion of nervous system may be involved in neuritogenesis
modulating, apoptosis regulating, and transcription control,
according to the protein localization in and out of the neurons
[22, 37, 38].
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The purpose of this paper is to explore the change of NF-𝜅B signaling pathway in intestinal epithelial cell induced by fission neutron
irradiation and the influence of the PI3K/Akt pathway inhibitor LY294002. Three groups of IEC-6 cell lines were given: control
group, neutron irradiation of 4Gy group, and neutron irradiation of 4Gy with LY294002 treatment group. Except the control group,
the other groups were irradiated by neutron of 4Gy. LY294002was given before 24 hours of neutron irradiation. At 6 h and 24 h after
neutron irradiation, themorphologic changes, proliferation ability, apoptosis, and necrosis rates of the IEC-6 cell lines were assayed
and the changes of NF-𝜅B and PI3K/Akt pathway were detected. At 6 h and 24 h after neutron irradiation of 4Gy, the proliferation
ability of the IEC-6 cells decreased and lots of apoptotic and necrotic cells were found. The injuries in LY294002 treatment and
neutron irradiation group were more serious than those in control and neutron irradiation groups. The results suggest that IEC-
6 cells were obviously damaged and induced serious apoptosis and necrosis by neutron irradiation of 4Gy; the NF-𝜅B signaling
pathway in IEC-6 was activated by neutron irradiation which could protect IEC-6 against injury by neutron irradiation; LY294002
could inhibit the activity of IEC-6 cells.

1. Introduction

As we all know, the pathological change of intestine induced
by neutron irradiation is on the whole elucidated, while the
mechanisms of injury were not elucidated completely. The
transcription factor nuclear factor-kappa B (NF-𝜅B) plays
a pivotal role in the cellular response to various kinds of
stress situations. Exposure to extracellular stimuli, such as
microbial products and proinflammatory cytokines, as well
as internally initiated stress signals derived from reactive
oxygen species, hypoxia, or endoplasmatic reticulum stress,
initiates signaling pathways that activate the gene expression-
inducing capacity of NF-𝜅B [1]. On the one hand, NF-
𝜅B plays an important role in inflammatory reaction; on

the other hand, NF-𝜅B can protect intestinal epithelial cell
against damage [2]. NF-𝜅B is composed of p65 and p50
subunit. NF-𝜅B combines together with the inhibitor of
kappa B (I𝜅B) family in the cytoplasm which is not activity.
Many extracellular stimulation can cause a series of cascade
reactions of intracell. I𝜅B kinase (IKK) family proteins
activate I𝜅B family proteins segregating NF-𝜅B and I𝜅B
family proteins; then, NF-𝜅B is activated and controls many
genes transcription [3, 4]. LY294002 is the classic inhibitor
of phosphatidylinositol-3-kinase (PI3K). PI3K and Akt can
induce NF-𝜅B activation. LY294002 inhibits the activation
of PI3K/Akt which can inhibit the activation of NF-𝜅B at
the same time [5]. We established intestinal epithelial cell
model injured by neutron irradiation of 4Gy, to study the
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protection ofNF-𝜅B signaling pathway on intestinal epithelial
cell injured by neutron irradiation and explore how PI3K/Akt
regulate NF-𝜅B signaling pathway. Our studiesmight provide
important theoretical and practical evidence about intestine
injured by neutron irradiation.

2. Materials and Methods

2.1. Cell Culture and Reagents. Intestinal epithelial cell num-
ber 6 (IEC-6) cell lines (origin of SD rat) were kindly provided
by Professor Qingliang Luo. IEC-6 cells were inoculated in
Dulbecco’smodified eaglemedium (DMEM) (Sigma-Aldrich
Company, New Jersey, USA). The media were supplemented
with 10% fetal bovine serum (FBS) (Yuan Heng Sheng
Ma Biology Technology Research Institute, Beijing, China).
The culture solutions were replaced every two days and
IEC-6 cells were subcultured by trypsinization every three
days. Three groups were randomly given: control group,
neutron irradiation group, and LY294002 (Cell Signaling
Technology Company, Beverly, MA, USA) treatment group.
LY294002 was purchased from Cell Signaling Technology
and 40 millimolar (mM) stock solutions of LY294002 in
dimethyl sulfoxide (DMSO) (Beijing Chemical Reagent Fac-
tory, China) were stored at −20∘C. LY294002 was added
into the culture solutions 24 hours before neutron irradia-
tion (final LY294002 concentration was 10 𝜇M). The control
groups received isovolumic DMSO. Annexin V fluorescein
isothiocyanate (Annexin V-FITC) kit was from Beijing Bao
Sai Biotech of China. Anti-NF-𝜅B and anti-phosphor-NF-
𝜅B, anti-IKK𝛼/𝛽 and anti-phosphor-IKK𝛼/𝛽, and anti-I𝜅B𝛼
and anti-phosphor-I𝜅B𝛼 antibodies were purchased from
Cell Signaling Technology Company of America (NF-𝜅B
Pathway Sampler Kit, including primary antibodies and sec-
ondary antibodies, all antibodies were stored at–20∘C). Anti-
PI3K and anti-phosphor-PI3K, anti-Akt and anti-phosphor-
Akt antibodies were also purchased from Cell Signaling
Technology Company of America. All primary antibodies
were diluted to 1 : 1000 in 0.1% Tween in tris-buffered saline
(TBS-T). Secondary antibodies were diluted to 1 : 5000 in
0.1% TBS-T. Anti-glyceraldehyde-3-phosphate dehydroge-
nase (GAPDH) was gotten fromKangChen Biotechnology of
China (stored at 4∘C). Anti-GAPDH was diluted to 1 : 10 000
in 0.1% TBS-T.

2.2. Neutron Irradiation. Fission neutron source was pro-
vided by Nuclear Energy Technology Design Academy of
Tsinghua University, Beijing, China.The power of the reactor
is 50 kilowatt (kW). The rate of neutron and 𝛾 ray is 9 : 1
(neutron occupies 90%). The average energy of neutron was
1.33MeV. The dose rate of neutron was 39.04cGy/min and
its absorbed dose was 4Gy. The IEC-6 cell culture bottles
were fixed on a plastic disc. When the IEC-6 cell culture
bottles were radiated by neutron, the plastic disc was rotating
(rotation speed of 10 cycles per minute) in order to assure the
IEC-6 cells received even neutron irradiation.

2.3. Inverted Phase Contrast Microscope (IPCM) Assay. The
morphologic changes of the IEC-6 cells were observed

by IPCM (Olympus, Japan) at 6 h and 24 h after neutron
irradiation.

2.4. 3-(4,5-Dimethylthiazol-2-yl)-2,5-diphenyltetrazolium
Bromide (MTT) Assay. IEC-6 cells were inoculated in
96-pore plate (cell density 3∼5 × 104/mL, 200𝜇L/pore). The
IEC-6 cells were assayed by MTT (Gibco, USA) colorimetry
at 6 h and 24 h after neutron irradiation of 4Gy. Experiment
procedure: (1) add 20 𝜇L MTT solution into each pore
of the 96-pore plate; (2) put the 96-pore plate into 37∘C
attemperator for 4 h; (3) suck and discard the supernatant
and add 200𝜇L DMSO into each pore of the 96-pore
plate; (4) fix the 96-pore plate onto a shaker and shake
it thoroughly so that the crystallizations were dissolved
completely; (5) assay the optical density (OD) value of each
pore by means of an enzyme linked immunosorbent assay
detector (wavelength of 570 nm).

2.5. Flow Cytometry (FCM) Assay. The apoptosis and necro-
sis rates of the IEC-6 cells were assayed at 6 h and 24 h after
neutron irradiation of 4Gy. Experiment procedure according
to Annexin V-FITC kit (Bao Sai Biology Technology Com-
pany, Beijing, China) instruction: (1) trypsinize the IEC-6
cells by 0.25% trypsin and wash them at 4∘C 0.1% phosphate
buffered solution (PBS) by centrifuge; (2) modulate the IEC-
6 cells concentration to 5×105∼1×106/mL and wash them at
4∘C 0.1% PBS by centrifuge again; (3) suspend the IEC-6 cells
in 200𝜇L buffer solution; (4) add 10mL Annexin V-FITC
and 5mL propidium iodide (PI) into the buffer solution; (5)
admix above-mentioned solution uniformly and leave the
solution to react at the room or 4∘C temperature in the dark;
(6) add 300 𝜇L binding buffer into above-mentioned solution
and then assay the apoptosis and necrosis rates of the IEC-6
cells by FCM (B-D, America).

2.6. Western Blotting Assay. IEC-6 cells were collected and
the total proteins were extracted at 6 h and 24 h after
neutron irradiation of 4Gy. Proteins were extracted using
a Whole Cell Extraction Kit (EMD Millipore Corporation,
Billerica, MA, USA), according to the instructions. The
proteins were separated in the sodium dodecyl sulfate poly-
acrylamide gel electrophoresis (SDS-PAGE) and transferred
to the polyvinylidene difluoride (PVDF) membrane (EMD
Millipore Corporation, Billerica, MA, USA). We judged
the interest protein straps according to the protein marker.
The PVDF membranes were blocked in 5% nonfat milk
(diluted in 0.1% TBS-T) for 2 h at room temperature. The
PVDF membranes were probed with primary antibodies on
the rocking bed overnight at 4∘C, washed in 0.1% TBS-T
three times of 10 minutes, and incubated with appropri-
ate secondary antibodies on the rocking bed for 1 h at
room temperature. Antibody binding was detected using
enhanced chemiluminescence (ECL) Pro-Light horseradish
peroxidase (HRP) kit (Tiangen Biotechnology Company,
Beijing, China) and photos were taken by means of Fluo-
rChem FC2 imaging system (Nature Gene, America). Sig-
nals were quantified using CMIAS-II image analysis system
(Beijing University of Aeronautics & Astronautics, Beijing,
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(a) Control

(b) Six h after neutron radiation of 4Gy (c) Twenty-four h after neutron radiation of 4Gy

(d) Six h after neutron radiation of 4Gy with
LY294002 treatment

(e) Twenty-four h after neutron radiation of 4Gywith
LY294002 treatment

Figure 1: The changes of IEC-6 appearance (IPCM, magnification of 200x). (a) Control, the IEC-6 cells looked like applanatus polygon
or fusiform shape and aggregated together shape of chrysanthemum thyse appearance. (b) Six h after neutron radiation of 4Gy, the IEC-6
cells swelled and became approximately round shaped and lots of dead cells floated on the culture solution. (c) Twenty-four h after neutron
radiation of 4Gy, the cells were injured more seriously than those of 6 h after neutron irradiation. ((d), (e)) Neutron irradiation of 4Gy with
LY294002 treatment group cells, the cells were injured more seriously than those of the neutron irradiation group.

China) and compared with the integral optical density (IOD)
values.

2.7. Statistical Analysis. The data were analyzed by one way
ANOVAusing of the statistical package for the social sciences
(SPSS) 13.0 statistical software.The data were described using
mean and standard deviation (𝑋 ± 𝑠). Comparing with
control group, ∗ was 𝑃 < 0.05, ∗∗ was 𝑃 < 0.01; comparing
with neutron irradiation group, # was 𝑃 < 0.05, ## was
𝑃 < 0.01. Values of 𝑃 < 0.05 were considered statistically
significant.

3. Results

3.1. Morphologic Changes of IEC-6. The control group IEC-6
cells grew side by side tightly adhering to the culture flask.
The IEC-6 cells aggregated together and looked like cluster
or chrysanthemum thyse appearance. The IEC-6 cells looked
like applanate polygon or fusiform shape (Figure 1(a)). At 6 h
and 24 h after neutron irradiation of 4Gy, the IEC-6 cells
swelled and became approximately round shaped and lots of
dead cells floated on the culture solution (Figures 1(b) and
1(c)).The LY294002 treatment group IEC-6 cells were injured
more seriously than neutron irradiation group (Figures 1(d)
and 1(e)).
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Figure 2: The proliferation ability changes of IEC-6 cells after
neutron irradiation of 4Gy and using of LY294002 (C: control group;
N: neutron irradiation group; LY: neutron irradiation of 4Gy with
LY294002 treatment group).

3.2. Proliferation Ability of IEC-6. The proliferation ability
of the control group IEC-6 cells was increased gradually
in 24 h. The proliferation ability of the neutron irradiation
group IEC-6 cells was decreased obviously in 24 h of neutron
irradiation of 4Gy. The descent tendency of the LY294002
treatment group cells was more obvious than that of the
neutron irradiation group. Figure 2 showed the results of
statistical analysis.

3.3. Apoptosis and Necrosis Rates of IEC-6. The apoptosis and
necrosis rates of the IEC-6 cells were increased obviously at
6 h and 24 h after neutron irradiation of 4Gy. The apoptosis
rates of the IEC-6 cells were the peak value at 6 h after neutron
irradiation, while most of the cells appeared necrosis at 24 h
after neutron irradiation. The apoptosis and necrosis rates of
the LY294002 treatment group IEC-6 cells were higher than
those of the neutron irradiation group cells. Figure 3(a) (A, B,
C, D, E, F) showed the scatterplot of apoptosis and necrosis
of IEC-6 exposed to neutron irradiation of 4Gy and treated
by LY294002. Figures 3(b) and 3(c) showed the results of
statistical analysis.

3.4. Expressions of the Key Signaling Molecule of
NF-𝜅B Signaling Pathway in IEC-6 (Figure 4)

3.4.1. NF-𝜅B (p65) and Phosphor-NF-𝜅B. The expressions of
NF-𝜅B (p65) in the IEC-6 cells were upregulation at 6 h
and 24 h after neutron irradiation of 4Gy. The expressions of
phosphor-NF-𝜅B in the IEC-6 cells were upregulation from
30min to 6 h (reaching peak at 6 h) after neutron irradiation
of 4Gy, while no expressions were assayed at 12 h and 24 h
after neutron irradiation of 4Gy. The expressions of NF-𝜅B
(p65) and phosphor-NF-𝜅B were inhibited by LY294002.

3.4.2. IKK𝛼, IKK𝛽, and Phosphor-IKK𝛼/𝛽. The expressions
of IKK𝛼 and IKK𝛽 in the IEC-6 cells were upregulation at
6 h and 24 h after neutron irradiation of 4Gy. There were two
subunits in IKKs (𝛼/𝛽), so two electrophoresis strips were
assayed for phosphor-IKK𝛼/𝛽. The expressions of phosphor-
IKK𝛼/𝛽 in the IEC-6 cells were upregulation from 30min

to 6 h (reaching peak at 6 h) after neutron irradiation of
4Gy, while no expressions were assayed at 12 h and 24 h after
neutron irradiation of 4Gy. The expressions of IKK𝛼, IKK𝛽,
and phosphor-IKK𝛼/𝛽 were inhibited by LY294002.

3.4.3. I𝜅B𝛼 and Phosphor-I𝜅B𝛼. The expressions of I𝜅B𝛼 in
the IEC-6 cells were downregulation at 6 h and 24 h after
neutron irradiation of 4Gy. No expressions of phosphor-I𝜅B𝛼
were assayed at 30min and 2 h after neutron irradiation of
4Gy, while the expressions of phosphor-I𝜅B𝛼 reached peak
at 6 h after neutron irradiation of 4Gy. No expressions were
assayed at 12 h and 24 h after neutron irradiation of 4Gy. The
expressions of I𝜅B𝛼 and phosphor-I𝜅B𝛼 were increased by
LY294002.

3.5. Expressions of PI3K and Phosphor-PI3K, Akt and
Phosphor-Akt in IEC-6. The expressions of PI3K in the IEC-6
cells were upregulation at 6 h and 24 h after neutron irra-
diation of 4Gy. The expressions of phosphor-PI3K and
phosphor-Akt in the IEC-6 cells were upregulation from
30min to 6 h (reaching peak at 6 h) after neutron irradiation
of 4Gy, while no expressions were assayed at 12 h and 24 h
after neutron irradiation of 4Gy. The expressions of PI3K
and phosphor-PI3K, Akt and phosphor-Akt were inhibited
by LY294002. Figures 5 and 6 showed the results of Western
blotting.

4. Discussion

As we all know, neutron is high lineal energy transfer (LET)
ionizing irradiation which can cause bodies more severe
damage than 𝛾 rays. The intestine is highly sensitive to
neutron irradiation, severely injured by neutron irradiation,
and hard to recover. Unfortunately, there is still no effective
therapeutic measure so far. IEC-6 cells coming from the
normal SD rat jejunum crypt epithelial cells can reflect the
characteristics of the intestine epithelial cells and can be
generally used in the study on the in vitro model of intestine
diseases. IEC-6 cells are highly sensitive to ionizing radiation.
When the cell lines were irradiated by ionizing radiation,
their proliferation activity decreased seriously and there was
obvious dose-effect relationship [6]. Therefore, in this study,
intestinal epithelial cell (IEC) model was made which was
injured by neutron irradiation of 4Gy. We would investigate
NF-𝜅B signaling pathway in the regulation of IEC damaged
by neutron irradiation. This could be sought to elucidate
the molecular mechanism of neutron irradiation-induced
intestinal injury, which might help to find new potential
therapies. At the same time, we would study how PI3K (the
upstream signaling molecule of NF-𝜅B) regulates the NF-𝜅B
signaling pathway.

NF-𝜅B is an important nuclear factor which resides in
cells widely. It is composed of p65 and p50 which are the two
important subunits. NF-𝜅B combines I𝜅B (repressor of NF-
𝜅B) which forms an unreactive trimer in the quiescent con-
dition cytoplasm. Lots of extracellular harmful factors such
as tumour necrosis factor-𝛼, lymphotoxin-𝛽, and irradiation
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and using of LY294002

C
N
LY

0

5

10

15

20

25

6 24

∗∗#
∗∗∗∗#

∗∗

Time after irradiation (h)

Ra
te

 o
f n

ec
ro

sis
 (%

)

(c) The necrosis rates of IEC-6 cells after neutron irradiation of 4Gy
and using of LY294002

Figure 3:The apoptosis and necrosis rates of IEC-6 cells after neutron irradiation of 4Gy and using of LY294002 (C: control group; N: neutron
irradiation group; LY: neutron irradiation of 4Gy with LY294002 treatment group).

can activate I𝜅B kinase (IKK)which can lead to I𝜅B phospho-
rylation and ubiquitination, degradation. At the same time, as
soon asNF-𝜅Bp50/65 subunits are liberated in the cytoplasm,
NF-𝜅B is then free to translocate to the nucleus and bindDNA
leading to the activation of target genes [6–8]. In the previous
reports, many studies showed NF-𝜅B regulates the target
genes correlation with immune and inflammatory reaction.
However, now, more and more studies showed NF-𝜅B also
could regulate some genes correlation with cell proliferation,
apoptosis, and differentiation [9, 10].

PI3K is the upstream molecule of NF-𝜅B signaling
pathway. NF-𝜅B signaling pathway activation depends on

PI3K/Akt activating in some cell injury models. Activating
NF-𝜅B signaling pathway can negatively regulate apopto-
sis and improve the cells proliferation [11, 12]. LY294002
is the classic inhibitor of PI3K; it can specifically inhibit
the activation of PI3K which can lead to inhibiting the
activation of PI3K/Akt signaling pathway [13]. Some extra-
cellular harmful factors such as virus, interferon, and irra-
diation can activate PI3K/Akt signaling pathway which
can induce NF-𝜅B signaling pathway activation [14, 15],
while up to now, there are no studies on the func-
tion mechanism of NF-𝜅B signaling pathway in intesti-
nal epithelial cell injured by neutron irradiation and how
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neutron irradiation of 4Gy and using of LY294002 (C: control group; N:
neutron irradiation group; LY: neutron irradiation of 4Gy with LY294002
treatment group)
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irradiation of 4Gy and using of LY294002 (C: control group; N: neutron
irradiation group; LY: neutron irradiation of 4Gy with LY294002 treat-
ment group)

Figure 4: The expressions of key molecules of NF-𝜅B signaling pathway in IEC-6 cell lines after neutron irradiation of 4Gy and using of
LY294002 (C: control group; N: neutron irradiation group; LY: neutron irradiation of 4Gy with LY294002 treatment group).

PI3K/Akt signaling pathway regulates NF-𝜅B signaling path-
way.

In this study, we found IEC-6 cell lines showed seri-
ous apoptosis and necrosis and cell proliferation activity
depression after being irradiated by neutron of 4Gy, while
the IEC-6 cells treated by LY294002 (inhibitor of PI3K)
and exposed to neutron irradiation of 4Gy showed higher
apoptosis and necrosis rates than the neutron irradiation
group cells.The expression of the critical signaling molecules

of NF-𝜅B signaling pathway in the IEC-6 cells such as NF-
𝜅B (p65) and IKK𝛼/𝛽 was upregulated after being irradiated
by neutron of 4Gy, while I𝜅B𝛼 (the repressor of NF-𝜅B)
was downregulated. The expression of PI3K in the IEC-6
cell lines was upregulated after neutron irradiation of 4Gy,
while using LY294002 could inhibit the expression of PI3K.
We also found LY294002 could downregulate the expression
of NF-𝜅B (p65) and IKK𝛼/𝛽. These results showed neutron
irradiation could activate the NF-𝜅B signaling pathway in
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Figure 5: The expressions of PI3K and p-PI3K in IEC-6 cells after
neutron irradiation of 4Gy and using of LY294002 (C: control group;
N: neutron irradiation group; LY: neutron irradiation of 4Gy with
LY294002 treatment group).
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Figure 6: The expressions of Akt and p-Akt in IEC-6 cells after
neutron irradiation of 4Gy and using of LY294002 (C: control group;
N: neutron irradiation group; LY: neutron irradiation of 4Gy with
LY294002 treatment group).

IEC-6 cells. Moreover, PI3K could positively regulate NF-𝜅B
signaling pathway in IEC-6 cells, while using the inhibitor
of PI3K could also inhibit the activation of NF-𝜅B pathway
which led to aggravating the IEC-6 cells damage.

In this study, we explored the function ofNF-𝜅B signaling
pathway in the IEC-6 injured by neutron irradiation. We
found neutron irradiation could activate NF-𝜅B signaling
pathway and PI3K positively regulated NF-𝜅B signaling
pathway in IEC-6 cells, while LY294002, inhibitor of PI3K,
could also inhibit the activation of NF-𝜅B signaling pathway
in IEC-6 cells irradiated by neutron of 4Gy which led to

aggravating the IEC-6 cells injury. On the contrary, this result
indicated that activating NF-𝜅B signaling pathway could
protect the IEC-6 cells injured by neutron irradiation. This
discovery provided theoretical evidence and foundation for
elucidating the molecule mechanism of intestine damaged by
neutron irradiation and finding new therapy target.

5. Conclusions

Results of this study suggest that IEC-6 cells were obviously
damaged and induced serious apoptosis and necrosis by
neutron irradiation of 4Gy; the NF-𝜅B signaling pathway in
IEC-6 was activated by neutron irradiation which could pro-
tect IEC-6 against injuries by neutron irradiation; LY294002
could inhibit the proliferation activity of IEC-6 cells.
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Parkinson’s disease (PD) is a neurodegenerative movement disorder that is characterized by the progressive degeneration of the
dopaminergic (DA) pathway. Mesenchymal stem cells derived from human umbilical cord (hUC-MSCs) have great potential for
developing a therapeutic agent as such. HGF is amultifunctionalmediator originally identified in hepatocytes and has recently been
reported to possess various neuroprotective properties. This study was designed to investigate the protective effect of hUC-MSCs
infected by an adenovirus carrying theHGF gene on the PD cell model induced by MPP+ on human bone marrow neuroblastoma
cells. Our results provide evidence that the cultural supernatant from hUC-MSCs expressing HGF could promote regeneration of
damaged PD cells at higher efficacy than the supernatant from hUC-MSCs alone. And intracellular free Ca2+ obviously decreased
after treatment with cultural supernatant from hUC-MSCs expressing HGF, while the expression of CaBP-D28k, an intracellular
calcium binding protein, increased. Therefore our study clearly demonstrated that cultural supernatant of MSC overexpressing
HGF was capable of eliciting regeneration of damaged PDmodel cells. This effect was probably achieved through the regulation of
intracellular Ca2+ levels by modulating of CaBP-D28k expression.

1. Introduction

Parkinson’s disease (PD) was first described by British physi-
cian James Parkinson in 1817, which is a progressive degener-
ative disease of the central nervous system of the elderly. The
clinical symptoms include tremor,muscle rigidity, bradykine-
sia, and postural instability, which seriously affect the quality
of life. The main pathological changes are believed to be
the degeneration of dopaminergic neurons in the substantia
nigra pars compacta (SNpc) and their terminals in the
striatum [1, 2]. Current treatment for PD relies on medicine,
such as levodopa, that alleviates early symptoms but failed
to prevent disease progression. In recent years, cell and gene
therapies have gained traction in the treatment of PD with
the focus on the regeneration of dopamine (DA) producing
neurons [3, 4]. Mesenchymal stem cells are multipotent that

can be differentiated into various cells ofmesodermal lineage.
They can be obtained from several sources including bone
marrow, adipose tissue, placenta, umbilical cord, and cord
blood. Human umbilical cordmesenchymal stem cells (hUC-
MSC) due to its availability through noninvasive procedure
have demonstrated advantages that become one of the top
choices for repairing the damaged neurons [5]. Hepatocyte
growth factor (HGF) is a multifunctional growth factor
produced by stromal cells. It activates the signal transduction
cascade through tyrosine phosphorylating its protooncogenic
c-Met receptor. Although it was discovered originally as a
growth factor for hepatocytes, it has been demonstrated to be
involved in differentiation, proliferation, and regeneration of
variety of cells [6–8]. Expression of HGF is found in human
brain tissue and is believed to be a survival factor for motor
and sensory neurons [9–11]. Salehi and Rajaei reported that
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HGF could be involved in the pathogenesis of Parkinson’s
disease [12]. One of the sources for HGF is MSC itself, and it
has been shown thatHGF signaling plays a critical role during
organogenesis [13].

Our previous study has shown that hUC-MSC being
infected by an adenovirus carrying the HGF gene (Ad-HGF)
can express dopaminergic neuron specific marker tyrosine
hydroxylase and dopamine transporter; in addition, the
dopamine levels in the culturalmediumof these cells increase
significantly [14]. Our finding indicated that hUC-MSCwhen
overexpressing HGF has the differentiation potential for
dopaminergic neuron. We hypothesized that the supernatant
of hUC-MSC-HGFmay contain important factors for neuron
cell differentiation and damage repair. To verify that, we
designed the present study to treat PD model cells with cell
culture supernatant of hUC-MSC overexpressing HGF, and
the recovery of cell viability was observed and mechanisms
were investigated.

2. Materials and Methods

2.1. Reagents, Antibodies, and the Expression Vectors. Ade-
novirus expressing green fluorescent protein gene (Ad-
GFP) was provided by Beckman Medical Instruments, USA.
Recombinant adenovirus carrying HGF gene (Ad-HGF) was
constructed in our lab. Umbilical cord tissue was obtained
from the Gynecology Department of the 148 Hospital. All
donors have signed informed consent and the study was
approved by the ethics committee of the 148 Hospital. MPTP,
CaBP-D28k antibody, and Fluo-3-AM were purchased from
Sigma (USA).

2.2. hUC-MSC Preparation. Isolation and verification of
hUC-MSC were carried out based on previously described
protocols, and determination on Ad-HGF optimal transfec-
tion efficiency was performed based on protocols described
previously [14].

2.3. Preparation of ConditionedMedium. ThehUC-MSCcells
were infected by Ad-HGF at 200 MOI for 48 hours, and the
supernatant (CM-HGF) was centrifuged using ultrafiltration
tubes at 3000 r/min at 4∘C for 1.5 h. The centrifugation
was repeated three times until the original culture super-
natant was concentrated for 7.5 folds and subsequently was
stored at −80∘C. Supernatant from hUC-MSC cells culture
medium without adenovirus infection (CM-MSC) was also
centrifuged in the same manner.

2.4. Analysis of HGF Protein Level by ELISA. The hUC-
MSCs were transfected with Ad-HGF at a MOI of 200 in
serum-free F12 for 2 h. The supernatants were harvested at
different time-points after transduction (24 h, 48 h, and 72 h).
Concentrations of immunoreactive HGF in the supernatant
were measured by enzyme linked immunosorbent assay
(ELISA). ELISA plates (R&D system) were coated overnight
at room temperature with 100 𝜇L of a 12 𝜇g/mL solution of
affinity purified anti-HGF diluted in 1X antibody coating
buffer. Following 2 washes with 1X wash buffer, the plate was

blocked with 300 𝜇L of 1X General Blocker Buffer for 3–6 h
at room temperature. Blocking solution was removed, and
the plate firmly was tapped on absorbent paper to remove
excess liquid and was used immediately. Ninety-five 𝜇L of
general assay dilutant was added to each well, followed by
5 𝜇L of standard blank (purified HGF) or serum samples.
The plate was then sealed and incubated overnight at 4∘C.
Following 5 washes with 1X washing buffer, 100𝜇L of HRP-
conjugated secondary antibody was added to each well and
the plate was incubated again for 1 h at room temperature.
The plate was washed 5 additional times. After complete
removal of excess solution, 100𝜇L of TMB substrate was
added to each well. Following a 15-minute incubation period
at room temperature, 100 𝜇L of stop solution was added and
the absorbance at 450 nm was read using a plate reader (Bio-
Rad). Concentrations of HGF in the samples were calculated
relative to the exponential standard curve obtained from the
standard included in each assay.

2.5. Preparation of PD Cell Model. SH-SY5Y cells in loga-
rithmic growth phase were incubated in 96 well plates at a
density of 5× 104/mL and 100 𝜇L/well for 12 h and then treated
with MPP+ of various concentrations for 24 h. Cell viability
was assessed by adding 10 𝜇L of CCK-8 (Dojindo Molecular
Technologies) to the culture and continuing incubation for
2 h. Cell viability wasmeasured by spectrometry with 450 nm
wavelength. The concentration of MPP+ for desired cell
damage was determined for PD cell model based on cell
viability.

2.6. SH-SY5Y Cell Proliferation Measurement. SH-SY5Y cells
are divided into 4 groups: normal cells (control group), cells
treated with MPP+ (model group), PD model treated with
CM-MSC for 24 or 48 h (CM-MSC group), and PD model
treated with CM-HGF for 24 or 48 h (CM-HGF group). Cell
viability was assessed by CCK-8 assay as described above.

2.7. Observation on Ca2+ Changes in SH-SY5Y Cells by Con-
focal Microscope. SH-SY5Y cells were washed 3 times with
PBS after various treatments and incubated with Fluo-3-AM
(5 𝜇M) at 37∘C or room temperature for 0.5 to 1 h. Cells were
rinsed 2∼3 times and observed under confocal microscope.
Cell images were analyzed by LaserSharp 2000 image analysis
software.

2.8. Western Blot. Cells were collected and lysed after var-
ious treatments indicated. The protein concentration was
determined using the Bio-Rad protein assay kit (Bio-Rad,
Hercules, CA,USA).The sampleswere separated by 12%SDS-
PAGE and transferred to PVDF membranes. CaBP-D28k
expression was detected with rabbit anti-CaBP-D28k anti-
body (Sigma) and subsequent HRP-conjugated secondary
antibody. Image was analyzed for densitometry with BIO-
RAD Quantity One software. The blots were probed with an
anti-𝛽-actin antibody (Sigma) for loading quantity.

2.9. Statistical Analysis. Statistical analysis was performed
using SPSS10.0 software. One-way ANOVA was used for
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Figure 1: The concentration of HGF in cells supernatant was
detected by ELISA. After the hUC-MSCs were transduced with
Ad-HGF, HGF gradually accumulated in hUC-MSCs supernatant,
peaking at about 120 ng/mL at 48 h. Levels remained stable at
about 15 ng/mL in the Ad-GFP and blank control group. Indeed,
statistically significant differences emerged between the control and
Ad-HGF groups upon analysis (∗∗𝑃 < 0.01).

comparison between two groups. All data were presented
as mean ± standard deviation (𝑥 ± 𝑠), and 𝑃 < 0.05 was
considered statistically significant.

3. Results

3.1. hUC-MSC Isolation. We have previously shown that
hUC-MSC can be successfully isolated from human umbil-
ical cord, which expresses CD29, CD44, and CD105, the
known surface markers for mesenchymal stem cells, but not
hematopoietic stem cellmarker CD45 or epithelia cell marker
CD31 [14].Themaximum infection efficiency can be achieved
when the hUC-MSC cells were infected by adenovirus at the
m.o.i. of 200, as shown by flow cytometry and fluorescence
microscopy (data not shown).

3.2. The Concentration of HGF Increased in hUC-MSCs
Supernatant after Transduction with Ad-HGF. As shown
in Figure 1, HGF accumulated to about 75 ng/mL in the
supernatant at 24 h inAd-HGF groups. It gradually increased,
peaking at 120 ng/mL at 48 d. At 72 d, concentration of HGF
declined slightly to approximately 115 ng/mL. In blank control
and Ad-GFP groups, HGF concentration remained stable at
about 15 ng/mL (Figure 1). It is clear that HGF protein level
obviously increased after infection with Ad-HGF than hUC-
MSC cells alone at different time-point (∗∗𝑃 < 0.01).

3.3. Establishment of PD Model with MPP+ Treated SH-SY5Y
Cells. Human neuroblastoma cell line SH-SY5Y is one of the
widely used cell lines for studying the neurodegeneration
and neurotoxicity related to PD. It has been shown that
undifferentiated SH-SY5Y cells are susceptible to neurotoxin
such as MMP+. SH-SY5Y cells were treated with various
concentrations of MMP+ for 24 h. CCK-8 assay was used to
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Figure 2: Cell viability of SH-SY5Y after being treated with various
concentrations of MMP+ as assessed by CCK-8 assay. The results
show that, with the increasing concentration of MMP+, SH-SY5Y
cell viability decreased significantly at 500, 1000, and 1500 𝜇M
MMP+ compared to the control group (∗𝑃 < 0.05, ∗∗𝑃 < 0.01).

assess the survival of the cells after treatment. A decreased
cell viability was seen with the increase of the MMP+
concentration. Cell survival was about 90% at 250𝜇mol/L
of MMP+ and dropped to 73.09%, 60.0%, and 50.0% at the
concentrations of 500, 1000, and 1500 𝜇M MPP+, respec-
tively. Significant differences were found in the later three
groups compared with the control group (Figure 2, 𝑃 <
0.05). Treatment ofMMP+ at a concentration of 1000 𝜇Mwas
chosen for PD model.

3.4. Protection on Damages of PD Model by CM-HGF and
CM-MSC. SH-SY5Y cells treated withMMP+ at 1000 𝜇Mfor
24 h were used as the established PD model. These cells were
incubated with CM-HGF or CM-MSC, and CCK-8 assay
was employed to study the viability of the cells. As shown
in Figure 3(a), both CM-HGF and CM-MSC treatments
were able to regenerate the damaged SH-SY5Y cells. At
48 hours after treatment, the proliferative effect from CM-
HGF was more significant than that from CM-MSC (𝑃 <
0.05). Cell viability of PD model cells treated with CM-
HGF was significantly higher compared to that of CM-MSC
treated or untreated normal cells. Viability of PD model cells
treated with CM-MSC as measured by O.D. 450 showed no
significant difference compared to the normal control group
at 48 h culture (𝑃 > 0.05), while the OD 450 value of the CM-
HGF treated group was significantly higher than the normal
control group (𝑃 < 0.05, Figure 3(a)).These results suggested
that CM-HGF and CM-MSC could promote regeneration of
SH-SY5Y. Under the microscope, while the control cells were
showed in good condition with clear edge, most of the PD
model cells (MMP+ treated for 72 h) appeared to have nuclear
condensation and drastically shrunken cell bodies. However,
these morphologies were significant improved after these
cells were treatedwith CM-HGF andCM-MSC (Figure 3(b)).

3.5. Intracellular Ca2+ after Being Treated with CM-HGF and
CM-MSC. Fluo-3-AM can be used as a calcium indicator
due to its property ofmarked increased fluorescence intensity
when it is bound with Ca2+. It has low affinity for Ca2+
and can be readily dissociated. Therefore, it is ideal for
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Figure 3: (a) Cell viability of SH-SY5Y underwent various treatments. Control: no-treatment; model: treated with MMP+ at 1000𝜇M; CM-
MSC: treated withMMP+ at 1000𝜇Mand then incubated with cultural supernatant of hUC-MSC; CM-HGF: treated withMMP+ at 1000𝜇M
and then incubated with cultural supernatant of hUC-MSC infected with Ad-HGF. Viability in PD model cells was significantly decreased
compared to control ($𝑃 < 0.01). After being treated with either CM-HGF or CM-MSC for 48 h, cell viability was significantly increased
compared to the PDmodel (∗∗𝑃 < 0.01) and compared with the normal control group (&𝑃 < 0.05). Significant difference between CM-MSC
and CM-HGF treatment was seen after 48 h treatment (#𝑃 < 0.05). (b) Microscopic images of cells with various treatments. The SH-SY5Y
cells under each treatment were stained with crystal violet and observed under an inverted microscope.

measuring rapid and minimal changes of intracellular Ca2+.
LSCM was used to study the intracellular Ca2+ in these cells.
Compared with the normal control cells, PD model cells
showed enhanced intracellular fluorescence upon Fluo-3-AM
staining, indicating an increase of intracellular free Ca2+.
Intracellular fluorescence intensity weakened after these
cells were treated with CM-HGF or CM-MSC, indicating
decreased intracellular free Ca2+ (Figure 4(a)). Cell fluores-
cence intensity was quantified with LaserSharp 2000 software
by quantifying randomly picked 10 cells in each optical area
(Figure 4(b)). The fluorescence intensity in cells of the PD
modelwas significantly higher than that of the normal control
cells (∗𝑃 < 0.05), whereas the fluorescence intensity in cells
of the PD model treated with CM-MSC, though lower than
that of the untreated PD model cells, was still significantly
higher than that of the normal cells (∗∗𝑃 < 0.01). The
fluorescence intensity of PD model treated with CM-HGF

was higher than that of the normal control, but there is no
significant difference between them (𝑃 > 0.05). Comparing
the intracellular fluorescence intensity between PD model
cells and PD model cells treated with either CM-HGF or
CM-MSC, it was found that both treatments significantly
decreased the intracellular free Ca2+ levels (#𝑃 < 0.01).
In addition, CM-HGF treatment showed a better efficacy
in reducing the intracellular free Ca2+ levels than CM-MSC
treatment, as indicated by the lower fluorescence intensity
in CM-HGF treated cells than in the CM-MSC treated cells
($𝑃 < 0.05, Figure 4(b)).

3.6. Expression of CaBP-D28k in CM-MSC and CM-HGF
Treated Cells. Calbindin CaBP-D28k is a high affinity
calcium-binding protein that plays an important role in
calcium homeostasis. CaBP-D28k has been indicated to
confer protection to SNC dopaminergic neurons against
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Figure 4: (a) Confocal microscope image of cells underwent various treatments. Fluo-3-AM was added to cells after incubation with CM-
MSC or CM-HGF, and fluorescence was observed with LSCM. (b) Fluorescence intensity analysis with LaserSharp 2000 software. ∗𝑃 < 0.05,
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𝑃 < 0.05, between CM-MSC and CM-HGF.

Control Model CM-MSC CM-HGF

CaBP-D28k

𝛽-Actin

(a)

0

5000

10000

15000

20000

25000

Control Model CM-MSC CM-HGF

Re
la

tiv
e a

bu
nd

an
ce

∗∗

#

#

$

(b)

Figure 5: (a) Western blot results of total cell lysates for CaBP-
D28k expression after various treatments. (b) Densitometry analysis
with Quantity One software. 𝛽-actin was used as a loading quantity
reference on which the expression levels of CaBP-D28k were
normalized. ∗∗𝑃 < 0.01, betweenmodel cells and control; #𝑃 < 0.05,
between CM-HGF or CM-MSC andmodel cells; $𝑃 < 0.05, between
CM-HGF and CM-MSC.

certain pathological process related to PD. The expression
of CaBP-D28k was assessed by Western blot analysis in
the PD cell model that underwent various treatments. As
shown Figure 5, the expression of CaBP-D28k in SH-SY5Y
cells treated with MPP+ (PD model cell) was significantly
decreased compared to the normal cells. However, when

these cells were treated with CM-MSC or CM-HGF, the
expression of CaBP-D28k was elevated. Densitometry anal-
ysis showed that the differences between the normal control
and PD model cells were statistically significant (∗∗𝑃 <
0.01). Both CM-HGF and CM-MSC treatments significantly
upregulated CaBP-D28k expression (#𝑃 < 0.05); however,
the efficacy of CM-HGF was shown to be significantly more
potent than that of CM-MSC ($𝑃 < 0.05).

4. Discussion

MSCs are multipotent stem cells that can be easily obtained
and expanded without getting involved with ethical issues.
MSCs are of low immunogenicity, able to pass through the
blood-brain barrier after intravenous transplantation, and
have long survival time after transplantation. hUC-MSCs are
particular attractive because they can be procured through
noninvasive procedure and have abundant sources [5, 15].
MSCs have been shown to migrate to the site of brain injury,
and safety of MSCs transplantation into brains has been
demonstrated; thus, they are attractive therapeutic options
for neurodegenerative disorders [16–19].

The major pathogenesis of PD is its loss of DA neurons,
thus making it a good candidate for cell therapy. A lot of
attentions have been given to use DA neurons differentiated
from stem cells of various sources to replace the degenerated
DA neurons [20]. However, studies have been shown that
stem cells are also capable of protecting or stimulating the
regeneration of damaged DA neurons in host [21, 22].

HGF is widely expressed in the nervous system, although
its association with PD was still not clear. Salehi and Rajaei
detected higher HGF concentrations in cerebrospinal fluid of
PD patients than that of the normal population [12]. Lan et al.
found that HGF can mediate proliferation and migration of
primary dopaminergic nerve progenitor cells separated from
the placenta [23]. A group in Japan injected plasmid carrying
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HGF gene into PD rat model and found significant reduction
of symptoms, suggesting that overexpression ofHGF can pre-
vent death of dopaminergic neurons in Parkinson rats [24].

Exogenous HGF protein has a very short half-life in
vivo, and more critical, HGF is a macromolecular protein
and cannot pass through the blood-brain barrier [8, 12].
Meanwhile, mesenchymal stem cells are appropriate cell
carriers for exogenous genes [25]. Therefore, we decided to
explore the idea of the combination of HGF and hUC-MSCs
as a treatment of PD, by introducing HGF gene into hUC-
MSCs to establish HGF producing MSCs. In our study, the
supernatant from hUC-MSCs infected with Ad-HGF was
more potent in inducing PD model cell regeneration than
the supernatant from hUC-MSCs noninfected cells. Our data
suggested that combination of HGF and hUC-MSCs had
advantage over hUC-MSCs alone.

Damage to DA neurons can be triggered by toxin expo-
sure, increased oxidative stress, and mitochondrial dysfunc-
tion, protein aggregation, and inflammation [26]. Calcium
is important to normal cell function. Intracellular calcium
regulation is closely related to mitochondrial function and
oxidative stress, and there is increasing evidence that dis-
ruption of intracellular calcium homeostasis is crucial to
the pathogenesis of PD [27]. CaBP-D28k is an intracellular
calcium binding protein that is expressed in many neurons.
It has been shown that neuron expressing CaBP-D28k is
less susceptible to the damage [28]. CaBP-D28k is shown
to activate Ca2+/Mg2+-ATPase, preventing excessive Ca2+
accumulation in the brain, thus, playing a role in Ca2+ trans-
port and maintaining calcium homeostasis in the neurons
[29, 30]. Recent studies also show that the levels of CaBP-
D28k protein in neurons not only represent the Ca2+ change
but are also closely related to the integrity of the structure
and function [31]. Our present study demonstrated that
intracellular free Ca2+ levels were increased in the PD model
cells, and the reductions of the Ca2+ levels were correlated
to the recovery of cell viability elucidated by the treatment
of CM-HGF or CM-MSC. Moreover, CaBP-D28k expression
levels in SH-SY5Y PD model cells were reversely correlated
with the intracellular Ca2+ levels. Expression of CaBP-D28k
was decreased in PB model cells but increased after these
cells were treated with CM-HGF and CM-MSC. Similar to
its effect on PD model cell regeneration, CM-HGF was more
potent than CM-MSC in reducing intracellular Ca2+ levels
and promoting CaBP-D28k expression. Our study clearly
demonstrated that cultural supernatant of MSC overexpress-
ingHGF was capable of eliciting regeneration of damaged PD
model cells. This effect was probably achieved through the
regulation of intracellular Ca2+ levels bymodulating of CaBP-
D28k expression. Further studies are needed to understand
the active components in the cultural supernatant and the
signaling cascade involved.
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Aim. To evaluate the relationship between creatinine clearance rate (CCR) and the level ofN-terminal pro-B-type natriuretic peptide
(NT-proBNP) in heart failure (HF) patients and their correlations with HF severity. Methods and Results. Two hundred and one
Chinese patients were grouped according to the New York Heart Association (NYHA) classification as NYHA 1-2 and 3-4 groups
and 135 cases out of heart failure patients as control group. The following variables were compared among these three groups: age,
sex, body mass index (BMI), smoking status, hypertension, diabetes, NT-proBNP, creatinine (Cr), uric acid (UA), left ventricular
end-diastolic diameter (LVEDD), and CCR. The biomarkers of NT-proBNP, Cr, UA, LVEDD, and CCR varied significantly in the
three groups, and these variables were positively correlated with the NHYA classification. The levels of NT-proBNP and CCR were
closely related to the occurrence of HF and were independent risk factors for HF. At the same time, there was a significant negative
correlation between the levels of NT-proBNP and CCR. The area under the receiver operating characteristic curve suggested that
the NT-proBNP and CCR have high accuracy for diagnosis of HF and have clinical diagnostic value. Conclusion. NT-proBNP and
CCR may be important biomarkers in evaluating the severity of HF.

1. Introduction

Chronic heart failure (CHF) is a disorder associatedwith high
mortality and prolonged hospitalization; it affects more than
10 million people in the countries represented by the Euro-
pean Society of Cardiology [1]. With the development of the
society and the increase in the aging population, the preva-
lence of hypertension, diabetes, and myocardial infarction
(MI) is significantly higher than before, thus increasing the
incidence of CHF [2]. Over the last decades, despite advances
in treatment, the number of CHF deaths has increased
steadily. Approximately 20% of deaths are reported per
year due to CHF [3]. Heart failure not only declines heart
pump function, but also produces the change of complex
molecules, neuroendocrine, and inflammation immune sys-
tem andmakesmany biomarkers at different stages including

neurohormonal markers, inflammatory markers, markers of
oxidative stress andmyocardial injury, and remodelingmark-
ers.The assessment of these biomarkers, alone or in combina-
tion, may be useful in early diagnosis, differential diagnosis,
prognosis, guiding treatment, and risk stratification for the
heart failure patients. In recent years, with the emergence of
the B-type natriuretic peptide (BNP) and clinical research,
there is more focus on the development of biomarkers in
heart failure [4].

The natriuretic peptide family mainly includes A-type
natriuretic peptide (ANP) or atrial natriuretic peptide, B-type
natriuretic peptide (BNP) or brain natriuretic peptide, C-
type natriuretic peptide (CNP), renal natriuretic peptide, and
Dendroaspis natriuretic peptide (DNP). The ANP and BNP
are mainly secreted by the atrium and ventricle, respectively,
and have similar effects, which are natriuretic and can inhibit
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renin angiotensin aldosterone system, and BNP is useful as
a principal biomarker for CHF [5–9]. Since the level of BNP
increases in heart failure, elevated plasma BNP concentration
is used as a marker of heart failure. In recent years, like BNP,
the NT-proBNP also was identified as a novel and important
biomarker in heart failure to determine the severity of heart
failure [10–12].

Heart failure and renal dysfunction are closely related.
The ventricular dysfunction caused by CHF may lead to
a series of adaptive responses, such as the activation of
neuroendocrine system, peripheral vasoconstriction, and
reduced renal perfusion pressure. All these changes can cause
renal dysfunction, and the deterioration of renal function
further increases the capacity of the load of the heart and
leads to a vicious circle.The natriuretic peptide system can be
activated in both heart failure and severe renal insufficiency
patients. Renal dysfunction is often present in CHF patients
with reported CCR lower than 60mL/min in up to 50% of
patients [13, 14].

Several studies have revealed that there is a relationship
between NT-proBNP levels and clinical manifestations [4, 15,
16]. However, it remains unknown whether CCR and other
biomarkers are correlated with the severity of heart failure.
In this study, we aimed to determine whether the plasma
levels ofNT-proBNP,CCR, and other biomarkers alteredwith
changes in the severity of heart failure and whether these
markers are appropriate in immediately identifying symp-
tomatic or asymptomatic heart failure in patients. While few
similar studies have been conducted, this remains the first
report in the Chinese population.

2. Materials and Methods

2.1. Ethics Statement. The investigation complied with the
principles outlined in the Declaration of Helsinki [17]. The
present cross-sectional study was performed in patients of
outpatient setting. The study was approved by the Ethics
Committee of the Hospital, Shanghai, Dalian, and Shenyang,
China. Verbal informed consent was obtained from all
patients. Each consent was recorded in the sample collection
processing records and this consent procedure was approved
by the Ethics Committee.

2.2. Patients. Three hundred thirty-six consecutive sympto-
matic or nonsymptomatic Chinese heart failure patients for
suspected myocardial ischemia scheduled for coronary
angiography were recruited between July 2011 and October
2012 at the 6th People’s Hospital affiliated to Shanghai Jiao-
tong University Medical College, Dalian Municipal Central
Hospital Affiliated of DalianMedical University, and General
Hospital of ShenyangMilitaryArea Command, China. Sever-
ity of CHF was clinically evaluated according to the NYHA
classification.

Two hundred and one Chinese patients were grouped
according to the New York Heart Association (NYHA)
classification asNYHA 1-2 and 3-4 groups and 135 cases out of
heart failure patients as control group. Patients inNYHAclass
1 showed cardiac disease but result in no limitation of physical
activity. Ordinary physical activity does not cause undue
fatigue, palpitation, dyspnea, or anginal pain. No cardiac

disease, hypertension, or diabetes was diagnosed in control
group.

A fasting venous blood sample was obtained formeasure-
ment of fasting glucose and HbA1c. Patients with HbA1c lev-
els ≥6.5% were diagnosed as diabetic, even without previous
history of diabetes. Body weight and height weremeasured to
determine the body mass index (BMI; BMI, kg/m2 = weight
(kg)/[height (m)]2) and blood pressure by standardmethods.

2.3. Statistical Analysis. Data were expressed as mean ± stan-
dard deviation (SD) for continuous variables, or as percent-
ages (%) for categorical variables. Statistical analysis was
performed using SPSS for Windows (version 13.0). Variables
such as age, sex, and smoking status were adjusted by covari-
ance analysis. Repeated measures one-way ANOVAwas used
to determine the significance of trends within groups, and
further comparison between the two groups was done using
least significant difference procedure (LSD). Numerical data
was compared using the Chi-square test. Spearman single-
factor correlation analysis and Spearman coefficient of rank
correlation were used to evaluate linear relationship between
biomarkers and NYHA classification. Logistic regression was
used to identify independent risk factors for heart failure.
Association between variables in NT-proBNP and CCR was
examined using Pearson’s correlation coefficient and linear
regression. Receiver operating characteristic (ROC) curves
were used to obtain the biomarker cut-off points for pre-
dicting the prevalence of angiographic heart failure. The
respective areas under the curve (AUC), sensitivity, and
specificity were compared between biomarkers and NYHA
classification. A value of 𝑃 less than 0.05 was considered
statistically significant.

2.4. Laboratory Assays. Fasting plasma glucose (FPG) was
quantified by the glucose oxidase procedure and HbA1c
was measured by ion-exchange high-performance liquid
chromatography (HPLC, Bio-Rad, USA). Creatinine (Cr)
and uric acid (UA) were measured by an enzymatic method
with a chemical analyzer (Hitachi 7600-020, Tokyo, Japan);
CCR was calculated using the Cockcroft-Gault formula. The
chemiluminescence-based immunoanalytical system was
used to determine plasma levels of NT-proBNP (VITROS
5600 integrated system, Johnson & Johnson Medical Com-
pany, USA).

2.5. Echocardiography. Two-dimensional and Doppler echo-
cardiography scans were performed using the HP77020A
echocardiograph (Hewlett Packard Company, USA) to assess
the left ventricular end-diastolic diameter (LVEDD).

3. Results

3.1. Baseline Characteristics. The baseline characteristics of
the patients are shown in Table 1. Of the 336 patients, 135
patients (40.18%, mean age = 65.84 ± 15.95 years, male =
47.40%) were in control group, 79 patients (23.51%, mean
age = 69.91±13.14 years, male = 54.43%) were in NYHA class
1-2, and 122 patients (36.31%, mean age = 68.27 ± 13.36 years,
male = 63.93%) were in NYHA class 3-4.
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Table 1: Characteristics of the control, NYHA classification 1-2, and 3-4 groups.

Groups Control (𝑛 = 135) 1-2 (𝑛 = 79) 3-4 (𝑛 = 122) 𝐹 value 𝑃 value
Age, year (mean ± SD) 65.84 ± 15.95 69.91 ± 13.14 68.27 ± 13.36 2.14 0.12
Male, % (𝑛) 47.40 (64/135) 54.43 (43/79) 63.93 (78/122) 3.59 0.03
BMI, kg/m2 (mean ± SD) 23.48 ± 3.69 24.19 ± 4.31 24.05 ± 4.22 1.13 0.33
Current smokers, % (𝑛) 27.40 (37/135) 29.11 (23/79) 17.21 (21/122) 0.55 0.58
Hypertension, % (𝑛) 49.63 (67/135) 75.94 (60/79) 71.31 (87/122) 10.39 0.00
Diabetes, % (𝑛) 16.30 (22/135) 30.38 (24/79) 38.52 (47/122) 8.43 0.00
NT-proBNP, pg/mL (mean ± SD) 78.83 ± 15.27 1611.54 ± 171.24 3162.19 ± 453.21 260.18 0.00
CCR, mL/min (mean ± SD) 89.94 ± 16.39 59.43 ± 19.57 53.57 ± 17.41 154.87 0.00
Cr, mg/dL (mean ± SD) 0.67 ± 0.15 1.07 ± 0.25 1.16 ± 0.23 195.55 0.00
UA, umol/L (mean ± SD) 299.22 ± 56.12 418.91 ± 49.21 471.54 ± 64.72 88.80 0.00
LVEDD, mm (mean ± SD) 45.21 ± 3.86 50.89 ± 6.65 52.85 ± 8.71 45.40 0.00
BMI: body mass index; CCR: creatinine clearance rate; Cr: creatinine; LVEDD: left ventricular end-diastolic diameter; NT-proBNP: N-terminal pro-B-type
natriuretic peptide; NYHA: New York Heart Association; UA: uric acid.

There were no significant differences in age, BMI, and
current smokers between any of heart failure groups and the
control group (𝑃 > 0.05); the variables of male, hypertension,
diabetes, NT-proBNP, CCR, Cr, UA, and LVEDD were
significantly different among the three groups (all 𝑃 < 0.01,
excluded variable of male 𝑃 < 0.05).

3.2. Comparison of NT-proBNP, CCR, Cr, UA, and LVEDD
between the Heart Failure Groups and Control Group. The
NT-proBNP, Cr, UA, and LVEDD levels were significantly
higher in the NYHA class 1-2 and 3-4 groups than in the
control group, and these variables in the NYHA class 3-4
group were significantly higher than that in the control and
NYHA class 1-2 groups (all 𝑃 < 0.01, excluded LVEDD level
between NYHA class 1-2 and 3-4 groups, 𝑃 < 0.05). The NT-
proBNP level increased from control group (78.83±15.27) to
NYHA class 1-2 group (1611.54 ± 171.24) to class 3-4 group
(3162.19±453.21).The value for CCR significantly decreased
from control group (89.94 ± 16.39) to NYHA class 1-2 group
(59.43 ± 19.57) and class 3-4 group (53.57 ± 17.41) (𝑃 <
0.01). The patients with history of hypertension and diabetes
were higher in the NYHA class 1-2 and 3-4 groups than in
the control group (𝑃 < 0.05), and there was no significant
difference between NYHA class 3-4 and 1-2 groups (Table 2).

3.3. Correlations Analysis of Individual Biomarkers with
NYHA Classification in Heart Failure Groups. As shown in
Table 3, the coefficient of rank correlation for NT-proBNP
was 0.87, CCR was 0.74, Cr was 0.69, LVEDD was 0.44, and
UA was 0.64, with 𝑃 = 0.00. The variables of NT-proBNP,
CCR, Cr, LVEDD, and UA showed positive correlation
with the NHYA classification. With NHYA classification as
dependent variable (𝑦 = 1, 𝑛 = 0) and age,male, BMI, current
smokers, hypertension, diabetes, NT-proBNP, CCR, Cr, UA,
and LVEDDas independent variables, the results showed that
NT-proBNP andCCRwere independent risk factors for heart
failure (Table 4).

The Pearson correlation analysis was carried out to
determine the relationship between variables of NT-proBNP

and CCR in control and heart failure groups. Table 5 shows
that there was a significant negative correlation between the
levels of NT-proBNP and CCR (𝑟 = −0.62, 𝑃 = 0.00).

In univariate linear regression analysis, CCR showed a
significant negative correlation with NT-proBNP in the con-
trol and heart failure groups (𝑟 = −0.62, 𝑃 = 0.00, Figure 2).
This indicates that with the elevated NT-proBNP levels, CCR
gradually reduced in the control group to NYHA class 1-2 to
class 3-4 group.

3.4. Diagnostic Power of NT-proBNP and CCR for Heart Fail-
ure. TheROC curves for NT-proBNP and CCR as indicators
of heart failure are shown in Figure 1. The area under the
ROC curve was higher for NT-proBNP (NHYA 1-2: 0.896;
NHYA 3-4: 0.922) than for CCR (NHYA 1-2: 0.860; NHYA
3-4: 0.882). These results suggested that the NT-proBNP and
CCR have high accuracy for diagnosis of heart failure and
have clinical diagnostic value. The respective cut-off points
for diagnosis of heart failure were estimated according to the
ROC curves for NT-proBNP and CCR. With a cut-off value
of 329.05 pg/mL, NT-proBNP had a sensitivity of 81.07% and
a specificity of 75.62% for predicting NHYA 1-2, and a cut-
off value of 324.40 pg/mL had a sensitivity of 82.34% and a
specificity of 85.90% for predicting NHYA 3-4. Similarly, a
cut-off value for CCR of 61.39mL/min had a sensitivity of
74.71% and a specificity of 63.02% for predicting NHYA 1-
2, and a cut-off value of 63.13mL/min had a sensitivity of
82.42% and a specificity of 78.33% for predicting NHYA 3-
4. Using these cut-off points, NT-proBNP showed higher
sensitivity and specificity than CCR (Table 6).

4. Discussion

In this study, we observed that the variables, such as male,
hypertension, diabetes, NT-pro BNP, CCR, Cr, UA, and
LVEDD, were significantly different among all groups. Fur-
thermore, we revealed that the biomarkers of NT-proBNP,
Cr, UA, LVEDD, and CCRwere positively correlated with the
severity of heart failure.
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Table 2: Paired comparison for biology markers between control group and heart failure group.

Variable NYHA SE 𝑃 value 95% CI
Lower Upper

Male
0 2 0.07 0.32 −0.21 0.07

3 0.06 0.01 −0.29 −0.04
2 3 0.07 0.18 −2.24 0.05

Hypertension
0 2 0.07 0.00 −0.39 −0.13

3 0.06 0.00 −0.33 −0.10
2 3 0.07 0.49 −0.09 0.18

Diabetes
0 2 0.06 0.02 −0.26 −0.02

3 0.05 0.00 −0.33 −0.11
2 3 0.06 0.20 −0.21 0.04

NT-proBNP
0 2 153.31 0.00 −1834.29 −1231.12

3 135.20 0.00 −3349.31 −2817.41
2 3 156.30 0.00 −1858.11 −1243.20

CCR
0 2 2.49 0.00 25.62 35.40

3 2.19 0.00 32.06 40.69
2 3 2.53 0.02 0.88 10.85

Cr
0 2 0.03 0.00 −0.46 −0.35

3 0.04 0.00 −0.54 −0.44
2 3 0.03 0.01 −0.14 −0.02

UA
0 2 14.99 0.00 −149.18 −90.20

3 13.22 0.00 −198.33 −146.31
2 3 15.30 0.00 −82.70 −22.56

LVEDD
0 2 0.94 0.00 −7.52 −3.82

3 0.83 0.00 −9.27 −6.01
2 3 0.96 0.04 −3.85 −2.76

CCR: creatinine clearance rate; CI: confidence interval; Cr: creatinine; LVEDD: left ventricular end-diastolic diameter; NT-proBNP: N-terminal pro-B-type
natriuretic peptide; NYHA: New York Heart Association; SE: standard error; UA: uric acid.

Table 3: Spearman correlation analysis of relations between vari-
ables and the NYHA classification (𝑛 = 336).

Variable Correlation coefficient Sig (2-tailed)
NT-proBNP 0.87 0.00
CCR 0.74 0.00
Cr 0.69 0.00
LVEDD 0.44 0.00
UA 0.64 0.00
CCR: creatinine clearance rate; Cr: creatinine; LVEDD: left ventricular end-
diastolic diameter; NT-proBNP: N-terminal pro-B-type natriuretic peptide;
UA: uric acid.

The NT-proBNP level significantly increased and the
value for CCR significantly decreased from control group
to NYHA class 1-2 to 3-4 group. The levels of NT-proBNP
and CCR were closely related to heart failure and were
independent risk factors for patients with heart failure. At
the same time, there was a significant negative correlation
between the level of NT-proBNP and CCR. The area under
the ROC curve suggested that the NT-proBNP and CCR have
high accuracy in the diagnosis of heart failure with clinical
diagnostic value.

Our findings are similar to the results of several previous
studies where NT-proBNP plasma levels were closely related
to the severity of heart failure [18]. Furthermore, in our study,
the mean levels of NT-proBNP in the NYHA class 1-2 and 3-
4 groups were greater than the cut-off points for diagnosis of
heart failure, indicating that severity of heart failure increased
gradually from control group to class 1-2 and 3-4 groups.

Heart failure and renal dysfunction often coexist as the
visceral damage in one organ will result in the other organ’s
pathological changes accordingly. As two most important
organs in the body, heart and kidney influence each other
in the physiological and pathological processes, and the
renal blood flow accounts for 20–25% of the total output
of heart and plays an important role in regulating blood
volume, blood vessels tension, and blood pressure change.
In patients with heart failure, moderately elevated serum
creatinine, without a history of chronic renal insufficiency, is
often noticed.Therefore, our research focused on heart failure
with no history of chronic kidney disease patients to observe
the correlation between kidney index and cardiac function.

Determination of endogenous CCR can effectively eval-
uate the glomerular filtration function. The CCR can deter-
mine the degree of renal impairment andwhether glomerular
filtration functionwas damaged. Previous studies have shown
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Table 4: Logistic regression analysis of risk factors for heart failure.
Variable Regression coefficient wald 𝜒

2 value 𝑃 value Correct class
NT-proBNP 0.03 4.52 265.55 0.03 87.50%
CCR 20.82 6.08 441.48 0.01 99.70%
CCR: creatinine clearance rate; NT-proBNP: N-terminal pro-B-type natriuretic peptide.

1.00.80.60.40.20.0

Se
ns

iti
vi

ty

1.0

0.8

0.6

0.4

0.2

0.0

NT-proBNP/1-2

1 − specificity
(a)

1.00.80.60.40.20.0

Se
ns

iti
vi

ty

1.0

0.8

0.6

0.4

0.2

0.0

NT-proBNP/3-4

1 − specificity
(b)

1.00.80.60.40.20.0

Se
ns

iti
vi

ty

1.0

0.8

0.6

0.4

0.2

0.0

CCR/1-2

1 − specificity
(c)

1.00.80.60.40.20.0

Se
ns

iti
vi

ty

1.0

0.8

0.6

0.4

0.2

0.0

CCR/3-4

1 − specificity
(d)

Figure 1: Receiver operating characteristic curve analysis of NT-proBNP and CCR for diagnosis for heart failure. ROC curve shows NT-
proBNP for the prediction of heart failure patients with NHYA class: (a) 1-2 and (b) 3-4 groups; ROC curve shows CCR for the prediction of
heart failure patients with NHYA class: (c) 1-2 and (d) 3-4 groups.

Table 5: Pearson correlation analysis for NT-proBNP and CCR (𝑛 =
336).
Variable NT-proBNP CCR
NT-proBNP

Correlation coefficient 1.00 −0.62
Sig (2-tailed) 0.00

CCR
Correlation coefficient −0.62 1.00
Sig (2-tailed) 0.00

CCR: creatinine clearance rate; NT-proBNP: N-terminal pro-B-type natri-
uretic peptide.

that renal insufficiency is the risk factor for prognosis of
patientswithmyocardial infarction, cardiac insufficiency, and
hypertension [19–21].

Uric acid, a product of purine metabolism whose ele-
vated concentration in CHF is a sign of damaged oxy-
gen metabolism, is associated with the severity of cardiac
dysfunction [22]. There is a correlation between uric acid
and the existing cardiovascular disease risk factors such
as hypertension, diabetes, hyperlipidemia, and obesity [23].
Increased blood UA levels in patients with CHF may
be because of excretion of UA occurring mainly through
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Table 6: Cut-off points, sensitivity, specificity, and area under the curves for biomarkers and NYHA classification.

Marker NYHA
classification Cut-off point Sensitivity Specificity Area under

ROC curve SE 𝑃 value 95% CI
Lower Upper

NT-proBNP 1-2 329.05 pg/mL 81.07% 75.62% 0.90 0.02 0.00 0.86 0.94
3-4 324.40 pg/mL 82.34% 85.90% 0.92 0.02 0.00 0.89 0.96

CCR 1-2 61.39mL/min 74.71% 63.02% 0.86 0.03 0.00 0.81 0.91
3-4 63.13mL/min 82.42% 78.33% 0.88 0.02 0.00 0.85 0.92

CCR: creatinine clearance rate; CI: confidence interval; NT-proBNP: N-terminal pro-B-type natriuretic peptide; NYHA: New York Heart Association; ROC:
receiver operating characteristic; SE: standard error.
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Figure 2: Linear regression analysis of the level of NT-proBNP with
CCR (𝑟 = −0.621, 𝑃 = 0.00, 𝑛 = 336).

kidneys, hypoxemia, increased anaerobic metabolism, and
activation of xanthine oxidase. With the severity of heart
failure, rate of anaerobic metabolism and quantity of lactic
acid increase and the excretion of UA and lactate compete
for the anion channel in the proximal convoluted tubule. The
excretion of UA is reduced and results in the increased blood
UAconcentration.The cardiac output quantity is significantly
reduced in the patients with heart failure, which results
in decreased renal blood flow, damaged kidney, reduced
glomerular filtration rate, decreased excretion of UA, and the
increased level of UA [24].

Left ventricular end-diastolic diameter is used to deter-
mine the abnormal changes of cardiac systolic function.
Cardiac ischemia causes the interruption of coronary blood
flow and decline of myocardial contraction ability. Cardiac
contraction ability is closely related to the size of myocardial
ischemic area.When ischemic area size exceeds 15%, LVEDD
value increases.There is evidence to suggest that NT-proBNP
levels may reflect increased left ventricular wall stress in the
absence of cardiac ischemia; thus, in this study we observed
that the LVEDD increased from control to NYHA class 1-2 to
3-4 group, associated with heart failure severity.
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Meiosis is essential for plant reproduction because it is the process during which homologous chromosome pairing, synapsis, and
meiotic recombination occur.The meiotic transcriptome is difficult to investigate because of the size of meiocytes and the confines
of anther lobes. The recent development of isolation techniques has enabled the characterization of transcriptional profiles in male
meiocytes of Arabidopsis. Gene expression in male meiocytes shows unique features. The direct interaction of transcription factors
(TFs) with DNA regulatory sequences forms the basis for the specificity of transcriptional regulation. Here, we identified putative
cis-regulatory elements (CREs) associated with male meiocyte-expressed genes using in silico tools. The upstream regions (1 kb) of
the top 50 genes preferentially expressed in Arabidopsis meiocytes possessed conserved motifs. These motifs are putative binding
sites of TFs, some of which share common functions, such as roles in cell division. In combination with cell-type-specific analysis,
our findings could be a substantial aid for the identification and experimental verification of the protein-DNA interactions for the
specific TFs that drive gene expression in meiocytes.

1. Introduction

Meiosis is a special type of cell division that, after two consec-
utive rounds of nuclear divisions, leads to the production of
haploid gametes. The processes of homologous chromosome
pairing, synapsis, andmeiotic recombination all occur during
meiosis. Meiotic recombination is essential for plant repro-
duction and breeding because it ensures equal segregation
and genetic exchange between homologous chromosomes [1–
4]. The male meiocytes of Arabidopsis occupy only a small
fraction of the anther tissue and are surrounded by somatic
anther lobes [5]. An effective meiocyte collection method
was established only recently; this development has enabled
investigations of the meiotic transcriptome [5, 6]. Genome-
wide gene expression analysis revealed unique transcriptome
landscapes during male meiosis [5, 6].

Gene expression in eukaryotic cells is regulated by tran-
scription factors (TFs). There are around 2000 TFs in the
Arabidopsis genome [7], and interactions of theDNA-binding
domains of TFs with specific cis-regulatory elements (CREs)
can activate the expression of several to many thousands of

target genes.The transcriptional domains of regulatory genes
are critically important in many developmental processes
[8]. Meiosis operates in a highly specified cell cluster and
thus requires precise spatial and temporal control [3]. In
Arabidopsis, the expression of many meiotic genes such as
AtDMC1 [9, 10], SDS [11], MMD1 [12], and RCK [13] is
highly regulated. Studying the commonness and distribution
of CREs in the promoters of coexpressed genes can help
facilitate the identification of signaling networks in specific
cell types (e.g., [14–17]). For example, CREs or promoter
motifs have been investigated in sperm cells (mature pollen)
of both rice and Arabidopsis [18, 19].

Transcriptome profiling experiments have shown that
more than 1,000 genes were preferentially expressed in
meiocytes [5]; a high proportion of the promoters of such
preferentially expressed genes were sufficient to drive green
fluorescent protein (GFP) reporter activity in meiocytes [20].
These preliminary studies laid a substantial foundation that
has enabled the mining and the examination of the common
structures of meiotically active promoters. In this study, the
sequences of 50 meiotically active promoters were analyzed.
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The putative CREs in these promoters were identified; these
CREs may be responsible for the high activity of these
promoters in male meiocytes.

2. Materials and Methods

We selected candidate genes from data generated in a previ-
ous mRNA deep-sequencing study of meiosis-specific genes
in Arabidopsis [5]. These included the most highly expressed
genes inmalemeiocytes. In a list with genes that had≥4 times
higher expression in meiocytes than in anthers, top 50 genes
in themeiocytes to seedling comparison list were chosenwith
exclusion of transposable element genes. The difference in
expression between meiocytes and anther, the difference in
expression between meiocytes and seedlings, the annotated
function, and the GO (gene ontology) functional categoriza-
tion of the 50 top genes are presented in Supplemental File
1, available online at http://dx.doi.org/10.1155/2014/708364.
As a negative control, 50 genes randomly selected from an
Affymetrix ATH1 microarray experiment deposited in the
NASC database were analyzed [21]; see Supplemental File 2
for descriptions of these control genes.

One Kb of upstream sequences relative to the transcrip-
tion start sites were retrieved using Regulatory Sequence
Analysis Tools (RSAT, http://rsat.ulb.ac.be/rsat/) [22]. Analy-
sis of known CREs was initially performed using SIGNALS-
CAN program in plant cis-acting regulatory DNA elements
(PLACE, http://www.dna.affrc.go.jp/PLACE/) [23, 24]. Anal-
ysis of statistically overrepresented elements was conducted
by Pscan (http://159.149.160.51/pscan/) [25]. In the Pscanwin-
dow, TAIR gene identifiers of the 50 genes were submitted,
the source organism was specified as Arabidopsis thaliana,
and the region to be analyzed was from −1000 to +0 with
regard to the annotated transcription start site. For assessing
the significance of the results, the 𝑃 values were computed
by Pscan with a 𝑧-test, a test that associated with each
profile the probability of obtaining the same score on a
random sequence set [25]. An element is considered to be
significantly overrepresented if the 𝑃 value is less than 0.01.
Additional analysis for unknown novelmotifs was conducted
by Promzea (http://promzea.org) [26]. 1000 bp long promoter
regions were analyzed and each predictedmotif was provided
with a mean normalized conditional probability (MNCP); a
MNCP score greater than 1 indicates that the motif is more
represented in the input data set compared to a random set
of promoters/first introns [26]. Motifs predicted by Promzea
were compared with experimentally defined motifs in the
PLACE database using STAMP [27]. Strand bias analysis of
putative CREs was performed using Athamap (http://www
.athamap.de/) [28–32], −1000 to 0 regions relative to the tran-
scription start site were analyzed, and the total strand distri-
bution of CREs was the sum of the individual CRE numbers
in each promoter in the “overview” search result.

3. Results and Discussions

Putative 1000 bp promoter regions were selected and their
CREs were analyzed by the use of the PLACE collection. Five

CREs were found in all 50 promoters: DOFCOREZM (5-
AAAG-3), CACTFTPPCA1 (5-YACT-3, Y=T/C), ARR1AT
(5-NGATT-3, N=G/A/C/T), CAATBOX1 (5-CAAT-3),
and GATABOX (5-GATA-3). The frequencies and distri-
butions of these CREs in each promoter are shown in
Figure 1(a).

DOFCOREZM was the most abundant CRE in the 50
putative promoter sequences. It is a core site for the binding of
Dof proteins in maize.The Dof proteins are a family of plant-
specific TFs that includes Dof1, Dof2, Dof3, and PBF [33, 34].
Maize Dof1 was suggested to be a regulator of the expression
of the C4 photosynthetic phosphoenolpyruvate carboxylase
(C4PEPC) gene [35]. Dof1 also enhances transcription of the
cytosolic orthophosphate dikinase (cyPPDK) genes and the
nonphotosynthetic PEPC gene [33]. Maize Dof2 suppresses
the promoter of C4PEPC [35]; PBF is an endosperm-specific
Dof protein that binds to the prolamin box of a native B-
hordein promoter in barley endosperm [36]. CACTFTPPCA1
is a key component of Mem1 (mesophyll expression module
1) and is found in the distal promoter region of the C4 iso-
form of phosphoenolpyruvate carboxylase (ppcA1) in the C4
dicot Flaveria trinervia; it determines the mesophyll-specific
expression of ppcA1 [37]. ARR1AT is the binding element of
ARR1 found inArabidopsis. ARR1 is a response regulator [38].
CAATBOX1 is responsible for the tissue specific promoter
activity of a pea legumin gene [39]. GATABOX is required
for light-dependent and nitrate-dependent control of tran-
scription in plants [40]. The GATA motif has been found
in the promoter ofthe Cab22 gene that encodes the Petunia
chlorophyll a/b binding protein; this motif is the specific
binding site of ASF-2 [41].

In addition to the five CREs that were found in all 50
promoters, there are 13 CREs that were found in at
least 80% of the promoters (Figure 1(b)). These include
GT1CONSENSUS (5-GRWAAW-3, R=A/G, W=A/T),
POLLEN1LELAT52 (5-AGAAA-3), GTGANTG10 (5-
GTGA-3), EBOXBNNAPA (5-CANNTG-3, N=G/A/C/T),
MYCCONSENSUSAT (5-CANNTG-3, N=G/A/C/T),
WRKY71OS (5-TGAC-3), ROOTMOTIFTAPOX1 (5-
ATATT-3), OSE2ROOTNODULE (5-CTCTT-3), NOD-
CON2GM (5-CTCTT-3), TAAAGSTKST1 (5-TAAAG-3),
IBOXCORE (5-GATAA-3), EECCRCAH1 (5-GANTTNC-
3, N=G/A/C/T), and INRNTPSADB (5-YTCANTYY-3,
Y=T/C, N=G/A/C/T). Among these, seven elements are
found in genes specifically expressed in particular organ.
POLLEN1LELAT52 is one of two codependent regulatory
elements responsible for pollen specific activation of tomato
(Lycopersicon esculentum) LAT52 gene [42]. GTGANTG10
is found in the promoter of the tobacco late pollen gene
g10 [43]. EBOXBNNAPA is a motif associated with storage
proteins [44]. TAAAGSTKST1 is a target site in the control
of guard cell-specific gene expression [45].

Six of the 13 CREs distributed in at least 80% of
the examined promoters are annotated as being involved
in plant responses to environmental factors, for example,
GT1CONSENSUS for light and salicylic acid [46, 47], MYC-
CONSENSUSAT for cold [48–50], WRKY71OS for gib-
berellin and pathogenesis [51, 52], IBOXCORE and INRNTP-
SADB for light [53–55], and EECCRCAH1 for CO

2
[56, 57].
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Figure 1:Distribution andoccurrence of enrichedPLACEmotifs in the promoters of 50 genes preferentially expressed duringmeiosis. (a) Five
common CREs found in all of the 50 promoters; (b) 13 CREs present in at least 80% of the promoters.
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Figure 2: Sequence logos of overrepresented sequences in the promoters of genes preferentially expressed during meiosis, detected using
Pscan. Letters in the logos abbreviate the nucleotides (A, C, G, and T) and are sized relative to their occurrence.

The involvement of these CREs in responses to environ-
mental factors points to possible roles for these elements in
combining signals from meiotic process and environmental
factors, especially light and stress.

The aforementioned PLACE motifs represent the basic
CREs required for a promoter but may not be statistically
overrepresented as compared with the average level of CREs
in the Arabidopsis genome. Among the PLACE motifs that
were present in at least 80% of the promoters we examined
(Figure 1), 17 of 18 are also present in rice sperm cell-specific
genes [18]. The only exception to this striking similarity was
the EECCRCAH1 CRE.

We further searched for motifs that were statistically
overrepresented.That is, the frequency of an element in the 50

examined promoters is above the average level of the Ara-
bidopsis genome. Six overrepresented putative TF binding site
motifs were identified in our Pscan analysis (Figure 2 and
Table 1).When we used 50 randomly selected genes (negative
control) as input, only one such overrepresented motif was
detected (Supplemental File 3), indicating that the meiot-
ically active promoter sequences possess more conserved
sequences.

Themost significantly abundant motif detected by Pscan,
CTCAGCG, is the binding sequence of Arabidopsis CELL
DIVISION CYCLE 5 (AtCDC5), which is expressed exten-
sively in shoot and root meristems and may function in cell
cycle regulation [58, 59]. This result suggests that similar
regulatory machinery functions in meiocytes and meristems
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Table 1: Description of the most abundant motifs in promoters of genes preferentially expressed during meiosis, detected using Pscan.

Pscan ID TF name Class of the TF Family of the TF 𝑃 value References
MA0579.1 CDC5 Helix-turn-helix Myb 1.89231𝑒 − 05 Hirayama and Shinozaki [58]
MA0586.1 SPL14 Zinc-coordinating SBP 6.00715𝑒 − 05 Liang et al. [60]
MA0583.1 RAV1 EcoRII-fold ABI3VP1 0.000477606 Kagaya et al. [61]
MA0567.1 ERF1 Beta-Hairpin-Ribbon AP2 MBD-like 0.000997537 Godoy et al. [88]
MA0123.1 ABI4 Beta-Hairpin-Ribbon AP2 MBD-like 0.00108575 Niu et al. [71]
MA0553.1 SMZ AP2-ERF AP2-ERF 0.00224012 Unpublished

and that such machinery leads to high mitotic or meiotic
cell division activity. Another overrepresentedmotif contains
the core binding motif GTAC that is recognized by the
plant-specific SQUAMOSA promoter binding protein (SBP)
domain transcription factor AtSPL14, which is involved in
plant development and resistance to programmed cell death
[60]. The binding motif of the RAV1 (RAV: for related
to ABI3/VP1) DNA binding protein is overrepresented in
the Pscan search results [61]; RAV1 is a regulator of plant
development and is involved in plant responses to biotic
and abiotic stress [62–65]. Another overrepresented motif
is recognized by ERF1; a TF that belongs to the EREB/AP2
family and regulates plant responses to jasmonate, ethylene,
and fungi [66–70].The statistically overrepresented CE-1 like
sequence CACCG is an ABA response sequence in a number
of ABA-related genes, and it is the target of the maize abscisic
acid insensitive 4 (ABI4) protein [71]. Another Pscan motif,
the SCHLAFMÜTZE (SMZ) binding site, is the target of
an AP2-like transcription factor that acts as a repressor of
flowering [72].

As a complement to our Pscan analysis, we searched for
novel promoter DNA motifs associated with upregulation
in Arabidopsismeiocytes using the Promzea motif discovery
tool [26]. Nine overrepresented motifs were detected by
Promzea with MNCP scores >1 in the promoters of the 50
meiotically active genes; five were detected in the promoters
of the 50 randomly selected control genes (Supplemental File
4).This result supports the result from the Pscan analysis that
meiotically active promoters possess more conserved motifs
than randomly selected promoters. The 14 motifs matched
to different experimentally defined motifs in the literature
(Figure 3 and Supplemental File 5).

Motif1 from the Promzea analysis was statistically close
to the TATABOX1 element, an element that is critical
for the initiation of tissue specific transcription (Figure 3)
[73, 74]. Motif4 matched the phosphate response domain
GMHDLGMVSPB [75]. Motif3 matched the experimentally
defined motif PIIATGAPB, which is responsible for light-
activated gene expression [75]. Motif2 matched the E2FAT
motif that is the binding site of E2F. The E2F transcription
factors control the cell cycle by regulating the transcription of
genes required for cell cycle and DNA replication [76]; these
processes are obviously important in meiosis. Motif8 was
similar to the pathogen/elicitor-related element TL1ATSAR
[77]. Of the nine motifs predicted by Promzea, four motifs
(Motif5, Motif6, Motif7, and Motif9) were enriched with CG,
a property found in regulatory elements that is related to
DNA methylation. CpG methylation is known to suppress

transcription [78]. The presence of CG-enriched motifs
identified in our analysis suggests that like gene activation,
gene repression is also important for meiotically active gene
regulatory networks, for example, the suppression ofmeiosis-
restricted processes in somatic tissues. In addition, motif
comparison analysis using STAMP found that these motifs
possess other properties: Motif9 matched to INTRONLOER
that is involved in 3 intron-exon splice junctions in plants
[79], Motif5 matched to REGION1OSOSEM that is involved
in the control of transcription by ABA [80], Motif6 matched
to the tissue specific expression element BS1EGCCR [81],
and Motif7 matched to the ammonium response element
AMMORESVDCRNIA1 [82].

In the promoters of the negative genes, CREs are almost
equally distributed on both the sense and the antisense
strands (CREs on sense strand/CREs on antisense strand =
2742/2706 = 1/0.987); however, comparatively large numbers
of CREs are located on the antisense strand compared to
the sense strand of the meiotically active promoters (CREs
on sense strand/CREs on antisense strand = 2758/2941 =
1/1.066). Interestingly, a similar bias of CRE distribution on
the antisense strand is observed in promoters of rice sperm
cell-specific genes [18].

The information from this study can be used in efforts
to characterize the interactions between regulatory elements
and TFs in meiocytes. Cell-type-specific analysis of TF
expression is one of the strategies for sorting true protein-
DNA interaction from numerous potentially spurious candi-
dates [83]. For example, one of the PLACE motifs identified
in this study, the GATABOX (Figure 1(a)), is the binding
motif of the conserved C2C2-GATA TFs that have two
GATA zinc fingers [40]. There are 29 C2C2-GATA family
members that have been identified in Arabidopsis. They are
highly expressed in early flower domains, and a few are
involved in flower development [84, 85]. In our analysis, we
identified two members of this family of TFs that are highly
expressed in male meiocytes (AT5G47140 and AT1G08000,
Table 2). Therefore, AT5G47140 and AT1G08000 are better
candidates than otherC2C2-GATA familymembers for being
proteins that can bind to GATABOX CREs in meiocytes. E2F
transcription factors are essential for the regulation of the
cell cycle and DNA replication. Three classical E2F proteins
(E2Fa–c) and three atypical E2F proteins (E2Fd–f) have been
characterized in Arabidopsis [86, 87]. Among these, E2Fa
(AT2G36010) and E2Fe (AT3G48160) are highly expressed in
meiocytes (Table 2); they may therefore be better candidates
than other E2Fs for being proteins that can bind to E2FAT-
like CREs in meiocytes, and this may link the E2Fs to the
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G, and T) and are sized relative to their occurrence. The 𝑒-value for STAMP is indicated by the false discovery ratio (FDR).

Table 2: Transcriptional factor genes preferentially expressed dur-
ing meiosis with putative target binding sites highly enriched in
meiocytes. Numbers in the boxes are ratios of read counts that
indicate the difference in expression in bidirectional comparisons
between each of the tissue pairs.M:meiocytes; A: anther; S: seedling.

Gene ID (name) M/A M/S A/S
AT5G47140 2.30 4.09 1.78
AT1G08000 1.02 2.43 2.37
AT2G36010 (E2Fa) 0.73 2.19 3.01
AT3G48160 (E2Fe) 0.76 2.19 2.88

control of meiotic processes such as the meiotic cell cycle and
DNA replication.

More than half of the overrepresented CREs identified
in this study are binding sites of TFs that function in plant
responses to environmental factors. We therefore infer that,

during meiosis, exogenous signals are perceived largely
through particular CRE and that this is especially likely for
light and stress signals [89–92].

4. Conclusions

In this study, which aimed to identify CREs associated with
genes preferentially expressed during meiosis, we analyzed
1 kb upstream regions of the 50 genes that were highly
expressed in Arabidopsis meiocytes. Although the CREs in
10 promoters of meiotically active genes were analyzed in
our previous study [20], here we performed a more compre-
hensive in silico study with a larger number of genes. The
CREs that we identified in the promoters of these 50 genes
may be responsible for the high activity of corresponding
promoters inmalemeiocytes.The information obtained from
this study can be used to identify TFs that regulatemeiotically
active gene expression and, more attractively, the synthesis
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of artificial promoters that could drive high gene expression
in meiocytes. As meiosis is evolutionarily conserved, the
information on transcriptional domains obtained from the
model system Arabidopsis has value not only in assessing
the conservation of functional pathways in meiosis of other
eukaryotes but also in applications seeking to improve crop
plants.
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Hehl, “AthaMapweb tools for database-assisted identification of
combinatorial cis-regulatory elements and the display of highly
conserved transcription factor binding sites in Arabidopsis
thaliana,”Nucleic Acids Research, vol. 33, no. 2, pp.W397–W402,
2005.

[33] S. Yanagisawa, “Dof1 and Dof2 transcription factors are asso-
ciated with expression of multiple genes involved in carbon
metabolism in maize,” Plant Journal, vol. 21, no. 3, pp. 281–288,
2000.

[34] S. Yanagisawa and R. J. Schmidt, “Diversity and similarity
among recognition sequences of Dof transcription factors,”
Plant Journal, vol. 17, no. 2, pp. 209–214, 1999.

[35] S. Yanagisawa and J. Sheen, “Involvement of maize Dof zinc fin-
ger proteins in tissue-specific and light-regulated gene expres-
sion,” Plant Cell, vol. 10, no. 1, pp. 75–89, 1998.

[36] M.Mena, J. Vicente-Carbajosa, R. J. Schmidt, and P. Carbonero,
“An endosperm-specific DOF protein from barley, highly con-
served in wheat, binds to and activates transcription from
the prolamin-box of a native B-hordein promoter in barley
endosperm,” Plant Journal, vol. 16, no. 1, pp. 53–62, 1998.

[37] U. Gowik, J. Burscheidt, M. Akyildiz et al., “Cis-regulatory
elements for mesophyll-specific gene expression in the C

4
plant

Flaveria trinervia, the promoter of the C
4
phosphoenolpyruvate

carboxylase gene,” Plant Cell, vol. 16, no. 5, pp. 1077–1090, 2004.
[38] H. Sakai, T. Aoyama, and A. Oka, “ArabidopsisARR1 and ARR2

response regulators operate as transcriptional activators,” Plant
Journal, vol. 24, no. 6, pp. 703–711, 2000.

[39] A. Shirsat, N. Wilford, R. Croy, and D. Boulter, “Sequences
responsible for the tissue specific promoter activity of a pea
legumin gene in tobacco,”MGG Molecular & General Genetics,
vol. 215, no. 2, pp. 326–331, 1989.

[40] J. C. Reyes, M. I. Muro-Pastor, and F. J. Florencio, “The GATA
family of transcription factors in arabidopsis and rice,” Plant
Physiology, vol. 134, no. 4, pp. 1718–1732, 2004.

[41] E. Lam and N. H. Chua, “ASF-2: a factor that binds to the
cauliflower mosaic virus 35S promoter and a conserved GATA
motif in Cab promoters.,”The Plant cell, vol. 1, no. 12, pp. 1147–
1156, 1989.

[42] S. A. Filichkin, J.M. Leonard, A.Monteros, P. Liu, andH.Nono-
gaki, “A novel endo-𝛽-mannanase gene in tomato LeMAN5 is
associated with anther and pollen development,” Plant Physiol-
ogy, vol. 134, no. 3, pp. 1080–1087, 2004.

[43] H. J. Rogers, N. Bate, J. Combe et al., “Functional analysis of
cis-regulatory elements within the promoter of the tobacco late
pollen gene g10,” PlantMolecular Biology, vol. 45, no. 5, pp. 577–
585, 2001.
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Currently, there is particular interest in the molecular mechanisms of adaptive evolution in bacteria. Neisseria is a genus of gram
negative bacteria, and there has recently been considerable focus on its two human pathogenic species N. meningitidis and N.
gonorrhoeae. Until now, no genome-wide studies have attempted to scan for the genes related to adaptive evolution. For this reason,
we selected 18 Neisseria genomes (14 N. meningitidis, 3 N. gonorrhoeae and 1 commensal N. lactamics) to conduct a comparative
genome analysis to obtain a comprehensive understanding of the roles of natural selection and homologous recombination
throughout the history of adaptive evolution. Among the 1012 core orthologous genes, we identified 635 genes with recombination
signals and 10 genes that showed significant evidence of positive selection. Further functional analyses revealed that no functional
bias was found in the recombined genes. Positively selected genes are prone to DNA processing and iron uptake, which are essential
for the fundamental life cycle. Overall, the results indicate that both recombination and positive selection play crucial roles in the
adaptive evolution of Neisseria genomes. The positively selected genes and the corresponding amino acid sites provide us with
valuable targets for further research into the detailed mechanisms of adaptive evolution in Neisseria.

1. Introduction

Homologous recombination and positive selection are two
indispensable sources of genetic variation and play central
roles in the adaptive evolution of many bacteria species
[1, 2]. Of the two mechanisms, homologous recombination
occurs frequently in some bacteria, such as Streptomyces [3],
Helicobacter pylori [4], and Neisseria [5], and could pos-
sibly speed adaptation by reducing competition between
beneficial mutations [6]. There is also evidence for positive
selection in specific genes in certain pathogens, such as
Listeria monocytogenes [7], Salmonella [8], Streptococcus [9],
Campylobacter [10], andActinobacilus pleuropneumoniae [11].
These positively selected genes are usually involved in the
dynamic interaction between host and pathogen [12, 13].

At present, there are well-developed methods for detect-
ing genes undergoing recombination and selection. Phi [14]
and GENECONV [15] are two common methods used to
detect recombination based on different statistical tests. The
dN/dS-based method is typically used to estimate the ratio
of the rate of nonsynonymous nucleotide substitutions to

that of synonymous substitutions [16, 17]. This ratio indicates
whether a gene has been under positive selection (𝜔 > 1),
neutral selection (𝜔 = 1), or purifying selection (𝜔 < 1).
Combined with the codon models developed by Nielsen and
Yang [16, 18], which allow variation in 𝜔 among sites,
this method can identify positive selection signals when
there are only few positive sites. All these methods will be
employed in this study to detect the genes with the history
of recombination or positive selection.

Neisseria is a genus of bacteria that colonizes the mucosal
surfaces of many animals. Of the known 14 species, only 2
species,Neisseria meningitides andNeisseria gonorrhoeae, are
human pathogens; and the remainders are all commensal or
nonpathogenic. Until now, there have been many compara-
tive genomic studies on the genomic evolution of these two
pathogenic species [5, 19–27]. Homologous recombination
has been found to play a key role in the adaptive evolution of
Neisseria; however, few studies have characterised the effect of
positive selection on the Neisseria genome. Only two genes,
porB [28] and pilE [29], have received attention, and both
have undergone strong positive selection pressure. In this
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study, we used the genome sequences available for the strains
of N. meningitidis, N. gonorrhoeae, and nonpathogenic N.
lactamica to investigate the contributions of recombination
and positive selection to the evolution of Neisseria genomes.
Considering the high sequence diversity and open pan-
genome, we focused on the core genome genes during our
scan for recombined genes and positively selected genes.
Statistical tests and a literature review were conducted to
determine the association between genes and the properties
of this genus.

2. Materials and Methods

2.1. Data Preparation. Eighteen genome sequences of Neis-
seria, including complete proteomes and the correspond-
ing coding genes, were retrieved from the NCBI Genome
database (http://www.ncbi.nlm.nih.gov/genome/bacte- ria).
Detailed information, such as Genbank ID and genome size,
is listed in Table 1. The COGs (clusters of orthologous groups
of proteins) functional classification for each proteome was
conducted with ID mapping from the Uniprot database [30].
Then, using Neisseria gonorrhoeae FA 1090 as the reference
genome, stand-alone BLAST was performed against the pro-
teomes of the remaining 17 strains for homologs (sequence
identity > 80% and alignment coverage > 80%) of each of the
FA 1090 proteins. For each of the core genes from FA 1090,
BLAST was performed against all 18 genomes (including the
reference genome) with the same thresholds, and multiple
copies in any genome were reported and removed from
further analysis.The remaining core proteins were defined as
the core orthologs of Neisseria.

2.2. Alignment and Calculation of Nucleotide Diversity, Infor-
mative Sites, Codon Bias, d

𝑁
, and d

𝑆
. The orthologous

protein sequences were aligned using the method imple-
mented in muscle [31]. Then, multiple codon alignments of
genes corresponding to protein sequence alignments were
obtained using PAL2NAL [32]. Using the resulting gene
alignments, the gene-by-gene number of informative sites
and the nucleotide diversity were obtained from the output
of the PhiPack program [14].

In this study, the effective number of codons (Nc) was
used to measure the codon bias. The Nc value ranges from
20 for the strongest bias to 61 for no bias [33], and the pro-
gram CodonW (http://sourceforge.net/projects/codonw/)
was used to calculate the values of Nc for each gene.
The number of synonymous nucleotide substitutions per
synonymous site (dS) and the number of nonsynonymous
nucleotide substitutions per nonsynonymous site (dN) were
estimated from the gene alignments using the program
SNAP [34].

2.3. Detection of Recombination. Four statistical procedures
GENECONV [15], pairwise homoplasy index (Phi) [14],
maximum 𝜒2 [35], and neighbor similarity score (NSS) [36]
were run on the aligned genes to discover the homologous
recombination signals. For the analyses of GENECONV, the
parameter 𝑔-scale was set to 1, which allows mismatches

within a recombining fragment.The 𝑃 values were calculated
from 10000 random permutations of the data.The remaining
three programs were implemented in the PhiPack package
and were run with default parameters.

2.4. Detection of Selection. FastTree [37] was used to con-
struct maximum likelihood phylogenetic trees with a general
time-reversible (GTR) model of nucleotide substitution for
each gene alignment. The resulting topologies of ML trees
were applied to subsequent selection analysis.

The codeml program from PAML [38] was used to detect
the genes under positive selection. Two site-specific models
were applied: the null model M1a (nearly neutral) and the
alternative model M2a (positive selection); the two models
differ by the statistical distribution assumed for the 𝜔 ratio.
The latter model allows sites with 𝜔 > 1, whereas the
former only allows sites with 𝜔 varying between 0 and 1.
To ensure convergence to the best likelihood, all calculations
were performed three times. A likelihood ratio test (LRT)was
then carried out to infer the occurrence of sites under positive
selection pressure through comparing M1a against M2a. 𝑃
values were determined from the LRT scores calculated by
the module 𝜒2 of the PAML package.

2.5. Statistical Analysis. Correction for multiple testing was
performed using the method presented by Benjamini and
Hochberg [39]. For all genes tested for recombination and
positive selection, 𝑞-values were calculated for each 𝑃 value
using the 𝑅 package [40, 41] (𝑞-value with the proportion of
true null hypothesis set to 1). According to the conservation
of tests, false discovery rates of 10% and 20% were used for
the recombination analyses and positive selection detection,
respectively.

The significance level for differences among the proper-
ties, including nucleotide diversity, codon bias, dS, and dN,
between a COG and other COGs was determined using the
nonparametric Mann-Whitney 𝑈-test. Correlation between
each COG and evolutionary forces (homologous recombina-
tion and positive selection) was estimated using a binomial
test. Then, Bonferroni corrections for multiple comparisons
were performed according to the number of one-sided tests.
The significance level was set to 5%. All statistical tests were
carried out using Python scripts and 𝑅.

3. Results and Discussion

3.1. Characterization of the Orthologous Genes in 18 Neis-
seria Genomes. Previous studies [42–45] showed that both
intraspecies and interspecies recombination could act as the
important genetic mechanism in generating new clones and
alleles inNeisseria.The genusNeisseria consists of two impor-
tant pathogenic species and a dozen species that are never
or rarely pathogenic. At present, there are only 18 completely
sequenced genomes of genusNeisseria available, including 14
N.meningitidis, 3N. gonorrhoeae, and 1N. lactamics genomes.
Thus, we selected all 18 genomes to conduct a genome-wide
scan for the identification of genes exhibiting recombination
or positively selected signals.
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Figure 1: Phylogram of concatenated sequences of 7 housekeeping genes (abcZ, adk, aroE, fumC, gdh, pdhC, and pgm) for the 18 Neisseria
genomes analyzed. The genomes in different species are marked with different colors: red for Neisseria meningitides, blue for Neisseria
gonorrhoeae, and green for Neisseria lactamics. The numbers labeled on each internal node are the boostrap values.

The phylogenetic relationships of the 18 strains were first
established based on the 7 housekeeping genes frequently
used for multilocus sequence typing (MLST) analysis of
Neisseria: abcZ, adk, aroE, fumC, gdh, pdhC, and pgm [46].
The 7 genes were concatenated to construct a maximum
likelihood tree with high bootstrap values as shown in
Figure 1. In the tree, the three species were divided into three
clades and formed a monophyly, respectively.

In the next step, N. gonorrhoeae FA 1090 was used as the
reference genome to perform a BLAST search against the
other 17 Neisseria genomes for orthologs. Finally, 1034 genes
were identified as present in all 18 genomes, containing the
initial definition of the core genome for theseNeisseria strains
and accounting for 38.73% to 55.45% of the coding genes in
each genome. This proportion is similar to that in previous
analysis of Neisseria meningitides genomes [5, 27]. Of the
1034 core genes, 22 genes occurred as two or more copies in
some genomes and were excluded from further analysis. The
remaining 1012 genes with a single copy per genome were
then defined as the core orthologous genes for subsequent
analysis of homologous recombination and natural selection.

Among these genes, genes in COGs “Replication, recom-
bination, and repair” were found to show higher nucleotide
diversity than genes in other COGs (Table 2). For the asso-
ciation between the number of informative sites and COGs,
the same result was obtained, which means genes in category
“Replication, recombination, and repair” also had more
informative sites than genes in other COGs (Table 2).

The effective number of codons, abbreviated as Nc, was
used to measure the codon bias for each orthologous gene.
Genes categorised into the COG “Translation, ribosomal
structure and biogenesis” were evident to have a significant
higher codon bias compared with genes in other COG cat-
egories (Table 2). It is well known that genes with a lower
Nc can have a strong bias and are more likely to be highly
expressed [47–49]. So, the genes in the two COGs might
present housekeeping features in the fundamental life cycle
and essential physiological activities of Neisseria.

In the same way, an association between COGs and dN or
dS was also observed.Therewere 4COGs inwhich geneswere
found to have higher rates of synonymous nucleotide sub-
stitutions in comparison with other categories. On the other
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Table 1: Genome sequences used in this study.

Strain name GenBank accession no. Genome size (Mbp) No. of CDS CC ID
Neisseria meningitidis FAM18 NC 008767 2.19 1917 CC11
Neisseria meningitidis G2136 NC 017513 2.18 1928 CC8
Neisseria meningitidis WUE 2594 NC 017512 2.23 1941 CC5
Neisseria meningitidis Z2491 NC 003116 2.18 1909 CC4
Neisseria meningitidis 8013 NC 017501 2.28 1913 CC18
Neisseria meningitidis 053442 NC 010120 2.15 2020 CC4821
Neisseria meningitidis alpha14 NC 013016 2.14 1872 CC53
Neisseria meningitidis M04 240196 NC 017515 2.25 1947 CC269
Neisseria meningitidis H44 76 NC 017516 2.24 1961 CC32
Neisseria meningitidis MC58 NC 003112 2.27 2063 CC32
Neisseria meningitidis alpha710 NC 017505 2.24 2017 CC41/44
Neisseria meningitidis M01 240149 NC 017514 2.22 1936 CC41/44
Neisseria meningitidis NZ 05 33 NC 017518 2.24 1948 CC41/44
Neisseria meningitidis M01 240355 NC 017517 2.29 1971 CC213
Neisseria gonorrhoeae TCDC NG08107 NC 017511 2.15 2196
Neisseria gonorrhoeae FA 1090 NC 002946 2.15 2002
Neisseria gonorrhoeae NCCP11945 NC 011035 2.23 2680
Neisseria lactamica 020 06 NC 014752 2.22 1972

Table 2: Association between COGs and descriptive variables.

Functional category
Number of
genes

analyzed

Bonferroni-corrected 𝑃 value for one-sided 𝑈−test for association between
genes in a given COG and(1)

>nt
diversity

>Number of
Informative sites

>Codon
bias(2)

<Codon
bias(2) >dS >dN

Energy production and conversion 85 <0.001
Nucleotide metabolism and transport 37 0.03
Translation, ribosomal structure, and
biogenesis 110 <0.001 0.03

Replication, recombination, and repair 70 <0.001 <0.001 0.03
Cell wall/membrane/envelope
biogenesis 75 0.002

Function unknown 93 0.023 0.03
Intracellular trafficking, secretion and
vesicular transport 29 0.020 0.039

Not in COGs 47 0.040 <0.001
(1)“ >” or “<” indicates the direction of the one-sided tests (i.e. “>Codon bias” shows Bonferroni-corrected 𝑃-values for associations between genes in a given
COG and higher codon bias as compared to the genes in other COGs, and “<Codon bias” represents a contrast tendency).
(2)Tests for codon bias were performed using Nc values (a lower Nc means increased codon bias).

hand, genes in the other 4 COGs also showed a tendency
to have higher rates of nonsynonymous substitutions in
comparison with genes in other COGs (Table 2). It is worth
noting that all the genes in the core genome in Neisseria had
higher dS and dN rates than the genes in other bacteria, for
example, E. coli [50] andA. pleuropneumoniae [11], indicating
that strong natural selection might act on Neisseria.

3.2. A Considerable Number of Genes Showing Evidence of
Recombination. Until now, therewere several different strate-
gies for identifying the homologous recombination regions
in sequences. In this study, four common statistical test

methods, including NSS, Max-𝜒2, Phi, and GENECONV,
were employed to detect the recombination signals among the
1012 orthologous genes. As a result, a total of 996 genes (98.4%
of all 1012 core genome genes) were found to show significant
evidence (FDR < 10%) of recombination by at least one of the
four tests.Overall, 951, 968, 842, and 727 geneswere identified
to show significant evidence of recombination by NSS, Max-
𝜒
2, Phi, and GENECONV, respectively. Additionally, a total

of 635 genes (62.7% of 1012 core genome genes) were showed
recombination signals in all four tests. The proportion of
genes undergoing recombination ranged from 62.7% to
98.4%, which is higher than those typically observed in other
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Table 3: Genes under positive selection.

Gene Cluster ID COG Function 2Δ𝐿 𝑞-value 𝜔 Positively selected sites

dnaE N35 L DNA polymerase III
alpha subunit 48.459 0.016 13.082 413, 968, 971, 972

N139 P Ammonium transporter 42.474 0.096 63.631 12, 14, 18, 19, 20, 21, 67
recB N245 L DNA helicase 67.811 0.000 4.287 4, 251, 865, 869, 882, 1036, 1137, 1184

hup N352 P TonB-dependent
receptor 129.195 0.000 7.064 263, 265, 282, 287, 288, 290, 291, 293, 304, 378,

380, 535, 538, 553, 557, 561, 646, 810, 884, 889, 891
N380 M Hypothetical protein 46.418 0.029 152.674 18, 19, 20, 23, 24, 25, 26, 28, 30

dnaX N436 L DNA polymerase III
gamma and tau subunit 57.997 0.001 6.032 228, 294, 329, 512, 559

uraA N514 F Uracil permease 55.222 0.002 16.737 2, 9, 10, 17, 24, 25, 29, 31, 395, 455
N832 S Hypothetical protein 51.544 0.006 6.580 190, 207, 212, 228, 232, 276, 314, 368, 401, 514, 729

frpB N966 P Iron-regulated outer
membrane protein 125.098 0.000 4.333

341, 342, 343, 348, 394, 409, 415, 451, 459, 466,
467, 471, 472, 473, 476, 483, 674, 688, 718, 730,
739

polA N973 L DNA polymerase I 54.283 0.003 6.489 212, 866, 867, 881, 882, 898

bacteria, such as E. coli. The result suggests that homologous
recombination plays an important role in the evolution of
Neisseria genomes.

In a previous work [5], Joseph et al. identified 459
ortholog genes with signs of recombination in Neisseria
meningitidis genomes, which accounts for 39.6% of all core
genome genes. In this work, only Neisseria meningitidis
genomes were for recombination test, the abovementioned
459 orthologous genes with signs of recombination could be
considered intraspecies recombinations. In our present work,
in addition to the N. meningitidis genomes, the genomes
of Neisseria gonorrhoeae, and Neisseria lactamica were also
selected for the recombination analyses and several inter-
species recombination genes were identified.The interspecies
recombination events in the genus Neisseria have been
reported many times [44–46]. It is not surprising that the
proportion of geneswith recombination signals in the present
work is markedly higher than the value observed by Joseph
et al. It can be deduced that both intraspecies and interspecies
recombination could act as important genetic mechanisms
for generating new clones and alleles [47] in Neisseria.

To test whether the high percentage of core genome
genes with a recombination signal is caused by the choice of
genomes, we carried out the same analysis on the 14N.menin-
gitidis genome sequences with the same parameters. We
first obtained 1211 orthologous genes with a single copy per
genome. Among these orthologous genes, 634 (52.4%) genes
were identified to show significant evidence of recombination
by all the four tests. In this case, a lower percentage of genes
with recombination signals were identified, confirming that
the choice of genomes really has an impact on the percentage
of recombined genes in the core genome. It also indicated that
interspecies recombination indeed has a role in the evolution
of Neisseria genomes. Additionally, a higher proportion of
genes with recombination signals were observed in these 14
N.meningitidis genomes comparedwith the results in Joseph’s
work. The reason could lie in the differences in the spe-
cific genomes in both analyses, suggesting that intraspecies

recombination plays an unexpected role in the evolution of
theN. meningitidis genome. In a word, recombination acts as
an important and irreplaceable geneticmechanism in shaping
the genomes of genus Neisseria.

Moreover, it is worth noting that the core genes identified
as recombinants have high rates of dS and dN, nucleotide
diversity and the number of information sites (𝑃 < 0.001,
𝑃 < 0.001, 𝑃 < 0.001 and 𝑃 < 0.001, respectively, one-sided
𝑈-test). The association between COG categories and the
number of recombined genes was also estimated (Figure 2).
Only two COGs “general function prediction only” and
“function unknown” were significantly overrepresented with
recombined genes. However, after Bonferroni correction, all
the genes exhibiting evidence of recombination were dis-
tributed with no significance in all COGs. This unbiasedness
of recombined genes in function further confirmed the role
of recombination in shaping genomes during the evolution of
Neisseria.

3.3. 10 Genes Showing Evidence of Positive Selection. The
detection of positive selection for the 1012 orthologs was
conducted in PAML, and models M1a and M2a of variable
selective pressure across codon sites were used to estimate
selective pressure and test for positive selection. Based on
LRT statistics for comparing the null model and alternative
modelwith𝜒2 distribution and correction formultiple testing
(FDR < 20%), a total of 10 genes were identified to be under
strong selected pressure. Of the 10 genes, 4 belonged to
the COG “Replication, recombination, and repair”, and 3
were in the COG “Inorganic ion transport and metabolism.”
The remaining three genes were classified into the “cell
wall/membrane/envelope biogenesis,” “nucleotide transport
and metabolism,” and “function unknown”, respectively
(Table 3).

In the same way, two obvious discrepancies were
observed, respectively, for values of dS and the number of
informative sites between genes under positive selection and
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Figure 2: Genes with recombination signals are distributed with no significance in all COGs.The 𝑥 axis represents different COG categories.
The 𝑦 axis represents the proportion of genes in each COG category. The proportion of genes with evidence for recombination and core
genes for each COG are represented by red and blue bars, respectively. The COG categories are coded as follows: A, RNA processing and
modification; B, chromatin structure and dynamics; C, energy production and conversion; D, cell cycle control, cell division, and chromosome
partitioning; E, amino acid transport andmetabolism; F, nucleotide transport andmetabolism; G, carbohydrate transport andmetabolism; H,
coenzyme transport and metabolism; I, lipid transport and metabolism; J, translation, ribosomal structure and biogenesis; K, transcription;
L, replication, recombination, and repair; M, cell wall/membrane/envelope biogenesis; N, cell motility; O, posttranslational modification,
protein turnover, and chaperone; P, inorganic ion transport andmetabolism;Q, secondarymetabolites biosynthesis, transport, and catabolism;
R, general function prediction only; S, function unknown; T, signal transduction mechanisms; U, intracellular trafficking, secretion, and
vesicular transport; V, defense mechanisms; None, not in COGs.

the remaining genes (𝑃 = 0.024 and 𝑃 = 0.005, one-sided 𝑈-
test). Furthermore, all 10 positively selected genes were found
to show significant evidence of recombination detected by at
least one recombination test. Only one gene was not in the
genes identified by all four tests. The probable reason for this
is that recombination could form phylogenetic incongruence
[51, 52].

Compared to the high proportion of recombined genes,
few positively selected genes (10) were identified, accounting
for approximately 1% of the core genome. Similar proportion
was also obtained in E. coli [12], but is smaller than those of
other pathogenic bacteria, such as A. pleuropneumoniae [11].

Among the protein products encoded by the 10 positively
selected genes, only 8 proteins were annotated with definite
functions. We found that these proteins were either involved
in DNA processing or inorganic transport and metabolism.

Of the 10 genes, recB, encoding the DNA helicase, is an
integral part of recBCD homologous recombined enzyme.
Mutations in recB are required for double-strand break repair
[53] and can also reduce the frequency of many types of
recombination events [54]. dnaE, dnaX and polA are all
DNA polymerase genes.The first two encode the polymerase
iii subunits, and the last encodes polymerase I. All three
play fundamental roles in DNA metabolism, including DNA
replication, recombination, and repair. In a word, positive
selection on the four genes might ensure the strain to adapt
to frequent recombination in the genomes.

AmtB encodes an ammonium transporter and is involved
in ammonium transmembrane transporter activity. uraA
encodes a uracil permease involved in transmembrane trans-
port as well and acts as a membrane-bound facilitator for

the transport of uracil across the cell membrane into the
cytoplasm [55]; it is therefore necessary for uracil uptake,
especially at low exogenous uracil concentrations and even
under conditions with high UPRTase activity.

Hup encodes a TonB-dependent receptor that utilizes
heme as an iron source [56]. It has been reported that muta-
tions in the hemoglobin receptor gene have profound effects
on the survival of N. meningitidis in an infant rat, indicating
that this gene is important for the virulence of Neisseria [57].

FrpB is clearly a virulence gene, encoding an iron-
regulated outer membrane protein. It is a member of the
TonB-dependent transporter family and is responsible for
iron uptake into the periplasm. FrpB is subject to a high
degree of antigenic variation, principally through a region of
hypervariable sequence exposed on the cell surface [58, 59].

In a word, the four genes play important roles in the
uptake of nutrition. So the adaptive changes in these proteins
might be beneficial for Neisseria to survive in the host.

4. Conclusion

Our analysis reported here indicates that both homologous
recombination and positive selection play important roles in
the evolution of the core genome in Neisseria. Additionally,
homologous recombination has a greater contribution to the
genetic variation of a large number of genes with recom-
bination signals. Only 10 genes were identified to be under
positive selection, which also showed significant evidence
of recombination. However, the positively selected genes
were found to be involved in DNA processing or located on
the cell membrane. The former reduce the frequency of
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recombination and enables a stable genetic environment,
while the latter maintain a dynamic interaction with the
external environment, as well as with the host. Overall,
the changes in these positively selected genes result in an
improvement in bacterial fitness in response to a variety
of environmental signals. These genes can be regarded as a
screened gene set for further analysis of the mechanisms of
adaptive evolution in Neisseria.
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[9] T. Lefébure andM. J. Stanhope, “Evolution of the core and pan-
genome of Streptococcus: positive selection, recombination,
and genome composition,” Genome Biology, vol. 8, no. 5, article
R71, 2007.
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Background. Chronicmyelogenous leukemia (CML) is characterized by tremendous amount of immaturemyeloid cells in the blood
circulation. E2F1–3 andMYC are important transcription factors that form positive feedback loops by reciprocal regulation in their
own transcription processes. Since genes regulated by E2F1–3 or MYC are related to cell proliferation and apoptosis, we wonder if
there exists difference in the coexpression patterns of genes regulated concurrently by E2F1–3 andMYCbetween the normal and the
CML states. Results. We proposed a method to explore the difference in the coexpression patterns of those candidate target genes
between the normal and the CML groups. A disease-specific cutoff point for coexpression levels that classified the coexpressed gene
pairs into strong andweak coexpression classeswas identified.Our developedmethod effectively identified the coexpression pattern
differences from the overall structure. Moreover, we found that genes related to the cell adhesion and angiogenesis properties were
more likely to be coexpressed in the normal group when compared to the CML group. Conclusion. Our findings may be helpful in
exploring the underlying mechanisms of CML and provide useful information in cancer treatment.

1. Introduction

Chronic myelogenous leukemia (CML) is a clonal myelo-
proliferative disorder that is characterized by the premature
circulation of many immature myeloid cells in the blood
stream [1]. The incidence rate of CML is about 1-2 per
100,000 per year. CML accounts for 20% of all leukemias
affecting adults with a median age of 45 to 55 years [2].
The characteristics of CML at the cellular level include
increased proliferation, increased resistance to apoptosis, and
alterations in adhesion properties of leukemic progenitors
[1]. Recently, there are many more studies on the analysis of
microarray gene expression profiles in CML. Most of them
investigate the function of differentially expressed genes such

as the study to explore the relationship between pathways and
differentially expressed genes from untreated CML patients
in the chronic phase [3]. However, few studies are available
on the coexpression analysis.

Transcription factor (TF), a kind of transacting factor,
plays the most vital role in the regulation of gene expression
and process of signal transduction [4]. E2F family of tran-
scription factors is important to control cellular proliferation
by regulating transcription of various genes involved in DNA
replication, DNA repair, mitosis, and cell cycle progression
[5]. According to structure-function studies and amino
acid sequence analysis, members of the E2F family can be
classified into two main subclasses: activators E2F1–3 and
repressors E2F4–8 [5]. The transcription activators E2F1,
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2, and 3 are vital for cell cycle progression, especially in
the G1/S transition process [6]. The protooncogene c-myc
encodes a transcription factor (MYC) that can induce both
cell proliferation and apoptosis [7]. As a transcription factor,
MYC can both activate and repress transcription of target
genes. High-throughput techniques have shown that MYC-
activated genes are involved in growth, protein synthesis,
and mitochondrial function. Most of MYC-repressed genes
participate in the interaction and communication between
cells and their external environment, and several genes are
found to have antiproliferative or antimetastatic properties
[8]. In addition, E2F1–3 and MYC are reciprocally regulated
in the transcription process to form positive feedback loops
among them [9].

Target genes regulated by the same TF tend to be
coexpressed, and the coexpression degree is increased if
genes share more TFs [10]. Moreover, coexpression analysis
has been used to study functionally related genes since
the coexpressed genes are more likely to participate in the
similar cellular processes and pathways [11]. Furthermore,
coexpressed genes are different in different states and cell
types [12]. As a result, coexpression pattern analysis is a
powerful strategy for grouping genes and further analyzing
the underlying mechanisms of diseases. The different coex-
pression pattern can be regarded as the signature of a disease.

Since target genes regulated by E2F1–3 orMYC are related
to cell proliferation and apoptosis, we wonder if there exists
difference in the coexpression patterns of genes regulated
concurrently by E2F1–3 and MYC between the normal and
the CML states. In order to answer this research question,
we proposed a method to explore the difference in the
coexpression patterns by identifying a disease-specific cutoff
point for coexpression levels that classified the coexpressed
gene pairs into strong and weak coexpression classes so
that the class was best coherent with the disease phenotype.
Traditional methods on the coexpression analysis identify
significantly coexpressed gene pairs by calculating a 𝑃 value
of correlation coefficient for each gene pair individually,
which cannot reflect the overall difference between two
different groups. Our method calculated all the correlation
coefficients in each group to form two different cumulative
distributions including all the gene pairs, which can identify
the difference between two different groups from the overall
structure. Also, the different coexpression pattern reflected
the biological alterations in CML compared to the normal
state. Annotation of the candidate target genes and mapping
the coexpressed gene pairs to the annotated gene pairs from
enriched process networks provided important information
to understand the underlying mechanisms of the CML and
the normal states.

2. Methods

2.1. Microarray Expression Data. Microarray technology is
used to monitor the expression levels of thousands of genes
in cells simultaneously [13]. Gene expression analysis across
different conditions, the normal and the disease states, may
contribute much to the exploration of disease mechanisms.

In this study, we analyzed the microarray dataset GSE5550,
normalized by variance stabilizing transformations (VSN)
method, which is publicly available on the Gene Expression
Omnibus (GEO) repository [3]. The data were obtained from
gene expression measurements of 8,537 unique mRNAs.
CD34+ hematopoietic stem and progenitor cells were col-
lected from the bonemarrow of patients with untreated CML
in the chronic phase and health controls [3]. The subjects
recruited for this dataset are Caucasians in Germany. The
CML group consisted of nine patient samples, and the control
group included eight normal samples. In this dataset, a gene
may be interrogated by more than one probe. In this case, we
took the average of all the probes for the samemRNA [14, 15].

2.2. Identification of Candidate Target Genes Regulated Con-
currently by E2F1–3 andMYC. The interactions between TFs
(E2F1, E2F2, E2F3, and MYC) and target genes (TGs) were
obtained from prediction of transcriptional regulatorymodules
(PReMod) database [16]. TF binding sites are often clustered
together, called cis-regulatory modules (CRMs). PReMod
database predicts relationships between TFs and their TGs
based on the binding affinity and conservation of CRM.
It consists of more than 100,000 computationally predicted
modules within the human genome [16]. These modules give
a description of 229 potential transcription factor families
and are the first genome-wide collection of predicted regu-
latory modules for the human genome [17]. In this study, we
called the set of TF binding predictions (TF-TG pairs) from
PReMod a molecular interaction set. This set was regarded
as the reference data. After obtaining the TGs of each TF
(E2F1, E2F2, E2F3, and MYC) individually, we identified the
common TGs of these four TFs, which were regarded as
the candidate target genes for further analysis. The flowchart
is shown in Figure S1 in Supplementary Material available
online at http://dx.doi.org/10.1155/2014/439840.

2.3. Coexpression Measure. We chose Pearson correlation
coefficient as the similarity measure. It is represented by
the direction cosine between two vectors normalized by
the subtraction of their own means, and its value accounts
for the angle between two feature vectors instead of the
vector lengths. Moreover, Pearson correlation coefficient
numerically indicates the biological relationship of two genes
but does not vary with the magnitudes of their expression
profiles [11, 18]. In general, similarity measure is a kernel
function between two feature vectors. In this study, each
feature vector consisted of the expression intensity of a gene
across all the samples in the normal group or the CML
group, respectively. The correlation coefficient of any two
genes among the candidate target genes was calculated. We
took the absolute value of correlation coefficient (|𝑟|) since the
coexpression measure output a scalar in the range from 0 to 1
where a high output indicated a strong biological relationship
in either positive or negative direction, and a low output
indicated a weak biological relationship. The coexpression
level was denoted by 𝐶

𝑑
(𝑖, 𝑗) if two expression profiles were

extracted from samples of the disease (CML) group and
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𝐶
𝑛
(𝑖, 𝑗) for the normal group, shown in Formulas (1) as

follows:
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where 𝐶
𝑑
(𝑖, 𝑗) and 𝐶

𝑛
(𝑖, 𝑗) are defined as the absolute values

of correlation coefficients between the expression profiles of
genes 𝑖 and 𝑗 in the CML group and the normal group,
respectively [18]; 𝑥

𝑑𝑖
and 𝑥

𝑑𝑗
are the expression profiles

of the 𝑖th and 𝑗th genes in the CML group; 𝑥
𝑛𝑖

and 𝑥
𝑛𝑗

are the expression profiles of the 𝑖th and jth genes in the
normal group; cor(𝑥

𝑑𝑖
, 𝑥
𝑑𝑗
) and cor(𝑥

𝑛𝑖
, 𝑥
𝑛𝑗
) are the Pearson

correlation coefficients between them in the CML group and
the normal group, respectively.

2.4. Classification of Coexpressed Gene Pairs. There was a
set of correlation coefficients in either the normal group
or the CML group. The two sets of correlation coefficients
formed two cumulative distributions.We applied two-sample
Kolmogorov-Smirnov (KS) test to identify the difference in
the overall distributions of these two conditions (𝐶

𝑑
and 𝐶

𝑛
),

including all the gene pairs.Themaximumdeviation between
two cumulative distributions of 𝐶

𝑑
and 𝐶

𝑛
was identified

(Formulas (2)), at which a threshold was found to classify
the coexpressed gene pairs into strong andweak coexpression
classes, called the disease-specific cutoff point (𝐶). The cutoff
point represented a coexpression level, at which 𝐹

𝑑
and 𝐹

𝑛

were extremely deviated. Gene pairs were further classified
into four coexpression classes: (i) strongly coexpressed gene
pairs in the normal group: pairs with coexpression levels (|𝑟|
values) bigger than or equal to 𝐶 in the normal group; (ii)
strongly coexpressed gene pairs in the CML group: pairs with
coexpression levels (|𝑟| values) bigger than or equal to𝐶 in the
CML group; (iii) weakly coexpressed gene pairs in the normal
group: pairs with coexpression levels (|𝑟| values) smaller than
𝐶 in the normal group; and (iv) weakly coexpressed gene
pairs in the CML group: pairs with coexpression levels (|𝑟|
values) smaller than 𝐶 in the CML group. Chi-square test
was used to determine if the proportions of strongly and
weakly coexpressed gene pairs significantly differed between
the normal and the CML groups

𝐷 = max
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where 𝐹
𝑑
and 𝐹

𝑛
are the cumulative distribution functions

(CDFs) of 𝐶
𝑑
and 𝐶

𝑛
, respectively; 𝐷 is the maximum

deviation; 𝐶 is the cutoff point.
We further identified the specifically coexpressed gene

pairs in different groups. Each type of gene pair represented a
particular biological meaning. The normal-specific strongly
coexpressed gene pairs were the gene pairs strongly coex-
pressed only in the normal group, which were regarded as
the potential molecular interactions maintaining physiolog-
ical balance in healthy individuals, and the impairment of

these connections may lead to diseases. Obviously, these
pairs were the CML-specific weakly coexpressed gene pairs,
which were weakly coexpressed only in the CML group. The
CML-specific strongly coexpressed gene pairs were the gene
pairs strongly coexpressed only in the CML group, which
represented the characteristics of the disease and may be
the pathogenic alternatives when the corresponding normal-
specific gene pairs cannot be coexpressed for responding to
stress. Similarly, these pairs were regarded as the normal-
specific weakly coexpressed gene pairs.

2.5. Functional Annotation for Candidate Target Genes. We
applied MetaCore from GeneGo Inc. to annotate the can-
didate target genes. Specifically, when we uploaded the
candidate target genes from Section 2.2 into this database, it
mapped these genes to a set of cellular and molecular process
networks, which are defined and annotated by Thomson
Reuters scientists. In MetaCore, each process is defined as
a preset network describing the protein interactions among
them. In each process network, the annotated target genes
were those genes included in both Section 2.2 and this process
network. Enrichment analysis for a process network inMeta-
Core is performed based on the 𝑃 value of hypergeometric
intersection between the uploaded candidate target genes and
the process-related genes in this database. The lower the 𝑃
value is obtained, the higher the relevance of this process
network to the candidate target genes and the rating of this
process network are indicated. Only the top 10 statistically
enriched process networks are shown according to the sorted
𝑃 values inMetaCore.

2.6. Mapping Coexpressed Gene Pairs to Annotated Gene
Pairs. The annotated target genes in each process network
were paired with all the possible combinations to form
the annotated gene pairs. The annotated gene pairs from
each process network were mapped to the coexpressed gene
pairs identified in Section 2.4: the normal-specific strongly
coexpressed, the normal-specific weakly coexpressed, the
CML-specific strongly coexpressed, and the CML-specific
weakly coexpressed gene pairs. We applied Fisher’s exact
test to identify if there were more mapped normal-specific
strongly coexpressed gene pairs than mapped CML-specific
strongly coexpressed gene pairs in each process network. In
other words, we planned to identify if these genes were more
likely to be coexpressed in the normal group compared to
the CML group. As a result, one-sided 𝑃 value was chosen.
False discovery rates (FDRs) are usually used to control
the expected proportion of false positives for the multiple
hypotheses. In this study, the FDRs were calculated based
on the 𝑃 values obtained from Fisher’s exact test [19]. A
process network was significantly mapped, if its FDR value
was smaller than 0.05 [20]. The FDR values were estimated
via theMatlab function,mafdr [21].

3. Results

3.1. Identification of Structural Coexpression Difference. In
total, we identified 217 common TGs of E2F1–3 and MYC
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Figure 1: Plots of distributions for coexpression analysis. (a) Cumulative distribution functions of coexpression levels in the normal and the
CML groups. (b) Deviation distribution against different coexpression cutoff points.

Table 1: The coexpressed gene pairs identified by the disease-
specific cutoff point.

Group Number of strongly
coexpressed pairs

Number of weakly
coexpressed pairs

Normal 7436 16000
CML 6083 17353

that can be found in the microarray dataset GSE5550 (Table
S1). We further extracted the available expression profiles
of these TGs and calculated the correlation coefficients in
both the normal and the CML groups. In each group, there
was a set of correlation coefficients of 23,436 gene pairs. We
plotted the cumulative distributions of these two sets of data.
The distributions between the normal and the CML groups
were significantly different (𝑃 value = 2.00 × 10−34 for 𝐷 =
0.0577). The disease-specific cutoff point that classified the
coexpressed gene pairs into strong and weak coexpression
classes was𝐶 = 0.440 (Figure 1(a)). Figure 1(b) illustrates that
the deviation was small at the two extremes, and the peak
(𝐷 = 0.0577) was found at the disease-specific cutoff point.
Two coexpression patterns were so distinct that the normal
group had more strongly coexpressed (level above ∼0.440)
and less weakly coexpressed (level below ∼0.440) gene pairs
than those in the CML group (Figure 1(a)). The cutoff point
classified the gene pairs into four coexpression classes, shown
in Table 1. The number of strongly coexpressed gene pairs in
the normal group (7436) was larger than that in the CML
group (6083). Chi-square test indicated that the proportions
of strongly and weakly coexpressed gene pairs significantly
differed between the normal and the CML groups (𝑃 value =
2.74 × 10−43 for 𝜒2 = 190).

3.2. MetaCore Analysis for Enriched Process Networks. The
top 10 statistically enriched process networks for functional

annotation of the 217 candidate target genes are shown in
Table S2. All the𝑃 values for hypergeometric intersection test
were smaller than 0.05. We got the annotated target genes
involved in each process network and mapped the annotated
gene pairs to the coexpressed gene pairs. Fisher’s exact test
was used to identify if there were more mapped normal-
specific strongly coexpressed gene pairs than mapped CML-
specific strongly coexpressed gene pairs in each process
network.The results showed that 8 out of 10 process networks
hadmoremapped normal-specific strongly coexpressed gene
pairs (Table 2). Fisher’s exact test demonstrated that “Cell
adhesion Attractive and repulsive receptors” and “Develop-
ment Regulation of angiogenesis” process networks were sig-
nificantly mapped (𝑃 values = 0.001 and 0.012, <0.05, and
FDR values were 0.004 and 0.026, <0.05).

We further plotted the coexpression networks for the
mapped normal-specific strongly coexpressed gene pairs
(a = 6 and 8) (Figure 2). Both “Cell adhesion Attractive
and repulsive receptors” and “Development Regulation of
angiogenesis” process networks had ephrin-B2 (EFNB2),
ephrin-A5 (EFNA5), and EPH receptor A4 (EPHA4) (Figure
S2). From National Center for Biotechnology Information
(NCBI) database, we obtained the basic information for these
genes/proteins. EFNB2 and EFNA5 are the members of the
ephrin gene family. EPHA4 protein product is an ephrin
receptor. The ephrins (EPH) and EPH-related receptors
belong to the largest subfamily of receptor protein-tyrosine
kinases, which play a vital role in mediating developmental
events. Figure 2 shows that the connection from EFNA5
to EPHA4 was identified as a strongly coexpressed gene
pair for these two process networks in the normal group.
In addition, protein products from neuropilin 2 (NRP2),
transforming growth factor, beta receptor II (TGFBR2), and
somatostatin receptor 2 (SSTR2) also belong to receptors,
which are very important in signal transduction process. The
encoded protein from integrin, alpha 2 (ITGA2), plays a vital
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Table 2: Mapping coexpressed gene pairs to annotated gene pairs from each process network.

Process networks Fisher’s exact test FDR
𝑎 𝑏 𝑐 𝑑 𝑃 value

Development Neurogenesis in general 14 11 11 14 0.286 0.251
Development Hedgehog signaling 22 15 15 22 0.081 0.118
Signal transduction WNT signaling 10 7 7 10 0.247 0.270
Signal transduction TGF-beta, GDF, and activin signaling 6 5 5 6 0.500 0.365
Cell adhesion Attractive and repulsive receptors 6 0 0 6 0.001 0.004
Development Regulation of angiogenesis 8 2 2 8 0.012 0.026
Cardiac development BMP TGF beta signaling 2 1 1 2 0.500 0.313
Neurophysiological process Melatonin signaling 3 2 2 3 0.500 0.274
𝑎: mapped normal-specific strongly coexpressed gene pairs; 𝑏: mapped normal-specific weakly coexpressed gene pairs; 𝑐: mapped CML-specific strongly
coexpressed gene pairs; 𝑑: mapped CML-specific weakly coexpressed gene pairs.

role in leukocyte intercellular adhesion process. There were
three enzymes identified in the coexpression networks: (i)
the protein encoded by protein kinase, cAMP-dependent,
catalytic, beta (PRKACB) is a protein kinase; (ii) the protein
product from prolyl endopeptidase (PREP) is a protease; and
(iii) the protein encoded by HIV-1 Tat interactive protein 2
(HTATIP2) is an oxidoreductase required for tumor suppres-
sion. From the results, we can infer that these genes/proteins
were well connected with each other to transduce signals and
maintain physiological balance in healthy individuals. How-
ever, in the CML group, these connections were impaired.

4. Discussion and Conclusion

In this study, our developed method successfully identified
the difference in the coexpression patterns of those candidate
target genes regulated concurrently by E2F1–3 and MYC
between the normal and the CML groups from the overall
structure (Figure 1). We further found that genes involved
in the cell adhesion and angiogenesis properties were more
likely to be coexpressed in the normal group compared to
the CML group (Table 2 and Figure 2). The alteration in
adhesion properties of leukemic progenitors is one CML
characteristic at the cellular level [1]. In addition, Bhatia et al.
hypothesized that decreased integrin-mediated adhesion of
CML progenitors to stroma can lead to continuous cell
proliferation [22]. They treated the cells with interferon-𝛼
(IFN-𝛼). The results showed that the treatment restored the
CML progenitor adhesion to stroma and also the regulation
of CML progenitor proliferation [22]. Angiogenesis is the
process forming new blood from the preexisting vasculature,
including degradation of extracellularmatrix proteins, as well
as activation, proliferation, and migration of endothelial cells
[23]. In leukemia, hematopoietic cells are supported from
the normal vascular bed in bone marrow [23]. Increased
vascularity was found in acute myeloid leukemia (AML)
patients [24]. Importantly, in CML, the number of blood
vessels and vascular areas were found to be increased
when compared to control bone marrows [23]. Our results
showed that the connection from EFNA5 to EPHA4 was
identified as a strongly coexpressed gene pair in the normal
group (|𝑟| values were 0.720 and 0.013 in the normal group

and the CML group, resp.) (Figure 2). Ephrin-A recep-
tors belong to the largest subfamily of receptor tyrosine
kinases that regulate cell shape, mobility, and attachment
[25]. Interactions between Ephrin-A receptors and ligands
are important in cell-cell communication, initiating unique
bidirectional signaling cascades to transduce the information
[26]. There may be some relationships between adhesion
property and angiogenesis. These two process networks
were found to be well controlled in the normal group
compared to the CML group. Dysregulation of adhesion
and angiogenesis properties is a possible reason leading to
CML.

The advantage of our study is the application of coexpres-
sion analysis to target genes regulated concurrently by more
than one transcription factor under different conditions.
We identified different coexpression patterns between the
normal and the CML groups. A limitation for differential
expression analysis is that it only reflects the upregulation or
downregulation of existing components in the well-known
pathways under the normal or the disease condition, which
cannot identify the functionally associated linkages among
genes during signal transduction. In addition, differential
expression analysis does not take account of the level of
correlations that may exist between gene expression pat-
terns [12]. Coexpression analysis is useful for analyzing the
underlying mechanisms of diseases. Moreover, the different
coexpression pattern can be regarded as the signature of
a disease.

Several methods have been proposed to analyze coex-
pressed genes. The two-stage screening procedure was
applied to select statistically and biologically significant gene
pairs in Zhu et al.’s study [27]. Gupta et al. proposed amethod
for determining the correlation threshold using the clustering
coefficient. 𝑅2 metric was used as a measure of similarity
between two genes [28]. Previous studies cannot reflect the
overall difference between two different groups. Our method
calculated all the correlation coefficients in each group (the
normal group and the CML group) to form two distributions,
which can find the difference between two different groups
from the overall structure.

In summary, we have presented a detailed method to
identify a disease-specific cutoff point for coexpression levels
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Figure 2: Coexpression networks for the mapped normal-specific strongly coexpressed gene pairs. The yellow ellipses are those genes
found in both process networks. (a) Mapped normal-specific strongly coexpressed gene pairs in the “Cell adhesion Attractive and repulsive
receptors” process network. (b) Mapped normal-specific strongly coexpressed gene pairs in the “Development Regulation of angiogenesis”
process network.

that classified the coexpressed gene pairs into strong and
weak coexpression classes so that the class was best coherent
with the disease phenotype. We applied this method to
explore the difference in the coexpression patterns of target
genes regulated concurrently by E2F1–3 and MYC between
the normal and the CML groups. Our method effectively
identified the statistical differences between the normal and
the CML groups from the overall structure. We further
found the potentially altered cell adhesion and angiogenesis
properties in the CML state when compared to the normal
group. The different coexpression pattern can reflect the
biological alterations in CML. Our significant findings will
be helpful in exploring the underlying mechanisms of CML
and provide useful information in cancer treatment.
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The information about the crystal structure of porcine reproductive and respiratory syndrome virus (PRRSV) leader protease nsp1𝛼
is available to analyze the roles of tRNA abundance of pigs and codon usage of the nsp1𝛼 gene in the formation of this protease.
The effects of tRNA abundance of the pigs and the synonymous codon usage and the context-dependent codon bias (CDCB) of
the nsp1𝛼 on shaping the specific folding units (𝛼-helix, 𝛽-strand, and the coil) in the nsp1𝛼 were analyzed based on the structural
information about this protease from protein data bank (PDB: 3IFU) and the nsp1𝛼 of the 191 PRRSV strains. By mapping the
overall tRNA abundance along the nsp1𝛼, we found that there is no link between the fluctuation of the overall tRNA abundance
and the specific folding units in the nsp1𝛼, and the low translation speed of ribosome caused by the tRNA abundance exists in the
nsp1𝛼. The strong correlation between some synonymous codon usage and the specific folding units in the nsp1𝛼 was found, and
the phenomenon of CDCB exists in the specific folding units of the nsp1𝛼. These findings provide an insight into the roles of the
synonymous codon usage and CDCB in the formation of PRRSV nsp1𝛼 structure.

1. Introduction

Porcine reproductive and respiratory syndrome virus
(PRRSV) is an economically important pathogen of swine.
The PRRSV belongs to the order Nidovirales, family Art-
eriviridae, genus Arterivirus [1]. The PRRSV genome con-
tains at least 9 open reading frames, including ORF1a encod-
ing papain-like cysteine protease, ORF1b encoding RNA
dependent RNA polymerase, ORFs 2–6 encoding envelop
proteins, and ORF7 encoding the nucleocapsid protein [2, 3].
PRRSV strains can be divided into two distinct serotypes,

namely, the North American isolate (US) and the European
isolate (EU) [4–8].

The replicative enzymes of the PRRSV are encoded in
ORF1a and ORF1b, which locate in the 5 proximal three
quarters of the viral genome. The two polyproteins encoded
by ORF1a and ORF1b are cleaved extensively by the non-
structural protein 4 (nsp4) deriving from ORF1a, yielding a
series of nonstructural proteins [9]. In particular, the nsp1
and the nsp2 proteases release themselves from the ORF1a
polyprotein firstly, and the nsp1 can be further processed
into two multifunctional proteases, namely, the nsp1𝛼 and
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the nsp1𝛽 [10, 11]. The arterivirus nsp1 region contains a
tandem of papain-like autoprotease domains (PCP𝛼 and
PCP𝛽), and the arterivirus PCP𝛼 and PCP𝛽 domains were
found to be active in the reticulocyte lysates and the E.
coli systems [12, 13]. This biological feature might indicate
that the active functions of PCP𝛼 and PCP𝛽 are free from
the different types of the expression systems and depend
on the correct folding by themselves. As for the nsp1𝛼, it
plays an important role in regulating the accumulation of
both genome- and subgenome-length minus-strand RNA
and thereby fine-tuning the relative abundance of each of
viral mRNAs in the infected cells [10, 14, 15]. The correct
secondary structure of the nsp1𝛼 is required for the biological
functions of the protease. Based on the crystal structure of the
nsp1𝛼, it was found that this nonstructural protein has three
domains, namely, the N-terminal zinc finger (ZF) domain,
the papain-like cysteine protease domain, and the carboxyl-
terminal extension [16]. Recently, the role of the nsp1𝛼 in
impairing the host immune response has been reported [17];
however, little information about the relationship between
synonymous codon usage and the secondary structure of the
PRRSV nsp1𝛼 is available to date.

The synonymous codon usage and translational speed of
gene play important roles in many biological functions, like
translation efficiency, genetic diversity, amino acid conserva-
tion, transfer RNA abundance, coevolution of the virus and
its hosts, and context-dependent codon bias (CDCB), and
so forth [18–22]. The nucleotide composition of a coding
sequence (CDS) is nonrandom, and theCDSnonrandomness
is influenced by the preferences in the selection of synony-
mous codons pairing to the same amino acid (termed as
the synonymous codon usage bias SCUB). The link between
SCUB and specific folding unit of protein gives us a new
insight into the correct formation of the secondary structure
of proteins [23–26]. It is noted that mRNA sequences gener-
ally have an additional potential to carry correct structural
information in the forms of SCUB, which can be involved in
a single codon or a nucleotide context of the target coding
sequence [27, 28]. As for SCUB, neighboring nucleotides
flanking a codon regulate the usage of the specific codon
from the synonymous family, termed as context-dependent
codon bias (CDCB) [20, 29–31]. It has been reported that
the most important nucleotide determining CDCB is the
first nucleotide after a codon, termed as the𝑁

1
context [32].

Although several evidences indicate the link between SCUB
and the formation of the specific folding unit of viral protein,
little information about the role of CDCB in the formation
of the specific folding unit is reported up to date. In this
study, we employed the structural information about the
nsp1𝛼 of PRRSV and several simple formulas to analyze the
relationship between theCDCBof the PRRSVnsp1𝛼 gene and
the protease.

2. Materials and Methods

2.1. Information of PRRSV Gene and Structure of the nsp1𝛼.
The 191 coding sequences of PRRSV containing the
nsp1𝛼 gene were downloaded from the National Center

for Biotechnology Information (NCBI) (http://www.ncbi
.nlm.nih.gov/Genbank/) and the accession numbers of
the sequences were listed in Table S1 available online at
http://dx.doi.org/10.1155/2014/765320. To investigate SCUB
of the nsp1𝛼, the related genes were obtained from these
191 coding sequences by the multiple sequence alignments
performed with the Clustal W (1.7) computer programs [33].
The information about the secondary structure of the PRRSV
nsp1𝛼 was obtained from protein data bank (PDB: 3IFU).

2.2. Analysis of the Overall tRNA Abundance of Each Codon
Position along the nsp1𝛼 Gene. To identify the translation
selection caused by the various tRNA copy numbers (reflect-
ing tRNA abundance) of the pigs (http://gtrnadb.ucsc.edu/)
at each codon position in the PRRSV nsp1𝛼, we devised an
index (C value) representing the overall tRNA abundance for
a particular codon position in a target gene. Consider

𝐶 =
𝑛
√

𝑛

∏

1

(

𝑊𝑖𝑗

𝑊𝑗

), (1)

where 𝐶 value indicates the overall tRNA abundance for a
particular codon position in the target gene, 𝑊

𝑖𝑗
represents

the tRNA copy numbers of a synonymous codon (𝑖) for the
corresponding amino acid (𝑗), 𝑊

𝑗
represents the optimal

tRNA copy numbers of a synonymous codon for the same
amino acid, and 𝑛means the number of the interesting gene.
The 𝐶 value ranges from 0 to 1.0.The 𝐶 value less than 0.3 for
a codon position represents low tRNA abundance, and the
𝐶 value more than 0.7 for a codon position represents high
tRNA abundance.

2.3. Estimation of the Relationship between the Synonymous
Codon Usage Bias and the Secondary Structure of the nsp1𝛼.
Based on the alignment between the amino acid sequences
of the PRRSV (PDB: 3IFU) and the 191 nsp1𝛼 genes involved
in this study, we can locate the different folding units in the
target protein. We devised the formula for the 𝑃 value based
on the previous research which analyzed the relationship
between the codon usage bias and the structure of the target
protein [25]. Consider

𝑃 = ln
𝑓obs
𝑓exp
,

𝑓obs =
𝑁
(𝑖,sec-𝑘)

𝑁
(𝑘)

,

𝑓exp =
∑𝑁
(𝑖,sec-𝑗)

𝑁total
,

(2)

where 𝑁
(𝑖,sec-𝑘) represents the amount of a specific synony-

mous codon for the corresponding amino acid in a specific
folding unit (the 𝛼-helix, the 𝛽-strand, or the coil) of protein;
sec-𝑘 represents the corresponding amino acid in a specific
secondary unit; 𝑁

(𝑘)
represents the amount of the amino

acid in the corresponding folding unit. In addition,∑𝑁
(𝑖,sec-𝑗)

represents the total number of amino acids in a specific
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folding unit; sec-𝑗 contains the three kinds of folding unit,
namely, 𝛼-helix, 𝛽-strand, and the coil; 𝑁total represents the
total number of codons in the target genes. When the 𝑃 value
is more than zero, the corresponding synonymous codon (𝑖)
owns a potential to be selected in a specific folding unit.
When the 𝑃 value is less than zero, the synonymous codon
(𝑖) has no tendency to be chosen in a specific folding unit.
Furthermore, we defined that when the 𝑃 value is more than
0.1, the synonymous codon has a strong ability to exist in the
specific folding unit; on the contrary, when the 𝑃 value is less
than −0.1, the synonymous codon has a strong tendency to
avoid the specific folding unit.

2.4. Calculation of the Relative Abundance of Codons with
Context. With the purpose to estimate the synonymous
codons playing an important role in the formation of the
specific folding units, codons having a significant tendency
to exist in the specific folding unit of the PRRSV nsp1𝛼
were analyzed by the formula for the relative abundance of
codons with context. Berg and Silva [32] defined that the
context 𝑁

1
represents the first nucleotide after the target

codon. Following this notation, we defined that the context
1
𝑁 represents the last nucleotide before the target codon.
We devised a formula calculating 𝑅 value for the context
𝑁
1
(𝑥𝑦𝑧 ∼ 𝑛) and the context

1
𝑁(𝑛 ∼ 𝑥𝑦𝑧) depending on

the formula previously reported [20, 34]. Consider

𝑅 (𝑥𝑦𝑧∼𝑛) =

𝐹 (𝑥𝑦𝑧∼𝑛)

𝐹 (𝑥𝑦𝑧) 𝐹 (𝑛)

,

𝑅 (𝑛∼𝑥𝑦𝑧) =

𝐹 (𝑛∼𝑥𝑦𝑧)

𝐹 (𝑥𝑦𝑧) 𝐹 (𝑛)

,

(3)

where 𝐹(𝑥𝑦𝑧) is the frequency of the codon 𝑥𝑦𝑧 and 𝐹(𝑛)
is the frequency of nucleotide 𝑛 in the 𝑁

1
or
1
𝑁 context.

𝐹(𝑥𝑦𝑧 ∼ 𝑛) and 𝐹(𝑛 ∼ 𝑥𝑦𝑧) are the frequency of a
codon with the 𝑛 context. It is noted that 𝑥, 𝑦, 𝑧, and 𝑛 are
the nucleotides (𝑎, 𝑢, 𝑔, or 𝑐) and the codon is composed of
𝑥𝑦𝑧. Here and elsewhere the tilde character (∼) separates
codons (italic) or oligonucleotides (nonunderlined) from
their mononucleotide context.

2.5. Calculation of the Relative Abundance of Mononucleotide
and Dinucleotides in the nsp1𝛼 Gene. To investigate whether
the 𝑁

1
and
1
𝑁 contexts are shaped by randomness or not,

we calculated the frequencies of each nucleotide 𝐹(𝑛) and
dinucleotide 𝐹(𝑥𝑦), where 𝑛, 𝑥, 𝑦, and 𝑧 are each one of
the four nucleotides (𝑎, 𝑢, 𝑐, and 𝑔). Then we calculated the
relative abundances (𝑟 value) of the mononucleotide and
dinucleotides with a single nucleotide context: 𝑟(𝑛 ∼ 𝑥) =
𝐹(𝑛 ∼ 𝑥)/[𝐹(𝑛)𝐹(𝑥)], for mononucleotide 𝑥 with context 𝑛;
𝑟(𝑥𝑦 ∼ 𝑛) = 𝐹(𝑥𝑦 ∼ 𝑛)/[𝐹(𝑥𝑦)𝐹(𝑛)], for dinucleotide𝑥𝑦 with
context 𝑛.

2.6. Statistic Analysis. One-way analysis of variance, namely,
one-way ANOVA, is a technique used to compare means
of two or more samples. In this study, the ANOVA test is
applied for identifying whether the overall tRNA abundance

of positions of a specific folding unit is different from other
specific folding units or not. In addition, the ANOVA test
is also employed to estimate whether the frequencies of
codon usage in a specific folding unit are different from other
specific folding units or not. This statistic analysis is carried
out by the software SPSS 11.5.

3. Results

3.1. The Overall tRNA Abundance for Each Codon Position of
the nsp1𝛼 Gene. Based on the 𝐶 values, the tRNA abundance
for each codon position along the PRRSV nsp1𝛼 gene was
mapped. The translation speed for the synthesis of the nsp1𝛼
is not stable in the pigs (Figure 1). The codon positions with
the𝐶 values much less than 0.30 have a tendency to cluster in
nsp1𝛼 gene, including the positions 4–6, 8–10, 22–25, 27–30,
32–34, 38–40, 42–47, 50–53, 55–58, 68–70, 77–79, 83–85, 110–
112, 119–122, 126–128, 139–141, 157–160, and 171–173. However,
the codon positions with the𝐶 values much greater than 0.70
have few chances to cluster in nsp1𝛼 gene which is translated
in the pigs. Due to most codon positions with 𝐶 values much
less than 0.70 existing in the target gene, these positions
within the nsp1𝛼 might reduce the translation rate of this
protein when the nsp1𝛼 was scanned by the ribosomes in pig
cells. It is noted that there are no significant differences (𝑃 >
0.05) of the overall tRNA abundance for the codon positions
in the regions of the three specific folding units of the nsp1𝛼.
This result suggests that the fluctuation of the overall tRNA
abundance pairing to each codon position along this nsp1𝛼
might not regulate the formation of the specific folding units
but decrease the scanning speed of ribosomes in the pig cells.

3.2. The Relationship between the Synonymous Codon Usage
Bias and the Structure of the nsp1𝛼. Based on the 𝑃 values for
the synonymous codons which are involved in the formation
of the specific folding units in the nsp1𝛼, we found the link
between SCUD and the specific folding unit (𝑃 = 2.75 ×
10
−11). In detail, the synonymous codons have a strong

propensity toward shaping the 𝛼-helix unit, including AUC
for Ile, GUA for Val, AGC for Ser, AAG for Lys, and AUG
for Met (Table 1). Turning to the effects of SCUB on shaping
the 𝛽-strand unit, there are UUA for Leu, AUA for Ile, GUG
for Val, UCA and AGU for Ser, ACA for Thr, UAC for Tyr,
CGC for Arg, and two synonymous codons for His (Table 1).
It is interesting that there are no codons which have a strong
tendency to exist in the coil of the nsp1𝛼 (Table 1). As for the
codons which have a strong tendency (𝑃 value > 1.0) to exist
in the nsp1𝛼, all of them strongly tend to exist only in the 𝛼-
helix or the 𝛽-strand of this protein.

3.3. The Relative Abundance of the Codon with 𝑁
1
Context

in the nsp1𝛼 Gene. As for the codons which have a strong
tendency to exist in the specific folding unit of the nsp1𝛼,
their 𝑅 values, the relative abundance of codons with 𝑁

1

contexts, were calculated from the 191 nsp1𝛼 genes (Table 2).
The data show that the occurrence of the codon with 𝑁

1

context or
1
𝑁 context is not random, and many codons

with 𝑁
1
context or

1
𝑁 context have a strong tendency to



4 BioMed Research International

1

0.9

0.8

0.7

0.6

0.5

0.4

0.3

0.2

0.1

0

C
va

lu
e

Position/folding unit
C C C C C C C C C C C C C C C C C C C C C C C C C C C C C CH HS S S S S S S S S S S S S

(a)

1

0.9

0.8

0.7

0.6

0.5

0.4

0.3

0.2

0.1

0

C
va

lu
e

Position/folding unit
C C C C C C C C C C C C C C C C C C C C C C C C C C C C C C CH H H H H H H H H H H H H H

(b)

1

0.9

0.8

0.7

0.6

0.5

0.4

0.3

0.2

0.1

0

C
va

lu
e

Position/folding unit
C C C C C C C CC C C C C C C C C CH H H H H H H H H H H H H H H H H H H H H S S S S S S

(c)

1

0.9

0.8

0.7

0.6

0.5

0.4

0.3

0.2

0.1

0

C
va

lu
e

Position/folding unit
C C C C C C C C CC CC C C C C C C C C C C C C C C C C CS S SS SS SS S S S

(d)

Figure 1: The overall tRNA abundance for each codon position of the PRRSV nsp1𝛼 gene. The black bar corresponds to the 𝛽-strand region
in the nsp1𝛼; the blue bar corresponds to the coil region in the nsp1𝛼; the red bar corresponds to helix region in the nsp1𝛼. (a) The codon
positions range from the first position to the 45th position of the nsp1𝛼. (b) The codon positions range from the 46th position to the 90th
position of the nsp1𝛼. (c) The codon positions range from the 91th position of the nsp1𝛼. (d)The codon positions range from the 136th to the
175th position of the nsp1𝛼.
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Table 1:The relationship between the synonymous codon usage and
the formation of the specific secondary structure unit.

Amino acid Codon a
𝑃 value b

𝑃 value c
𝑃 value

Phe UUU 0.40 0.07 −0.21
Phe UUC −0.92 −0.40 0.26
Leu UUA −1.07 1.47 −1.22
Leu UUG −0.16 −0.53 0.15
Leu CUU 0.68 d— −0.06
Leu CUC −5.53 −5.32 0.48
Leu CUA 0.17 −1.37 0.13
Leu CUG 0.00 −4.15 0.24
Ile AUU 0.99 0.92 −5.46
Ile AUC 1.50 −1.17 d—
Ile AUA 0.69 1.12 −2.46
Val GUU 0.58 0.28 −0.45
Val GUC 0.32 0.20 −0.21
Val GUA 1.27 0.02 −2.17
Val GUG −0.52 1.21 −0.73
Ser UCU 0.76 d— −0.12
Ser UCC −4.45 −3.14 0.47
Ser UCA d— 1.76 d—
Ser UCG d— d— d—
Ser AGU −4.79 1.35 −0.61
Ser AGC 1.24 −0.25 −1.53
Pro CCU −0.48 −2.90 0.33
Pro CCC −2.85 −0.28 0.33
Pro CCA −0.32 −4.40 0.31
Pro CCG −0.23 −2.69 0.28
Thr ACU −0.08 0.58 −0.21
Thr ACC −0.57 0.53 −0.05
Thr ACA 0.58 1.28 −5.24
Thr ACG −4.40 d— 0.48
Ala GCU 0.55 −2.56 0.00
Ala GCC −0.07 0.10 −0.01
Ala GCA 0.78 0.16 −0.61
Ala GCG 0.76 1.15 −4.18
Tyr UAU 0.95 −1.60 −0.39
Tyr UAC 0.21 1.37 −2.22
His CAU −4.21 1.75 −4.18
His CAC d— 1.75 −3.81
Gln CAA 0.62 −0.82 −0.15
Gln CAG −2.74 0.63 0.07
Asn AAU −4.47 −0.58 0.38
Asn AAC d— 0.18 0.25
Lys AAA −0.90 d— 0.39
Lys AAG 1.18 d— −0.69
Asp GAU d— −3.17 0.48
Asp GAC d— d— 0.48
Glu GAA 0.93 d— −0.28
Glu GAG −1.15 −5.28 0.41
Cys UGU d— −4.75 0.48
Cys UGC −5.41 0.04 0.28
Arg CGU −1.82 0.28 0.18

Table 1: Continued.

Amino acid Codon a
𝑃 value b

𝑃 value c
𝑃 value

Arg CGC d— 1.52 −1.03
Arg CGA 0.83 −2.13 −0.22
Arg CGG −0.04 0.16 −0.04
Arg AGA 1.37 −4.30 −1.32
Arg AGG d— 0.76 0.03
Gly GGU 0.52 d— 0.04
Gly GGC −0.34 −4.61 0.32
Gly GGA −4.76 −4.55 0.48
Gly GGG d— −4.62 0.48
Met AUG 1.01 −0.35 −0.72
Trp UGG 0.45 0.66 −0.61
a
𝑟𝑒𝑝𝑟𝑒𝑠𝑒𝑛𝑡𝑠𝛼-helix.

b
𝑟𝑒𝑝𝑟𝑒𝑠𝑒𝑛𝑡𝑠𝛽-strand.

c
𝑟𝑒𝑝𝑟𝑒𝑠𝑒𝑛𝑡𝑠The coil.

d
𝑟𝑒𝑝𝑟𝑒𝑠𝑒𝑛𝑡𝑠 The corresponding codon is not selected in the specific sec-
ondary structure unit.
Italic indicates that the corresponding codon has a weak bias to be selected
in a specific secondary structure unit.
Bold indicates that the corresponding codon has a tendency to be selected in
a specific secondary structure unit.

exist in the specific folding units of the nsp1𝛼. Based on
the data of SCUB in the specific folding units (Table 1), the
corresponding codon with 𝑁

1
context was found to have a

trend to exist in the specific folding unit of the nsp1𝛼. In
detail, the codons with 𝑁

1
context or

1
𝑁 context (GUA∼A,

AGC∼A, AAG∼C, AGA∼C, A∼AUA, U∼AGC, U∼AAG, C∼
AAG, G∼AGA, and U∼AUG) have an obvious trend to exist
in the helix unit of the nsp1𝛼. Some codons with 𝑁

1
context

or
1
𝑁 context have a strong tendency to exist in the 𝛽-strand

of the nsp1𝛼, including UUA∼A, AUA∼G, GUG∼U, UCA∼
C, AGU∼G, ACA∼C, UAC∼U, UAC∼C, CAU∼G, CAC∼G,
CGC∼U, G∼UUA, U∼AUA, U∼GUG, G∼GUG, U∼UCA, C∼
AGU, C∼ACA, C∼UAC, G∼UAC, U∼CAU, U∼CAC, and U∼
CGC.

In order to identify the roles of nucleotide compositions
(dinucleotide with 𝑁

1
context and mononucleotide with 𝑁

1

context) in shaping the codonwith𝑁
1
context or

1
𝑁 context,

the 𝑅 values for these interesting codons with 𝑁
1
context

or
1
𝑁 context which have a strong tendency to exist in the

helix or the 𝛽-strand were compared with the 𝑟 values for
the dinucleotide/mononucleotide with 𝑁

1
context (Tables 3

and 4). The 𝑅 value for the target codon with 𝑁
1
context is

higher than the corresponding dinucleotide/mononucleotide
with 𝑁

1
context or

1
𝑁 context. For example, as for GUA

which tends to exist in the helix of the nsp1𝛼 gene, GUA∼A
has a tendency to exist in the helix unit, because the 𝑅 value
(1.4751) ofGUA∼A for the helix unit is higher than the𝑅 value
for GUA∼A for the 𝛽-strand and the coil (Table 2) and higher
than the 𝑟 value for UA∼A and the 𝑟 value for A∼A (Tables 3
and 4). As for UUA which tends to exist in the 𝛽-strand of
this gene, UUA∼A has a tendency to exist in the strand unit,
because the 𝑅 value (4.9268) for UUA∼A is higher than the 𝑅
values for UUA∼A of the helix and the coil and higher than
the 𝑟 values for UA∼A and A∼A (Tables 3 and 4). As for AGC
which tends to exist in the helix of this gene, U∼AGC has
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Table 2: Relative abundance of codons with𝑁
1
context or

1
𝑁 context in the PRRSV nsp1𝛼 gene.

Codon-context (𝑥𝑦𝑧-𝑛) 𝑅 value1 𝑅 value2 𝑅 value3 Codon-context (𝑥𝑦𝑧-𝑛) 𝑅 value1 𝑅 value2 𝑅 value3

UUA∼A 0.0000 4.9268 0.3345 A∼UUA 0.0000 0.0401 3.6799
UUA∼U 0.2911 0.0000 0.0000 U∼UUA 0.1456 0.0617 0.2945
UUA∼C 2.8120 0.0000 0.0000 C∼UUA 2.9124 0.0000 0.0000
UUA∼G 0.0000 0.0000 3.7713 G∼UUA 0.0000 3.7019 0.0000
AUC∼A 0.0000 0.0000 0.0000 A∼AUC 0.0000 0.0000 2.4430
AUC∼U 0.0000 0.0000 3.1392 U∼AUC 0.0000 0.2233 0.0116
AUC∼C 0.0000 0.0000 0.0000 C∼AUC 0.0000 3.4849 0.0439
AUC∼G 0.0000 3.7945 0.4601 G∼AUC 0.0000 0.0000 1.5563
AUA∼A 0.0000 0.0000 0.0000 A∼AUA 0.0000 0.0000 0.0000
AUA∼U 0.0000 0.0000 0.0000 U∼AUA 4.3672 3.4158 2.2091
AUA∼C 3.0128 0.0000 0.5557 C∼AUA 0.0000 0.3703 0.0000
AUA∼G 0.0000 3.7945 3.5998 G∼AUA 0.0000 0.0000 1.5428
GUA∼A 1.4751 0.0000 0.0934 A∼GUA 2.9502 3.2845 0.0000
GUA∼U 1.0918 3.7954 0.0822 U∼GUA 0.0000 0.0000 0.0000
GUA∼C 0.7532 0.0000 4.2386 C∼GUA 0.7532 1.2342 0.0000
GUA∼G 0.9274 0.0000 0.0000 G∼GUA 0.9274 0.0000 4.1141
GUG∼A 0.0510 0.0000 0.0000 A∼GUG 1.4283 0.0000 0.3526
GUG∼U 0.2014 2.7198 0.0000 U∼GUG 0.0629 1.8132 0.0239
GUG∼C 1.4413 0.1874 4.4454 C∼GUG 0.0174 0.4872 0.0000
GUG∼G 1.7318 0.8833 0.0000 G∼GUG 2.7367 1.4824 3.7249
UCA∼A 0.0000 0.0000 0.0000 A∼UCA 0.0000 0.0000 0.0000
UCA∼U 0.0000 0.0000 0.0000 U∼UCA 0.0000 3.7954 0.0000
UCA∼C 0.0000 3.7027 0.0000 C∼UCA 0.0000 0.0000 0.0000
UCA∼G 0.0000 0.0000 0.0000 G∼UCA 0.0000 0.0000 0.0000
AGU∼A 0.0000 0.0000 0.0000 A∼AGU 0.0000 0.0000 0.0000
AGU∼U 0.0000 0.0000 0.0000 U∼AGU 2.4694 0.0000 0.0000
AGU∼C 0.0473 0.0000 0.0000 C∼AGU 1.2619 3.7027 4.4454
AGU∼G 3.6513 3.7945 4.1141 G∼AGU 0.0583 0.0000 0.0000
AGC∼A 2.9502 0.0000 0.0000 A∼AGC 0.0000 0.0000 0.0000
AGC∼U 0.0000 0.0000 0.0000 U∼AGC 5.9004 0.0000 0.0000
AGC∼C 0.0000 0.0000 0.0000 C∼AGC 0.0000 3.7027 0.0000
AGC∼G 1.8548 3.7945 0.0000 G∼AGC 0.0000 0.0000 0.0000
ACA∼A 0.0000 0.0000 0.0000 A∼ACA 0.0000 0.0000 0.0000
ACA∼U 0.0000 0.0000 0.0000 U∼ACA 4.3672 0.0000 3.4431
ACA∼C 0.0000 3.7027 0.0383 C∼ACA 0.0000 3.7027 0.1150
ACA∼G 3.7096 0.0000 4.0786 G∼ACA 0.0000 0.0000 0.0000
UAC∼A 5.6595 0.0000 3.9513 A∼UAC 0.0000 0.0502 0.0000
UAC∼U 0.0000 1.4455 0.0000 U∼UAC 1.2478 0.8812 1.4434
UAC∼C 0.1230 1.4253 0.0000 C∼UAC 2.1520 1.3876 2.6300
UAC∼G 0.0000 0.8887 0.0646 G∼UAC 0.0000 1.4529 0.0000
CAU∼A 0.0000 0.0000 0.0000 A∼CAU 3.9336 0.0000 0.0000
CAU∼U 0.0000 0.0000 0.0000 U∼CAU 0.0000 3.7043 0.0000
CAU∼C 1.0043 0.0000 0.0000 C∼CAU 0.0000 0.0889 4.4454
CAU∼G 2.4730 3.7945 4.1141 G∼CAU 1.2365 0.0000 0.0000
CAC∼A 0.0000 0.0000 0.0000 A∼CAC 0.0000 0.0000 0.0000
CAC∼U 0.0000 0.2138 0.0000 U∼CAC 4.3672 3.5816 0.0000
CAC∼C 0.0000 0.0000 0.0000 C∼CAC 0.0000 0.2086 0.0000
CAC∼G 3.7096 3.5807 0.0000 G∼CAC 0.0000 0.0000 0.0000
AAG∼A 0.0000 0.0000 3.4986 A∼AAG 0.0000 0.0000 3.3416
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Table 2: Continued.

Codon-context (𝑥𝑦𝑧-𝑛) 𝑅 value1 𝑅 value2 𝑅 value3 Codon-context (𝑥𝑦𝑧-𝑛) 𝑅 value1 𝑅 value2 𝑅 value3

AAG∼U 0.0546 0.0000 0.0000 U∼AAG 1.4739 0.0000 0.0000
AAG∼C 2.9751 0.0000 0.0000 C∼AAG 1.9960 0.0000 0.0000
AAG∼G 0.0000 0.0000 0.5286 G∼AAG 0.0000 0.0000 0.6895
CGC∼A 1.3112 0.0000 0.0000 A∼CGC 2.8704 0.0000 0.0000
CGC∼U 0.1213 3.7954 0.0000 U∼CGC 0.1180 2.3721 0.0000
CGC∼C 0.0837 0.0000 0.0000 C∼CGC 1.3843 1.3885 0.0000
CGC∼G 2.6791 0.0000 0.0000 G∼CGC 0.1003 0.0000 0.0000
AGA∼A 0.0000 0.0000 1.9453 A∼AGA 0.0831 0.0000 2.0578
AGA∼U 0.1230 0.0000 0.1188 U∼AGA 0.6766 0.0000 0.0099
AGA∼C 2.8855 0.0000 0.0249 C∼AGA 0.1273 0.0000 2.1293
AGA∼G 0.0522 0.0000 1.9591 G∼AGA 2.9259 0.0000 0.0230
AUG∼A 0.0000 0.0000 2.1721 A∼AUG 0.0000 0.0000 3.9812
AUG∼U 0.0000 0.0000 0.0000 U∼AUG 4.1823 3.6955 0.0000
AUG∼C 0.0000 0.0000 0.0000 C∼AUG 0.1275 0.0974 0.0000
AUG∼G 0.0000 3.7945 1.8881 G∼AUG 0.0000 0.0000 0.0340
1
𝑟𝑒𝑝𝑟𝑒𝑠𝑒𝑛𝑡𝑠The relative abundance of codons with𝑁

1
context in the helix unit of the PRRSV nsp1𝛼.

2
𝑟𝑒𝑝𝑟𝑒𝑠𝑒𝑛𝑡𝑠The relative abundance of codons with𝑁

1
context in the 𝛽-strand unit of the PRRSV nsp1𝛼.

3
𝑟𝑒𝑝𝑟𝑒𝑠𝑒𝑛𝑡𝑠The relative abundance of codons with𝑁

1
context in the coil unit of the PRRSV nsp1𝛼.

a tendency to exist in the helix rather than in the strand or
the coil, because the 𝑅 value (5.9004) for U∼AGC is higher
than the 𝑅 value of U∼AGC of the strand and the coil and
higher than the 𝑟 values for U∼AG and U∼A (Tables 3 and
4). As for UUAwhich tends to exist in the strand of this gene,
G∼UUAhas a tendency to exist in the strand unit, because the
𝑅 value (3.7019) for G∼UUA of the strand unit is higher than
the 𝑅 values for G∼UUA of the helix and the coil and higher
than 𝑟 values for G∼UU and G∼U (Tables 3 and 4). Based on
the standard mentioned above, GUA∼A, AGC∼A, AAG∼C,
AGA∼C, A∼GUA, U∼AGC, U∼AAG, C∼AAG, G∼AGA, and
U∼AUG have a strong trend to exist in the helix of PRRSV
nsp1𝛼 gene and UUA∼A, AUA∼G, GUG∼U, UCA∼C, ACA∼
C, UAC∼U, UAC∼C, CAU∼G, CGC∼U, G∼UUA, U∼GUG,
U∼UCA, C∼AGU, C∼ACA, G∼UAC, U∼CAU, and U∼CGC
have a strong tendency to exist in the 𝛽-strand of the nsp1𝛼
gene.

4. Discussion

In this study, we have mapped the fluctuation of the overall
tRNA abundance for each codon position along the PRRSV
nsp1𝛼 gene and estimated the correlation between the syn-
onymous codon usage and different folding units of the
nsp1𝛼. The performance of mapping the fluctuation of the
overall tRNA abundance for each codon position along the
target gene likely reflects the translation speed of ribosomes
scanning caused by the tRNA abundance of the pigs to some
degree, since the tRNA abundance plays an important role
in the ribosome scanning along the target coding sequence
[35, 36]. The previous report showed that the 𝛼-helix is pref-
erentially coded by translationally fast mRNA regions while
the slow segments often encode 𝛽-strands and coil regions
[37]. In the study, no linkage between the fluctuation of the
overall tRNA abundance pairing to the codon positions along

the nsp1𝛼 gene and the specific folding units might suggest
that the process of translation fine-tunes is not performed
by variation of translation speed for each codon position
along the nsp1𝛼. The fine-tuning in vivo protein folding
exists in the gene, and this regularity is largely believed
to occur in a cotranslational process [38]. However, the
PRRSV nsp1𝛼 derives from the posttranslational processing
of the pp1a [10, 39]. The process of the cleavage of the
nsp1𝛼 from the pp1a polyprotein of PRRSV performed by
the posttranslation might be free from the fluctuation of
tRNA abundance pairing to the each codon position along
the nsp1𝛼 gene. As for the ribosomes scanning the nsp1𝛼
gene, there is no significant link between the fluctuation of
the overall tRNA abundance and the specific folding units,
and the translation elongation rate of this gene is not high.
These results suggest that the low tRNA abundance controls
the ribosomal traffic along the translated message to achieve
the effective synthesized product of the PRRSV pp1a. The
low translational elongation at the translation beginning step
directs the target gene to generate the corresponding protein
effectively [40].

Turning to the role of the synonymous codon usage
in the formation of the specific units of the nsp1𝛼, there
is significant relationship between the synonymous codon
usage bias and the specific folding units in the target protein.
The synonymous codons assist messenger RNA to carry the
information of the specific folding units, and a single codon
or a contiguous nucleotide region plays roles in shaping the
specific folding units [24, 25, 41, 42]. As for the PRRSV nsp1𝛼,
there is no synonymous codon which tends to exist in coil
unit. However, many synonymous codons exist in the 𝛼-
helix and 𝛽-strands regions of this gene, and no synonymous
codon has a strong tendency to be selected by both the𝛼-helix
and the 𝛽-strands in the PRRSV nsp1𝛼 simultaneously. These
results indicated that SCUB might play roles in shaping this
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Table 3: Relative abundance of dinucleotides with𝑁
1
context or

1
𝑁

context in the PRRSV nsp1𝛼 gene.

Dinucleotides with
𝑁
1
context (𝑥𝑦∼𝑛) 𝑟 value Dinucleotides with

1
𝑁 context 𝑛∼𝑥𝑦) 𝑟 value

UC∼A 0.6130 A∼AU 1.4456
UC∼U 1.3115 U∼AU 0.8552
UC∼C 1.2805 C∼AU 0.6485
UC∼G 0.5669 G∼AU 1.0047
UA∼A 0.6177 A∼GU 1.2963
UA∼U 1.0269 U∼GU 1.1651
UA∼C 1.7402 C∼GU 0.5072
UA∼G 0.4351 G∼GU 1.1064
UG∼A 1.2060 A∼UC 0.5880
UG∼U 0.8195 U∼UC 1.0330
UG∼C 1.0921 C∼UC 1.1230
UG∼G 0.8019 G∼UC 1.0286
CA∼A 1.8155 A∼AG 1.2415
CA∼U 0.4556 U∼AG 0.2825
CA∼C 0.9184 C∼AG 0.9946
CA∼G 0.8963 G∼AG 1.5135
GU∼A 0.3165 A∼AC 1.5521
GU∼U 0.9679 U∼AC 0.9913
GU∼C 0.8485 C∼AC 0.8942
GU∼G 1.5896 G∼AC 0.6067
GC∼A 1.2887 A∼UA 0.6720
GC∼U 1.0849 U∼UA 0.9776
GC∼C 1.3411 C∼UA 1.6741
GC∼G 0.3298 G∼UA 0.5155
CA∼A 1.8155 A∼CA 0.9721
CA∼U 0.4556 U∼CA 0.4819
CA∼C 0.9184 C∼CA 1.3762
CA∼G 0.8963 G∼CA 1.0994
AC∼A 0.9465 A∼AA 1.1734
AC∼U 1.2243 U∼AA 0.3547
AC∼C 0.8848 C∼AA 1.7821
AC∼G 0.9524 G∼AA 1.4708
AU∼A 0.5596 A∼CG 1.6312
AU∼U 0.9124 U∼CG 0.7431
AU∼C 0.6579 C∼CG 1.2830
AU∼G 1.7819 G∼CG 0.4693
AG∼A 1.0440 A∼UU 0.8843
AG∼U 1.3708 U∼UU 1.5257
AG∼C 0.7761 C∼UU 1.2791
AG∼G 0.8164 G∼UU 1.2724
GC∼A 1.2887
GC∼U 1.0849
GC∼C 1.3411
GC∼G 0.3298

Table 4: Relative abundance of mononucleotide with𝑁
1
context in

PRRSV nsp1𝛼 gene.

Mononucleotide with N1 context 𝑟(𝑥∼𝑛)
A∼A 1.0664
A∼U 0.7354
A∼C 1.0751
A∼G 0.9433
U∼A 0.6124
U∼U 0.7588
U∼C 0.8228
U∼G 1.4182
C∼A 1.0468
C∼U 1.1225
C∼C 0.8788
C∼G 0.6277
G∼A 1.0557
G∼U 0.9975
G∼C 0.8930
G∼G 0.7782

protease with natural properties for the life-cycle of PRRSV.
SCUB for formation of the specific folding units of the PRRSV
nsp1𝛼 is influenced by the natural selection. As an example of
the role for natural selection, the expressivity of genes is an
important factor in shaping SCUB, both for prokaryotic and
for eukaryotic organisms [18, 22, 43, 44]. Although the link
between the SCUB and the formation of the specific folding
units was reported [25, 35, 37, 38, 45], the role of CDCB in
formation of specific folding units is not clear. In this study,
we found that CDCB plays a role in the formation of specific
folding units in the PRRSV nsp1𝛼. The synonymous usage
bias and CDCB, which play important roles in achieving
accuracy and efficiency in protein synthesis, are particular
manifestations of coding sequence nonrandomness [23, 46,
47]. Spatial interaction of ribosomal proteins with codon-
anticodon RNA pairs inside the A and P sites of the ribosome
could be preferable for particular codons with context [20,
48].
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Japanese encephalitis virus (JEV) is one of approximately 70 flaviviruses, frequently causing symptoms involving the central nervous
system.Mutations of its genomic RNA frequently occur during viral replication, which is believed to be a force contributing to viral
evolution. Nevertheless, accumulating evidences show that some JEV strains may have actually arisen from RNA recombination
between genetically different populations of the virus. We have demonstrated that RNA recombination in JEV occurs unequally in
different cell types. In the present study, viral RNA fragments transfected into as well as viral RNAs synthesized in mosquito cells
were shown not to be stable, especially in the early phase of infection possibly via cleavage by exoribonuclease. Such cleaved small
RNA fragments may be further degraded through an RNA interference pathway triggered by viral double-stranded RNA during
replication inmosquito cells, resulting in a lower frequency of RNA recombination inmosquito cells compared to that which occurs
in mammalian cells. In fact, adjustment of viral RNA to an appropriately lower level in mosquito cells prevents overgrowth of the
virus and is beneficial for cells to survive the infection. Our findings may also account for the slower evolution of arboviruses as
reported previously.

1. Introduction

Japanese encephalitis (JE) is an important mosquito-borne
viral disease, occasionally causing encephalitic symptoms
[1]. Nowadays, it is extensively distributed in most Asian
countries and was also recently reported from Australia
[2]. The JE virus (JEV) is one of some 70 members of
the genus Flavivirus belonging to the family Flaviviridae
[3], the genome of which contains a linear, single-stranded
positive-sense RNA (∼11 kb long) that encodes 3 structural
proteins including nucleocapsid (C), membrane (preM/M),
and envelope (E) proteins, as well as 7 nonstructural proteins
(NS1, NS2A, NS2B, NS3, NS4A, NS4B, and NS5) [4]. Due
to lack of a proofreading mechanism and an inability to
repair errors during RNA synthesis, spontaneous mutations
frequently occur which contribute to the formation of genet-
ically diversified populations or so-called “quasispecies” in
flaviviruses including the JEV [5].

Maintenance of genetic diversity theoretically reduces
the rapid loss of fitness via Muller’s ratcheting during viral
passage from one host to another [6], which provides benefits
to a virus that is adapting to a new niche or selective regimen
of its environment [7]. Possibly, this feature differentially
occurs in different types of host cells [8]. In addition to
gene mutations [9], RNA recombination, at least in some
cases, can also serve as a factor helping a virus escape from
accumulated deleterious effects in a viral population [10]. In
other words, RNA recombination may serve as an alternate
means to generate genetic changes [11] and likely produces
a new form of RNA comprising genetic information from
multiple sources [12].

The viral RNA recombination was first reported in the
poliovirus, a picornavirus [13], and subsequently in a vari-
ety of viruses that infect humans, animals, plants, and
bacteria [14–18]. Therefore, a new virus may be gener-
ated through RNA recombination between different strains.
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Among arboviruses, at least the western equine encephalitis
virus is believed to be a recombinant virus that arose
from distant viral progenitors, including an eastern equine
encephalitis virus-like virus and a Sindbis-like virus [19]. As a
result, the ability to form unpredictable recombinant strains
or species between virus populations is of considerable con-
cern [20], particularly the possibility of RNA recombination
occurring from cocirculated live-attenuated vaccine strains
and wild viruses during synthesis of new RNAs [21, 22].

Flaviviruses naturally comprise multiple genotypes or
strains [23, 24], making them likely to undergo RNA recom-
bination. The first RNA recombination of the JEV was
proposed based on a bioinformatics analysis [17]. Further-
more, RNA recombination was found to occur unequally in
mosquito and mammalian cells [25]. Herein, we provided
evidences of RNA recombination of the JEV that occurs at a
lower frequency in mosquito cells, which may, at least partly,
contribute to evolution of the virus [26].

2. Materials and Methods

2.1. Viruses and Cell Lines. Three strains of the JEV, including
Nakayama (the vaccine strain), T1P1-S1 (a small plaque clone
from the T1P1 strain) [27], and CJN-S1 (a small plaque clone
from the CJN strain, a kind gift fromDr.M. H. Ho, Academia
Sinica, Taipei, Taiwan), were used in this study. Of these,
further purification via the plaque-picking method to select
T1P1-S1 and CJN-S1 strains was implemented as part of the
present study [27]. The viruses were propagated in C6/36
mosquito cells and titrated in baby hamster kidney- (BHK-
) 21 cells. Both cell lines were maintained as previously
described [27].

2.2. Virus Titration. Virus titers were determined bymeans of
a plaque assay of BHK-21 cells following descriptions in our
previous report [27]. Calculation of virus titers was based on
the number of formed plaques, expressed as plaque-forming
units (pfu)/mL.

2.3. Reverse Transcriptase-Polymerase Chain Reaction (RT-
PCR). To detect viral infection in cells, extracted RNA was
applied to perform RT with the reverse primer at 42∘C for
30min to generate complementary (c) DNA. PCR cycling
was then carried out using the forward primer which was
subsequently run to amplify a gene fragment with a size of
529 bp under the following conditions: 25 cycles of 95∘C for
30 s, 60∘C for 30 s, and 72∘C for 1min. The primers used to
amplify specific regions are presented in individual sections
below. All procedures in this portion of the study followed
our previous description [25].

2.4. Assay for Coinfection and RNA Recombination of
Viral Strains. Coinfection of JEV strains was verified by
a method described in our previous report [25]. In brief,
extracted viral RNAs were applied to perform the RT-
PCR with the primer pair, 10-36F (5-CTGTGTGAACTT
CT TGGCTTAGTATCG-3) and 850-877R
(5-CAGTTTTCATGAGATATCGTGTGTGGC-3).

Fragments (868 bp) amplified from JEV strains simultane-
ously infecting BHK-21 or C6/36 cells were subjected to
restriction fragment length polymorphism (RFLP) with
the restriction enzyme RsaI to verify coinfection. A pattern
showing fragments of 219, 401, and 248 bp represented T1P1-
S1 infection, while that showing fragments of 219 and 649 bp
represented CJN-S1 infection. Those exhibiting all size of
fragments indicated that both viral strains had coinfected
a single cell. In addition, RFLP using specific restriction
enzymes as shown in our previous report [25] was used to
verify RNA recombination between viral strains in a single
cell. In some experiments for assay of RNA recombination,
RFLP was carried out by using cells cultured in the presence
of an exoribonuclease inhibitor (3-phosphoadenosine-5-
phosphate, PAP) (Sigma-Aldrich, St. Louis, MO, USA).

2.5. Construction of the Plasmid p(+)T1P1-53-Untranslated
Region- (UTR-) I. In order to evaluate RNA recombination
between genomic RNA and a transfected RNA sequence,
the p(+)T1P1-53-UTR-1 plasmid was constructed as de-
scribed here. Viral RNA derived from the T1P1 strain
of the JEV was used as a template to generate DNA
fragments corresponding to the 5- or 3-end of genomic-
sense RNA. To prepare the 5-end sequence, a
primer (5-CTGCCAAGCATCCAGCCAAGTA-3,
complementary to nt 895∼916 of the 5-end of the
T1P1 genome) was used for RT to synthesize the
first-strand cDNA. Subsequently, another primer (5-
TAATACGACTCACTATAGAGAAGTTTATCTGTGTG-3)
containing a partial sequence of the T7 polymerase promoter
used as a tag (italicized) at the 5-end (nt 1∼18) of the
T1P1 5-end sequence was used in the PCR to amplify a
934 bp DNA fragment. In the meantime, the primer 5-
GTGTTCTTCCTCACCACCAGCTAC-3 (nt 10,946∼10,969
at the 3-end of the T1P1 genome) was used for RT to generate
cDNA. Another primer (5-GAAAATTATGTTGACTAC-
3, corresponding to the sequence nt 10,320∼10,337) was
subsequently used for the PCR under conditions described
above to amplify a 650 bp DNA fragment. Both types of
PCR products were separately digested with the restriction
enzyme, AatII; the resultant DNA fragments were ligated
to form subgenomic DNA which contained both 5-end
(nt 1∼599) and 3-end (nt 10,367∼10,969) sequences.
Subsequently, the subgenomic DNAs were cloned into
pGEM-T (Promega, Madison, WI, USA) to form a plasmid
designated p(+)T1P1-53-UTR-I which contained an insert
of a 1202 bp fragment.

2.6. Construction of the p(+)53-UTR-II Plasmid. In order
to see the stability of viral fragments in host cells, the
p(+)53-UTR-II plasmid was constructed. To construct
the plasmid, the pT1P1-53-UTR was used as a tem-
plate, and the PCR was performed under conditions
described above with the primers 5-TAATACGACTCA-
CTATAGAGAAGTTTATCTGTGTG-3 (the italics indi-
cate a partial T7 polymerase promoter sequence) and
5-AAGATATCGTGTTCTTCCTCAC CACC-3 (the ital-
ics indicate an EcoRV restriction enzyme site). The PCR
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products were digested with SpeI and AatII to delete a
fragment fromnt 178∼599; the resultantDNA fragments were
then treated with Klenow Fragment enzyme (Fermentas,
Hanover, MD, USA) and ligated to form subgenomic DNA
which only contained the 5- and 3-UTRs of the T1P1
genome. Subsequently, the subgenomic DNAs were cloned
into pGEM-T (Promega, Fitchburg, WI, USA) to form
plasmids designated p(+)53-UTR-II.

2.7. Preparation of the Positive (+) and Negative (−) Sense
5-End RNA Sequences and Derived dsRNA. Both (+) and
(−) sense 5-end RNA sequences were prepared from the
pT1P1-53-UTR-II plasmid. In preparation of the (+) sense
5-end RNA sequence, the plasmid was linearized by NdeI
and transcribed with T7 RNA polymerase using an in
vitro transcription system (Fermentas). The RNA products
(599 bp)were extractedwith phenol-chloroform, precipitated
in ethanol, and then stored in a deep freezer until used
for transfection. To prepare the (−) sense 5-end RNA
sequence, the plasmid was first linearized, and the 3-end
sequence of the subgenomic DNA was deleted with NdeI.
The resultant linear forms of the plasmid were religated and
then redigested with SacII. The products were transcribed
with T7 RNA polymerase using an in vitro transcription
system (Fermentas) to generate the (−) sense 5-end RNA
sequence which was harvested as done for the (+) sense
5-end RNA sequence. To prepare dsRNA, positive- and
negative-stranded RNA described from pT1P1-53-UTR-II
were mixed together, incubated at 95∘C for 5min and then
4∘C for 10min. Ultimately, 2𝜇L RNase was added to cleave
single-stranded RNA that failed to anneal in the mixture.
The product was used to evaluate degradation of dsRNA
fragments in host cells.

2.8. Transfection of dsRNA or the (+) sense 5-end RNA
Sequence and Viral Infection in Cells. Transfection of dsRNA
or (+) sense 5-end RNA-I prepared from the plasmids (+)
pT1P1-53-UTR-II was carried out in BHK-21 and C6/36
cells. At 5 h posttransfection (hpt), cells were infected with
the Nakayama strain of the JEV, at an MOI of 5. The
detailed procedure followed a previous description, from
which efficacy of transfection was demonstrated [25].

2.9. Assessment of RNA Stability by an RT-PCR. Sequences
derived from (+)53-UTR-II RNA were transfected into
cells either treated or untreated with an exoribonuclease
inhibitor (3-phosphoadenosine-5-phosphate, PAP) (Sigma-
Aldrich, St. Louis, MO, USA) and incubated for 5 h. RNAwas
extracted with the TRIzol reagent (5 PRIME, Gaithersburg,
MD, USA), and then DNAse (Promega) was added to delete
interference of genomic DNA. RT was subsequently run
in a mixture containing 4 𝜇g RNA, 1 𝜇L 100mM random
hexamer primer, and 1𝜇L 10mM dNTP, and double-distilled
(dd) H

2
O water was added to bring the volume up to

12 𝜇L. This was heated at 65∘C for 5min, allowed to stand
at 4∘C for 2min, and then 4 𝜇L 5x first-strand buffer, 2 𝜇L
dithiothreitol (DTT), 1 𝜇L of an RNase inhibitor (RNase
OUTTM; Invitrogen, Carlsbad, CA, USA) were added. After

incubation at room temperature for 5min, 1 𝜇L of reverse
transcriptase M-MLV (Invitrogen) was added and allowed to
react for 1 h at 37∘C, followed by 15min at 75∘C. The cDNA
produced was then used for the subsequent PCR under the
conditions described above. The primers used for the PCR
included the 5-UTR (5-AGAAGTTTATCTGTGTGAAC-
3) and 3-UTR (5-AGATCCTGTGTTCTTCC-3), which
generated PCR products predicted to be 907 bp. To assess
integration of dsRNA, the same cDNA and primer pair
described above were used to amplify a fragment 807 bp long.

2.10. Assay for RNA Recombination from Transfected as
well as Infected Cells. BHK-21 and C6/36 cells transfected
with transcribed RNA fragments were then infected by the
Nakayama strain of the JEV. Total RNA extracted from cells
that had been transfected with (+) sense 5-end RNA-1 was
run for RT using a primer (850-877R: 5-TCAGTTTTC-
ATGAGATATCGTGTGTGGC-3) complementary to the
sequence of nt 850∼877. Amplification using the forward
primer (RVF1: 5-GCGGGATTTAATACGACTCACTAT-
AG-3) which is a partial sequence of the plasmid that
serves as a tag and the reverse primer (RVR1/nt 516∼538: 5-
CTGCAATATCCGTATTGTTGAC-3) produced a specific
region comprised of 564 nt.The reverse primer used here was
specific for the Nakayama strain. As a result, the fragments
amplified by this primer pair must represent a strain of
genetic recombination.

2.11. Measurement of Viral RNA Accumulated in Cells Infect-
ed by the JEV. Viral replication was validated by RNA
accumulation through a real-time RT-PCR with cDNAs
reverse-transcribed from extracted RNA of infected (at an
MOI of 1) or uninfected C6/36 and BHK-21 cells. The primer
pairs TS1-F/TS1R (5-TGTGGCTTGCGAGCTTGGCAG-
3/5-ACATGTAGCCGACGTCGATT-3) and CJN1-
F/CJN1R (5-TGTGGCTTGCGAGCTTGGCTA-3/5-
ACATGTAGCCGACGTCTATC-3) were used to amplify
specific regions of the T1P1-S1 and CJN-S1 strains,
respectively. Levels of 18S rRNA designed from the genome
of C6/36 or BHK-21 cells were also amplified as an internal
control as our previous report [25]. Results are expressed as
the relative quantities, so fold change was used to represent
the amount of viral RNA that accumulated at each time point
of infection. To monitor synthesis of viral RNA including
positive and negative strands in a time course in C6/36 cells,
viral RNA extracted from infected cells (0∼15 hpi) was used
to run RT-PCR as the procedures described previously [27].
As above, 18S rRNA designed from the genome of C6/36
cells was also amplified as an internal control. The amplified
cDNA fragment was then identified by running the PCR
product on a 2% (w/v) agarose gel.

2.12. Statistical Analysis. Yates’ chi-square test was used to
assess the frequency of RNA recombination in cells coin-
fected by two virus strains or transfected by viral RNA
fragments.
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Figure 1:The schematic sketch designed to identify RNA recombination between viral strains. A fragment (868 bp) comprised of the C/preM
junction (nt 10∼877) of viral RNA extracted from coinfected BHK-21 or C6/36 cells was amplified, cloned, and then used for an RFLP analysis
with SmaI orAlw44I. Two and one recombinant form(s) were, respectively, identified in selected samples from BHK-21 and C6/36 cells, when
they were coinfected with the T1P1-S1 and CJN-S1 strains of the Japanese encephalitis virus.

Table 1: Identification of RNA recombination of the Japanese encephalitis virus based on a fragment (868 bp) comprised of the C/preM
junction (nt 10∼877) of viral RNA extracted from coinfected BHK-21 or C6/36 cells using an RFLP analysis with restriction enzymes SmaI
or Alw44I.

Treatment BHK-21 cells C6/36 cells
Number of detection Number of recombination Number of detection Number of recombination

Coinfected viral genomic RNA 98 20 (20.4%) 38 5 (13.1%)
Mixed RNA∗ 44 2 (4.5%) 39 3 (7.7%)
Stastistical analysis∗∗ 𝑃 < 0.05 𝑃 > 0.05

∗Mixed RNAwas amixture of RNAs separately extracted from T1P1-S1 and CJN-S1 strains of the Japanese encephalitis virus, being used as the internal control.
∗∗Yates’ chi-square test was used to assess the difference of RNA recombination in cells coinfected by two virus strains at 5% level of significance.

3. Results

3.1. RNA Recombination in BHK-21 Cells and C6/36
Cells. Viral RNA extracted from single infectious centers
(ICs) which were randomly selected and picked out from
infected BHK-21 or C6/36 cells was subjected to an RsaI
RFLP assay as described in our previous report. The result
reveals that different strains of the JEV can coinfect a single
BHK-21 or C6/36 cell. The C/preM junction comprising
868 nucleotides (nt 10∼877) of viral RNA extracted from
BHK-21 or C6/36 cells coinfected with the TaP1-S1 and
CJN-S1 strains was cloned and used for the SmaI-Alw44I
RFLP analysis (Figure 1). The recombinant forms of the
viral genome were actually identified in BHK-21 and C6/36
cells, when they were coinfected by the 2 strains of the JEV.
Totally, 20 recombination clones (20.4%) were found from
98 clones coinoculated with the 2 strains in BHK-21 cells
while being 5 out 38 (13.1%) in C6/36 cells (Table 1).
Probability of occurring RNA recombination was signif-
icantly different, compared with the mixed RNA control,
in BHK-21 cells while being nonsignificant in C6/36
cells (Table 1). In other words, the frequency of RNA
recombination is significantly higher in BHK-21 cells than in
C6/36 cells.

3.2. Recombination between Genomic RNA and a Trans-
fected RNA Fragment of the Virus. A 564 bp fragment was
significantly amplified in BHK-21 and C6/36 cells which were
infected by the JEV (Nakayama strain) following transfection
with the (+)53-UTR-I RNA plasmid, although a light band
was also shown in the control group that contained a mixture
of RNAs extracted from transfected cells.A specific fragment
of viral RNA (529 bp) was amplified as an internal control
in all groups with viral infection. In addition, no fragment
presenting an artifact of RNA recombination was shown
in the control groups of mock treatment (neither infection
nor transfection), transfection with only the (+)53-UTR
RNA-I plasmid, or infection with only a single strain. An
image-density analysis revealed recombination in BHK-21
cells to be 10.7-fold higher than that of the control group,
while it was 7.73-fold higher in C6/36 cells, suggesting
that RNA recombination may occur in both mammalian
and mosquito cells. However, a slightly lower frequency of
RNA recombination was eventually shown in mosquito cells
(Figure 2).
3.3. Enzymatic Effect on RNA Stability Modulates RNA
Recombination betweenGenomic RNA and a Transfected RNA
Fragment of the Virus. The RNA recombination rate was
shown to have increased to a higher level in BHK-21 cells
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Figure 3: Status of RNA recombination after inhibition by exoribonuclease with PAP (3-phosphoadenosine-5-phosphate, an inhibitor of
exoribonuclease). (a) The RNA recombination rate increased to a higher level in BHK-21 cells after treatment with PAP, compared to that
of untreated cells. In contrast, no effect of PAP on increasing RNA recombination of the virus was shown in C6/36 cells despite a very
low level of RNA recombination still being observed. Viral RNA was not affected after treatment with PAP, suggesting exoribonuclease-
mediated degradation of transfected RNA fragments might increase RNA recombination of the virus strains, especially in mammalian cells.
(b) Treatment with PAP in C6/36 cells did not cause degradation of the transfected (+) RNA fragment at 3 h until 6 h after transfection at
which a partial effect appeared.

treated with PAP, the inhibitor of exoribonuclease, compared
to untreated cells. In contrast, no effect of PAP on increasing
RNA recombination was seen in C6/36 cells; only a low level
of RNA recombination was found in this test (Figure 3(a)).
Looking at transfected viral fragment (+) RNA in C6/36
cells treated with PAP, enzymatic cleavage by exoribonuclease
did not occur at 3 h after transfection while it evidently
decreased preservation of such RNA fragment at 6 h after
transfection in mosquito cells (Figure 3(b)). Viral genomic
RNA was not affected when treated with PAP in both cell
types (Figure 3(a)), implying that the transfected viral RNA
fragment may not be further degraded by exoribonuclease
mostly inmammalian cells; which leads to a higher possibility
of occurring RNA recombination in such cells.

3.4. Assessment to the Enzymatic Effect onRNARecombination
in Mosquito Cells with Coinfection by Two Different Virus
Strains. When we coinfected T1P1-S1 and CJN-S1 strains of
JEV into C6/36 cells and treated with PAP, only 1 of 30
clones occurred RNA recombination while 4 out of 31 clones
occurred in the control group (without treatment with PAP).

The RNA recombination rate did not change significantly
(𝑃 value = 0.370; Yates’ chi-square test) in coinfected C6/36
cells and even their function of exoribonuclease was inhibited
and thus unable to dissolve viral RNA (Table 2). The result
implicated that the low level of viral RNA at the early phase of
infection may not be fully exoribonuclease-mediated but, as
above, is probably contributed by the RNAi-dependent effect.

3.5. Fate of Transfected dsRNA Fragments in Mosquito Cells.
The dsRNA intermediates are generally formed during virus
replication in host cells, however, which may be cleaved
in invertebrate cells. Through an RT-PCR, a corresponding
segment of RNA (807 bp) was detected in C6/36 cells imme-
diately after transfection (0 hpt) with a fragment of dsRNA
derived from (+) or (−) 53-UTRRNA; however, it had faded
by 3 and 6 hpt (Figure 4). This suggests that transfected
dsRNAs may have been cleaved and presumably generated
short interfering (si)RNAs which were not shown on the gel.
It suggested that a part of viral RNAs may be degraded at the
early phase of infection, likely to modulate virus growth, in
mosquito cells.
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Figure 4: Degradation of double-stranded (ds) RNA fragments
transfected into mosquito cells. A fragment (807 bp) of viral RNA
extracted from C6/36 cells was detected through an RT-PCR at 0 h
after transfection (hpt) with dsRNA derived from (+) or (−) 53-
UTR RNA. The transfected dsRNA had faded at 3 and 6 h after
transfection, suggesting that dsRNAs may have been cleaved, and
thus generated undetectable short interfering RNAs.

Table 2: Detection of RNA recombination in C6/36 cells simulta-
neously infected by T1P1-S1 and CJN-S1 in the presence of PAP (3-
phosphoadenosine-5-phosphate, an inhibitor of exoribonuclease).

Recombination PAP treatment
− + Total

+ 4 1 6
− 27 29 85
Total 31 30 91
Yates’ chi-square test was used to assess the difference of RNA recombination
(𝑃 value = 0.370).

3.6. Differential RNA Accumulation of Japanese Encephalitis
Virus during Early Infection. Appropriate accumulation of
viral RNA in host cells is essential for prosperous production
of progeny virions. According to the results, RNAs of both
the T1P1-S1 and CJN-S1 strains accumulated more slowly
in C6/36 cells than BHK-21 cells (Figure 5(a)). Specifically,
the RNA amount of the T1P1-S1 strain remained at the
baseline level until 12 hpi (3.81-fold change), compared with
an increase of 169.72-fold at 24 hpi in C6/36 cells. In contrast,
T1P1-S1 RNA, respectively, increased to 3.09-, 28.99-, 429.05-,
4396.07-, and 5487.75-fold, at 3, 6, 9, 12, and 24 hpi in BHK-21
cells. Similarly, the RNA amount of CJN-S1 also accumulated
more slowly in C6/36 cells than in BHK-21 cells. The RNA
amount remained at the baseline level until 12 hpi (2.36-fold
increase) and subsequently increased to 152.32-fold at 24 hpi
in C6/36 cells. In contrast, the RNA amount of CJN-S1 RNA,
respectively, increased by 16.64-, 111.43-, and 554.87-fold at 9,
12, and 24 hpi, despite it having been unchanged at 6 hpi (1.35-
fold change) in BHK-21 cells.The result revealed that progeny
RNA of the virus is delayed to accumulate in mosquito
compared to mammalian cells, especially at the early phase
of infection. The stability of viral RNA is crucial for the
productivity of the progeny virions, which was evaluated
after transfection of an RNA fragment prepared from (+)53-
UTR-II into either BHK-21 or C6/36 cells. Results showed
that transfected fragments had not significantly degraded
even at 3 or 6 hpt in BHK-21 cells, while those in C6/36
cells had more obviously degraded (Figure 5(b)), implying

that different outcomes of RNA existed in the 2 cell types
especially in the early phase of infection.

4. Discussion

RNA viruses generate new genetic strains with approximately
6 orders ofmagnitude higher rates of nucleotide substitutions
compared to DNA viruses [28]. Thus, the rate of sponta-
neous mutations is a critical parameter modeling the genetic
structure of viral populations [29]. The primary variation
following a mutation may provide for further evolutionary
processes, for example, selection and/or recombination [30].
Those in turn lead to the generation of viral strains which
are more adept and fit in nature. RNA recombination is now
believed to be a strategy for the evolution of many viruses
[12], for instance, the poliovirus [31], hepatitis C virus [32],
hepatitis D virus [33], and norovirus [34]. A variety of fla-
viviruses including dengue virus and JEV were also reported
to carry out RNA recombination according to bioinformatics
inferences [17, 35] and experimental demonstration [25].

Currently, 2 possible mechanisms are reported to lead to
the occurrence of recombination [36]: a copy-choice mech-
anism and a breakage and rejoining mechanism. Of these,
the former apparently occurs more commonly as it has been
shown in the poliovirus [37], coronaviruses [38], and plant
viruses [39]. This mechanism of viral RNA recombinations
can further be divided into 3 types: precisely homologous,
imprecisely (aberrantly) homologous, and nonhomologous
[16]. Among these, precisely homologous recombination
through a template-switching (copy-choice) mechanism is
probably most common [40]. As in our previous report,
different strains of the JEV can coinfect host cells derived
from mosquitoes or mammals [25], which actually generates
recombinant forms of the virus [30].

In this study, we infected host cells withNakayama strains
of the JEV, followed by transfection of the (+)53-UTR-
I RNA fragment. The result was parallel to our previous
observation [25], showing imbalanced RNA recombination
between BHK-21 and C6/36 cells. Looking at RNA accu-
mulation of JEV in host cells, it takes longer, at least a
24 h difference, in mosquito cells to reach the level of that
in mammalian cells. The stability of viral RNA was also
shown by degradation of transfected single-stranded RNA
fragments, either positive or negative sense, particularly in
mosquito cells. It implicated that viral RNA is less stable
at least at the early phase of infection by JEV in mosquito
cells, which may result in delayed growth of the virus. Since
transfected RNA fragments were degraded in both C6/36
cells and BHK-21 cells, RNase cleavage may be actually
involved in viral RNA degradation to form small RNAs
[41]. However, degradation of transfected RNA fragments in
C6/36 cells was partially ameliorated by treatment with PAP,
suggesting that viral RNAs are not completely degraded by
the RNase cleavage pathway [42]. Perhaps RNA interference
(RNAi) plays an important role in the related events [43].

Generally double-stranded replicative-form RNA (dsRF-
RNA) accumulates to provide an immediate signal which
activates specific transcription factors such as type-I inter-
feron (IFN) [44] and facilitates the triggering of intracellular
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Figure 5: Viral RNA, either T1P1-S1 or CJN-S1, accumulated in C6/36 cells more slowly than in BHK-21 cells. (a)The RNA amount of T1P1-S1
remained at the baseline level until 12 h after infection (hpi) (3.81-fold change), which increased to 169.72-fold at 24 hpi in C6/36 cells. In
contrast, T1P1-S1 RNA, respectively, increased to 3.09-, 28.99-, 429.05-, 4396.07-, and 5487.75-fold, at 3, 6, 9, 12, and 24 hpi in BHK-21 cells.
The RNA amount of CJN-S1 also accumulated more slowly in C6/36 cells than BHK-21 cells, which remained at the baseline level until 12 hpi
(2.36-fold increase) and had increased to 152.32-fold by 24 hpi in C6/36 cells. Although the amount of CJN-S1 RNA did not evidently increase
until 6 hpi (1.35-fold change), it increased to 16.64-, 111.43-, and 554.87-fold at 9, 12, and 24 hpi, respectively, in BHK-21 cells. (b) Stability of
viral RNA was evaluated after a fragment of (+)53-UTR-II RNA was transfected into BHK-21 or C6/36 cells. Transfected fragments were
insignificantly degraded even at 3 or 6 h after transfection in BHK-21 cells while more obvious degradation appeared in C6/36 cells.

innate immunity inmammalian cells [45]. On the other hand,
dsRNAs formed in invertebrate cells are usually cleaved to be
siRNA that consequently degrades viral RNAs [46], leading to
RNAi-mediated innate immunity [47]. Small RNAs ranging
from 10 to 24 mer have been identified in C6/36 cells infected
by West Nile virus [43]. We have also detected normal
expression of Dicer-2 in C6/36 cells infected by JEV for
12 h although it was almost half of inhibition at 6 hpi (data
not shown). As a result, dsRF-RNA of the JEV may have
a great potential for viral RNA degradation at least in the
early phase of infection in mosquito cells. This adjustment
of RNA amount is believed to be the way for a delay in
RNA accumulation and thus a lower frequency of RNA
recombination of the JEV. In contrast, dsRNAs are recognized
as a central component of IFN and therefore are incapable
of mediating RNAi in mammalian cells [48]. Eventually,
our results have shown that protection of RNA from RNase
cleavage increases the efficiency of RNA recombination
particularly in mammalian cells.

RNA recombination creates advantageous genotypes by
evolutionary jumps [30], which permits the removal of dele-
terious genes based on the notion of “Muller’s ratchet” from
the host cell, usually mammalian cells [12]. Notably, viral
RNAs usually accumulated at a lower amount in mosquito
cells through RNase cleavage as well as RNA-mediated
pathways, leading to stagnancy of RNA recombination which
may brake evolution of the JEV and probably most, if not
all, arboviruses which are maintained in nature by alternate
cycles involving mosquitoes and vertebrates [28].
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NAGNAG alternative splicing plays an essential role in biological processes and represents a highly adaptable system for
posttranslational regulation of gene function. NAGNAG alternative splicing impacts a myriad of biological processes. Previous
studies of NAGNAG largely focused on messenger RNA. To the best of our knowledge, this is the first study testing the hypothesis
that NAGNAG alternative splicing is also operative in large intergenic noncoding RNA (lincRNA). The RNA-seq data sets from
recent deep sequencing studies were queried to test our hypothesis. NAGNAG alternative splicing of human lincRNAwas identified
while querying two independent RNA-seq data sets. Within these datasets, 31 NAGNAG alternative splicing sites were identified
in lincRNA. Notably, most exons of lincRNA containing NAGNAG acceptors were longer than those from protein-coding genes.
Furthermore, presence of CAG coding appeared to participate in the splice site selection. Finally, expression of the isoforms of
NAGNAG lincRNA exhibited tissue specificity. Together, this study improves our understanding of the NAGNAG alternative
splicing in lincRNA.

1. Introduction

The NAGNAG alternative splicing mechanism is a process
which facilitates alternative protein expression from a single
gene. Analysis of deep RNA-sequencing data by Bradley et
al. (2012) confirmed that NAGNAG is highly regulated [1].
NAGNAG alternative splicing specifically targets inclusion or
exclusion of three nucleotides at 3 splice sites (Figure 1), thus
effecting a change in one or two amino acids encoded in the
final protein [2–9]. Such amino acid substitutions have been
shown to affect protein function and interfere with signaling
[10], affect cellular localization [11], and impact on DNA
and protein binding [12–14] in both plants and mammals. A
role for NAGNAG alternative splicing was shown in human
Stargardt disease [15] andhas been implicated in other disease
processes including cancer [16].

Large intergenic noncoding RNAs (lincRNAs) have tra-
ditionally been defined as long noncoding transcripts greater
than 200 nucleotides in length. Overlapping isoforms of

lincRNA have been reported previously and may include
protein-coding genes [17]. Recently, while exploring the
dynamic profiles of NAGNAG acceptors in Arabidopsis, we
identified two isoforms originating from the same NAGNAG
acceptors but located in noncoding RNA [18]. To date,
previous studies have assumed NAGNAG acceptors function
through the classical mRNA paradigm based on observation
of altered coding for one or two amino acids in the protein-
coding gene. Based on this observation of NAGNAG accep-
tors in Arabidopsis, we proposed an expanded paradigm and
hypothesized that NAGNAG alternative splicing mechanism
also exists in lincRNA.

Bioinformatics has become a powerful tool for the study
of alternative splicing and its functional consequence. To
date, bioinformatic analyses have produced evidence of alter-
native splicing in approximately 80% of human genes [19].
Bioinformatic approaches have been invaluable for exploring
comparative genomics across species and such studies have
produced important insights into regulatory mechanisms
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Figure 1: NAGNAG alternative splicing can result in two isoforms.
The NAGNAG acceptors at the 3-end can be either at site 1 or site
2, are three nucleotides apart, and exhibit the “NAGNAG” motif
signature.

governing splicing and its role in evolution and adaptation.
Single base-pair resolution offered by deep RNA sequencing
motivated us to find further direct evidence of NAGNAG
alternative splicing in lincRNA. To accomplish this goal we
applied computational approaches to two public datasets of
deeply-sequenced human tissue genomic data whose content
included previously annotated lincRNA. By aligning the two
RNA-seq data sets and systematically screening, identifying,
and quantifying the NAGNAG alternative splicing of lin-
cRNA, 31 NAGNAG alternative splicing events in lincRNA
were defined. Importantly, tissue-specific patterns of expres-
sion for NAGNAG isoforms in lincRNA were observed.

2. Methods

2.1. Data. RNA-seq data sets were downloaded from NCBI
SRA (accession number for data sets 1 and 2: E-MTAB-
513 and GSE30554). These RNA-seq data were generated by
sequencing 8 individual human tissues and mixture of 16
tissues (Illumina Body Map) using the Illumina HiSeq 2000
(Illumina, Inc.) platform. Each sample was deeply sequenced
withmore than 200million reads and annotated for lincRNA.
We only kept the high-quality reads using FastX quality filter
with the following criteria: minimum of 20 Phred score over
at least 80% of the sequence read.

2.2. Alignment, Screening, and Quantification. Annotations
of human lincRNA were obtained from Human lincRNA
Catalog hosted at Broad Institute [20]. All RNA-seq datasets
were aligned to lincRNA with tophat [21] using the “-max-
multihits 1”, which only permits uniquemapping.The anchor
length of the software was set at 8 nt and the mismatch
number in these regions at 0 nt to avoid alignment bias.
After the data were aligned, sequence postprocessing tool
(SAMtools) was used to store, sort, and index the binary SAM
data (bam files) with respect to sequence alignment (http://
samtools.sourceforge.net) [22].

To identify lincRNA containing NAGNAG alternative
splicing sites, we screened the lincRNA sequences using the
classical expression of the “NAGNAG” motif. Alignment of

RNA-seq reads to the NAGNAG splicing junctions was used
to confirm and validate the existence of the splice sites. We
required at least four junction reads with the same 5 splice
sites, stipulating that two needed tomatch the first NAGNAG
splice site (site 1) while the other two were required to match
the second NAGNAG splice site (site 2) [23, 24].

The sequences for splice sites and the 30 bp exonic and
intronic flanking sequences were extracted based on hg19
genome sequence with Bioconductor package Biostrings (R
package version 2.22.0). Sequence logos were drawn by
WebLogo with default parameters as described previously
[25]. Two flanking sequences of the NAGNAG acceptors,
including 30 bp from intron and 30 bp from exon, were
extracted and screened for the potential patterns.The ratio of
isoform expression at two alternative splice sites (site 1 and
site 2) was calculated as log(read counts at side 1âĄĎread
counts at side 2). NAGNAG acceptors were grouped into four
categories based on this ratio and the strand information. If
the expression of isoform 1 was more than that of isoform 2,
ratio > 0; otherwise, ratio < 0.

To quantify RNA expression levels, all RNA-seq counts
were normalized using reads per million (RPM).The expres-
sion level of NAGNAG isoforms in lincRNA was calculated
by read counts through Bioconductor package Rsamtools (R
package version 1.6.3) and IRanges (R package version 1.12.6).
Duplicate reads were kept for quantification purpose. NAG-
NAG motifs were only designated as NAGNAG acceptors if
two splice sites exhibited more than 2 reads in at least two
samples. To avoid ambiguity, we discarded those NAGNAG
acceptors located in the overlapping area between lincRNAs
and annotated genes.

2.3. Quantification of Tissue-Specific NAGNAG Acceptors. To
analyze the relationship between the ratio of two NAGNAG
splice sites and the tissues, we used Bioconductor package
limma through the linear model:

𝑌
𝑖𝑗𝑘
= 𝛼
𝑖
+ 𝛽
𝑗
+ 𝜀
𝑖𝑗𝑘
, (1)

where 𝑌 represents the log ratio of two NAGNAG splice sites
from the same NAGNAG acceptor, with NAGNAG acceptor
𝑖, tissue 𝑗, and sample 𝑘; 𝛼 represents the main effect of 𝑖th
NAGNAG acceptor; 𝛽 represents themain effect of 𝑗th tissue;
𝜀 represents themeasurement error.TheNAGNAG acceptors
were selected using false discovery rate (FDR)-adjusted 𝑃
values < 0.05.

3. Results

Two novel observations were documented. First, mapping
of unique reads to the potential NAGNAG alternative splic-
ing sites in human lincRNA demonstrated existence of
NAGNAG alternative splicing in lincRNA (Table 1). Of the
1320 lincRNAs containing the NAGNAG motif, presence
of NAGNAG acceptors was confirmed with RNA-seq data
in 30 lincRNAs. These 31 NAGNAG acceptors originate
from 30 transcripts. Interestingly, linc-POLR3G-10 exhibited
two NAGNAG acceptors located in two distinct transcripts:
TCONS 00010012 and TCONS 00010010. Presence of two
NAGNAG acceptors was identified in the upstream region
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Table 1: NAGNAG acceptors in lincRNA confirmed by RNA-seq.

Transcript ID linc name chr Site 1 Site 1 existence Site 2 Site 2 existence Strand Neighbouring gene
TCONS 00000929 linc-CMPK1-3 chr1 47645537 Data 1, 2 47645540 Data 1, 2 + CMPK1
TCONS 00001552 linc-CTBS-1 chr1 85084564 Data 1 85084567 Data 1 − CTBS
TCONS 00002502 linc-CRP-1 chr1 159746542 Data 1 159746545 Data 1 − CRP
TCONS 00002232 linc-IARS2-3 chr1 219414541 Data 1, 2 219414544 Data 1 + IARS2
TCONS 00018502 linc-GDF10-1 chr10 48515547 Data 1 48515550 Data 1 − GDF10
TCONS 00021357 linc-BEST3-1 chr12 70124473 Data 1 70124476 Data 2 − BEST3
TCONS 00020623 linc-TMEM132C-14 chr12 126580786 Data 1, 2 126580789 Data 1 + TMEM132C
TCONS 00023051 linc-DIO3-8 chr14 101363930 Data 2 101363933 Data 2 + DIO3
TCONS 00023721 linc-ANP32A-1 chr15 69753046 Data 2 69753049 Data 1, 2 − ANP32A
TCONS 00023791 linc-FAM174B-1 chr15 93325371 Data 1, 2 93325374 Data 1 − FAM174B
TCONS 00023799 linc-RGMA-7 chr15 95753867 Data 1 95753870 Data 1 − RGMA
TCONS 00024399 linc-CHD9-6 chr16 51806287 Data 1 51806290 Data 1 + CHD9
TCONS 00025631 linc-NR1D1-1 chr17 38277663 Data 1 38277666 Data 1, 2 − NR1D1
TCONS 00025146 linc-VEZF1-1 chr17 56066627 Data 1, 2 56066630 Data 1, 2 − VEZF1
TCONS 00026560 linc-NETO1-1 chr18 71351479 Data 1, 2 71351482 Data 1, 2 − NETO1
TCONS 00027051 linc-ZNF227-1 chr19 44700207 Data 1 44700210 Data 1 + ZNF227
TCONS 00004960 linc-ITGA4-2 chr2 181940923 Data 1 181940926 Data 1 + ITGA4
TCONS 00003507 linc-GPR55-1 chr2 231856751 Data 1, 2 231856754 Data 2 − GPR55
TCONS 00029585 linc-RASD2-1 chr22 35850418 Data 1 35850421 Data 1 + RASD2
TCONS 00005471 linc-TMEM14E-2 chr3 153103176 Data 1 153103179 Data 1 − TMEM14E
TCONS 00007527 linc-SPATA18-1 chr4 52912845 Data 1, 2 52912848 Data 1, 2 + SPATA18
TCONS 00009387 linc-OSMR-1 chr5 38792356 Data 1 38792359 Data 1 + OSMR
TCONS 00010010 linc-POLR3G-10 chr5 87581558 Data 1, 2 87581561 Data 1, 2 + POLR3G
TCONS 00010012 linc-POLR3G-10 chr5 87583253 Data 1, 2 87583256 Data 1 + POLR3G
TCONS 00009724 linc-LYSMD3-2 chr5 90610061 Data 1, 2 90610064 Data 1, 2 − LYSMD3
TCONS 00010581 linc-MGAT1-2 chr5 180257403 Data 1 180257406 Data 1 − MGAT1
TCONS 00012396 linc-PSMG4-1 chr6 3257557 Data 1 3257560 Data 1 + PSMG4
TCONS 00011322 linc-FAM135A-1 chr6 71104930 Data 1 71104933 Data 1 + FAM135A
TCONS 00012862 linc-FAM20C-2 chr7 153409 Data 1 153412 Data 1 + FAM20C
TCONS 00014103 linc-SEPT7-1 chr7 35756638 Data 1 35756641 Data 1, 2 + SEPT7
TCONS 00014833 linc-UTP23-3 chr8 112757671 Data 1, 2 112757674 Data 2 + UTP23

of the fourth and fifth exons of this 5-exon gene. In
addition, 8 NAGNAG acceptors were identified within the
overlapping regions between lincRNA and protein-coding
RNA but were not further considered in this study (see
Supplementary Data 1 in Supplementary Material available
online at http://dx.doi.org/10.1155/2014/736798).

Most exons in lincRNA containing NAGNAG acceptors
exceeded protein-coding genes in length (Wilcoxon rank
sum test, 𝑃 value < 2.2𝑒 − 16). The average exon length
of protein-coding genes ranged between 306 ± 702 bp and
the average neighbouring intron length ranged between
6092 ± 19983 bp (Supplementary Figure S1), compared to
the average exon and intron length of lincRNA which ranged
between 349 ± 630 bp and 8476 ± 19751 bp, respectively.
Most tandem acceptors of lincRNA occurred at the fur-
thest exon, that is, second exon occurring in the lincRNA
(mean: 2.52; sd: 0.71) whereas those found in protein-
coding genes were found centrally located among all of the
exons occurring in the gene (mean: 10.7; sd: 8.8). The most
prevalent triplet found among the lincRNA sequences was

CAG for both splice sites, with GAG present at lowest fre-
quency (Supplementary Table S1). CAGCAG and CAGAAG
combinations occurred at highest frequency. Positive cor-
relation with the expression level was found when CAG
was encoded relative to splice site selection. Specifically, a
predilection for the first splice site was noted when CAG
was encoded at the first NAG site (ratio > 0, Figure 2).
Alternatively, when CAG was located at the second NAG
position or was absent from the splice site altogether, the
second NAG was favoured for splicing (ratio < 0, Figure 2).

The second novel observation was demonstration of
tissue-specific properties by 6 NAGNAG acceptors in lin-
cRNA (FDR adjusted 𝑃 value < 0.05). Figure 3 shows that
6 of 31 NAGNAG acceptors exhibited statistically significant
differences in expression levels across diverse tissues. Specif-
ically, as seen in Figure 3, the first NAG splice site is specif-
ically targeted by the NAGNAG acceptor: chr5:87583253-
87583256 + from TCONS 00010012. Presence of these splice
sites was associated with a clear expression pattern in several
tissues including lymph node, lung, and kidney, and this
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Figure 2: Sequence logos for 30 bp flanking sequences for 3 splice sites. The logos are divided into four groups based on the chromosome
strand and ratio of read counts of site 1 to site 2.

signature was remarkably consistent. Moreover, a similar
pattern for the alternative splice sites was noted and the
second NAG splice site was specifically targeted by NAG-
NAG acceptors: chr15:95753867-95753870 -. This distinctive
expression pattern was clearly evident in ovary. Twenty-five
of NAGNAG acceptors were notably absent or exhibited no
difference in expression pattern across most tissues.

4. Discussion

Splice sites are pivotal factors in the splicing process [26].
NAGNAG alternative splicing was identified in the past
decade and is characterized by inclusion or exclusion of three
nucleotides at 3 splice sites, resulting in substitutions in one
or two amino acids in the protein products. Previous studies
have shown that this type of alternative splicing is highly

regulated and related to proteome evolution [1]. Functionally,
NAGNAG alternative splicing in mRNA results in various
isoforms which generate alternative proteins following trans-
lation.

To the best of our knowledge, the present study provides
the first evidence that NAGNAG alternative splicing can be
observed not only in mRNA but also in lincRNA. Although
alternative splicing of lincRNA was reported previously
[20], the report of NAGNAG alternative splicing is novel.
Following analysis of two RNA-seq data sets including anno-
tations for lincRNA, we identified 31 NAGNAG acceptors
in lincRNA. These 31 NAGNAG acceptors originated from
30 transcripts. Interestingly, a role for “CAG” sequence was
suggested in splice site selection with CAG being the most
prevalent triplet found among the lincRNA sequences for
both splice sites. GAG was present at lowest frequency and
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Figure 3: Heat map for the ratio of the NAGNAG isoforms at the two alternative splice sites (site 1 and site 2). Row represents 31 NAGNAG
acceptors while column represents various tissues. Ratio > 0: site 2 is preferred. Ratio < 0: site 1 is preferred.

CAGCAG and CAGAAG combinations occurred at highest
frequency. A predilection for the first splice site was noted
when CAG was encoded at the first NAG site. The second
NAG was favoured for splicing when CAG was located at the
second NAG position or was absent altogether. This finding
is consistent with the previous reports about mRNA [27].

Traditionally, lincRNA has been defined as stretches of
DNA transcripts exceeding 200 base pairs in length which
do not encode putative functional protein products [28].
lincRNA has been posited to play a role in splicing processes
[29] and has been reported to contain predominately two
exons [30]. In the current study, most exons from lincRNA
containing NAGNAG acceptors exceeded protein-coding
genes in length.Most tandem acceptors of lincRNA identified
in the present study occurred at the furthest exon, that is,
the second exon occurring in the lincRNA. By contrast those

found in protein-coding genes have generally been found
centrally located among all of the exons occurring in the gene.

The mechanism of this NAGNAG alternative splicing
is not completely understood. Hiller and colleagues [3]
suggested that these NAGNAG acceptors are not random
noise because some fraction of NAGNAG acceptors is tissue-
specific, although this theory was not universally shared by
others [6, 8]. However, Bradley et al. provided solid evidence
in support of tissue specificity based on RNA-seq analysis of
16 human and 8 mouse tissues wherein they demonstrated
that at least 25% of NAGNAG acceptors in mRNA were
regulated in a tissue-specific manner [1]. This percentage
exceeded earlier estimates for tissue specificity [27]. Analysis
of our selected datasets revealed low levels of consistent
tissue-specific patterns relative to NAGNAG acceptors in
lincRNA. Among 19% of NAGNAG acceptors that exhibited
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distinct differences in expression levels of certain tissues,
targeting of specific splicing pattern among two NAGNAG
acceptors was noted.

There are some limitations of this computational study.
First, use of annotation data was limited to the Human
lincRNA Catalog at Broad Institute [20], although other
annotations of human lincRNA are also available [30]. More
information about lincRNA will help to identify more NAG-
NAG alternative splicing. Second, biological significance and
potential disease impact of NAGNAG alternative splicing
was only projected computationally, and awaits confirmation
through further proteomic studies. For example, results of
gene ontology analysis by application for genes targeted
by NAGNAG acceptors in lincRNA indicated that these
genes were all functionally engaged in transcription regula-
tion (ANP32A, CHD9, NR1D1, POLR3G, VEZF1, ZNF227)
and signalling (CRP, CTBS, FAM174B, FAM20C, GDF10,
ITGA4,NETO1, RGMA, TMEM132C,OSMR). Further, anal-
ysis for potential disease association of the neighbouring
genes revealed that these genes represented candidate genes
associated with risk for many important diseases, including
hypertension, obesity, and cancer, among others (see Supple-
mentary Table S2 for a complete list).

Importantly, bioinformatics analysis has proved to be an
invaluable tool in the investigation of the role of alternative
splicing from numerous perspectives including microarray
analysis, alternative splicing prediction utilizing compara-
tive genomic approaches, identification and depiction of
isoform and splicing patterns, definition of regulation of
alternative splicing, delineation of functional impact, and its
role in defining evolutionary and adaptive processes, among
other investigations [19]. To delineate alternative splicing in
lincRNA, further investigations are essential in unraveling
their functional and regulatory roles through application of
bioinformatic, genetic, and proteomic approaches. The evo-
lutionary aspect of lincRNA NAGNAG alternative splicing
across different species can also be studied in the future.
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Conotoxins are small disulfide-rich neurotoxic peptides, which can bind to ion channels with very high specificity and modulate
their activities. Over the last few decades, conotoxins have been the drug candidates for treating chronic pain, epilepsy, spasticity,
and cardiovascular diseases. According to their functions and targets, conotoxins are generally categorized into three types:
potassium-channel type, sodium-channel type, and calcium-channel types. With the avalanche of peptide sequences generated in
the postgenomic age, it is urgent and challenging to develop an automatedmethod for rapidly and accurately identifying the types of
conotoxins based on their sequence information alone. To address this challenge, a new predictor, called iCTX-Type, was developed
by incorporating the dipeptide occurrence frequencies of a conotoxin sequence into a 400-D (dimensional) general pseudoamino
acid composition, followed by the feature optimization procedure to reduce the sample representation from 400-D to 50-D vector.
The overall success rate achieved by iCTX-Type via a rigorous cross-validation was over 91%, outperforming its counterpart (RBF
network). Besides, iCTX-Type is so far the only predictor in this area with its web-server available, and hence is particularly useful
for most experimental scientists to get their desired results without the need to follow the complicated mathematics involved.

1. Introduction

Being peptides consisting of about 10 to 30 amino acid
residues, conotoxins are toxins secreted by cone snails for
capturing prey and securing themselves. This kind of toxins
can bind to various targets, such as G protein-coupled
receptors (GPCRs), nicotinic acetylcholine, and neurotensin
receptors. In particular, they display extremely high speci-
ficity and affinity for ion channels. Ion channels represent a
class of membrane spanning protein pores that mediate the
flux of ions in a variety of cell types. There are over 300 types
of ion channels in a living cell [1]. Many crucial functions
in life, such as heartbeat, sensory transduction, and central

nervous system response, are controlled by cell signaling via
various ion channels. Ion channel dysfunction may lead to a
number of diseases, such as epilepsy, arrhythmia, and type II
diabetes. These kinds of diseases are primarily treated with
the drugs that modulate the ion channels concerned. Ion
channels are also the important targets for treating virus
diseases (see, e.g., [2–4]). Owing to their importance to
human being’s life, ion channels have become the 2nd most
frequent targets for drug development, just next to GPCRs (G
protein-coupled receptors) [5]. The following three kinds of
ion channels are usually the targets by conotoxins: potassium
(K) channel (Figure 1), sodium (Na) channel (Figure 2), and
calcium (Ca) channel (Figure 3). Based on their functions
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Figure 1: A ribbon drawing to show the human potassium (K)
channel. Reproduced from Chou [6] with permission.
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Figure 2: A ribbon drawing to show the human sodium (Na)
channel. Reproduced from Chou [6] with permission.

and targeting objects, conotoxins can be classified into the
following three types: (i) K-channel-targeting type; (ii) Na-
channel-targeting type; and (iii) Ca-channel-targeting type.

Although conotoxins are lethally venomous because of
blocking the transmission of nerve impulses, they have been
widely used to treat chronic pain, epilepsy, spasticity, and
cardiovascular diseases. Therefore, conotoxins have been
regarded as important pharmacological tools for neuro-
science research.

It has been estimated that there are more than 100,000
kinds of conotoxins secreted by over 700 kinds ofConus in the
world [8]. However, relatively much fewer conotoxins (about
3,000 peptides) have been experimentally confirmed and
reported in literature and databases. Moreover, the records
about the functions of conotoxins in public databases are
no more than 300 items. Hence, developing a computational
method to predict the functions of conotoxins has become a
challenging task.

Figure 3: A ribbon drawing to show the calcium (Ca) channel from
hepatitis C virus. Reproduced from [4] with permission.

In a pioneer work, Mondal et al. [9] proposed a method
for predicting conotoxin superfamilies by using the pseu-
doamino acid composition approach [10, 11]. Subsequently, a
series of studies have been reported in predicting conotoxin
superfamilies (see, for example, [12–15]). All these methods
yielded quite encouraging results, and each of them did play
a role in stimulating the development of this area. However,
none of these methods can be used to predict the types of
conotoxins defined according to their targeting ion-channels.
For instance, both delta-conotoxin-like Ac6.1 (UniProt acces-
sion number: P0C8V5) [16] and omega-conotoxin-like Ai6.2
[17] (UniProt accession number: P0CB10) belong to the
conotoxin O1 superfamily. However, the former targets the
voltage-gated sodium channels, while the latter targets the
voltage-gated calcium channels.

To deal with this problem, recently, a method was devel-
oped [7] to identify conotoxins among the aforementioned
three types by using their sequence information alone.
However, further work is needed in this regard due to the
following reasons. (i) The prediction quality can be further
improved. (ii) No web server for the predictionmethod in [7]
was provided, and hence its usage is quite limited, especially
for the majority of experimental scientists.

The present study was devoted to develop a new predictor
for identifying the conotoxins’ types from the above two
aspects.

As elaborated in a comprehensive review [18] and con-
ducted by a series of recent publications [19–28], to establish
a really useful statistical predictor for a biological system,
we need to consider the following procedures: (i) construct
or select a valid benchmark dataset to train and test the
predictor; (ii) formulate the biological samples with an
effective mathematical expression that can truly reflect their
intrinsic correlation with the target to be predicted; (iii)
introduce or develop a powerful algorithm (or engine) to
operate the prediction; (iv) properly perform cross-validation
tests to objectively evaluate the anticipated accuracy of
the predictor; (v) establish a user-friendly web server for
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the predictor that is accessible to the public. In what follows,
let us describe how to deal with these procedures one by one.

2. Materials and Methods

2.1. Benchmark Dataset. The sequences of conotoxins and
their functions were collected from the UniProt [29]. To
ensure its quality, the benchmark dataset was constructed
strictly according to the following criteria. (i) Included were
only those peptides annotated with “conotoxin” and with the
keyword of potassium, calcium, or sodium in their functional
ontologies. (ii) Included were only those conotoxins with
clear functional annotations based on experiment results. In
other words, we excluded those annotated with “uncertain,”
“predicted,” or “inferred from homology” because of lacking
confidence. (iii) Excluded were those that were annotated
with “immature” due to the incompleteness. (iv) Excluded
were also those that contained any invalid amino acid codes,
such as “B,” “X,” and “Z”. After going through the above pro-
cedures, we obtained 195 conotoxins, of which 37 belonged to
the K-channel-targeting type, 86 to the Na-channel-targeting
type, and 72 to the Ca-channel-targeting type.

As elaborated in a comprehensive review [18], a bench-
mark dataset containing many redundant samples with
high similarity would lack statistical representativeness. A
predictor, if trained and tested by a benchmark dataset
with many homologous sequences, might yield misleading
results with overestimated accuracy [30]. To remove the
homologous sequences from the benchmark dataset, a cutoff
threshold of 25% was recommended [31] to exclude those
protein/peptide sequences from the benchmark datasets that
had ≥25% pairwise sequence identity to any other sample
in the same subset. However, in this study we did not use
such a stringent criterion because the currently available
data did not allow us to do so. Otherwise, the numbers of
peptides for some subsets would be very few to have statistical
significance. As a compromise, we set the cutoff threshold
at 80% and used the CD-HIT software [32] to remove those
conotoxin samples that had ≥80% sequence identity to any
other in a same subset. After such a screening procedure, we
obtained 112 conotoxin samples for the benchmark dataset S,
as formulated as follows:

S = SK ∪ SNa ∪ SCa, (1)

where the subset SK contains 24 conotoxin samples of K-
channel-targeting type, SNa contains 43 samples of Na-
channel-targeting type, and SCa contains 45 samples of
Ca-channel-targeting type, while the symbol ∪ represents
the union in the set theory. The codes of 112 conotox-
ins and their sequences are given in Supporting Infor-
mation S1 (see Supplementary Material available online at
http://dx.doi.org/10.1155/2014/286419).

Likewise, we also constructed an independent dataset
SInd as formulated by

S
Ind
= S

Ind
K ∪ S

Ind
Na ∪ S

Ind
Ca , (2)

where SInd
K contains 12 K-conotoxins, SInd

Na contains 37 Na-
conotoxins, and SInd

Ca contains 21 Ca-conotoxins. None of

the samples in the independent dataset occurs in the dataset
S of (1), and their detailed sequences are given in Supporting
Information S2.

For simplicity, hereafter, let us use “K-conotoxin,” “Na-
conotoxin,” and “Ca-conotoxin” to represent K-channel-
targeting type conotoxin, Na-channel-targeting type cono-
toxin, and Ca-channel-targeting type conotoxin, respectively.

2.2. The Dipeptide Mode of Pseudoamino Acid Composition.
Given a conotoxin peptide P with L amino acids, how do
we translate it into a mathematical expression for statistical
prediction? This is one of the first important problems to
develop a sequence-based predictor for identifying the type
of a conotoxin. The most straightforward way to formulate
the sample of a conotoxin peptide P with L residues is to use
its entire amino acid sequence, as can be formulated by

P = R
1
R
2
R
3
R
4
⋅ ⋅ ⋅RL, (3)

where R
1
represents the 1st residue of the conotoxin pep-

tide and R
2
the 2nd residue of the peptide and so forth.

Subsequently, we can utilize various sequence similarity
search based tools, such as BLAST [33], to perform statistical
prediction. Although this kind of sequence model was very
straightforward and intuitive, unfortunately, it failed to work
when a query conotoxin peptide did not have significant
similarity to any of the peptide sequences in the training
dataset. Thus, investigators turned to use vectors to represent
the peptide samples. Another reason for them to do so
is that the statistical samples in vector format are much
easier to be handled than in sequence format by many
existing operation engines, such as the correlation angle
approach [34], covariance discriminant (CD) [27, 35–37],
neural network [38–40], optimization approach [41], support
vectormachine (SVM) [22, 23, 42, 43], random forest [44, 45],
conditional random field [20], nearest neighbor (NN) [46,
47]; K-nearest neighbor (KNN) [30], OET-KNN [48–50],
fuzzy K-nearest neighbor [25, 51–55], ML-KNN algorithm
[56], and SLLE algorithm [36].

The simplest vector used to represent a peptide or protein
sample is its amino acid composition (AAC), as given as
follows:

P = [𝑓
1
𝑓
2
⋅ ⋅ ⋅ 𝑓
20
]

T
, (4)

where 𝑓
𝑖
(𝑖 = 1, 2, . . . , 20) is the normalized occurrence

frequency of the 𝑖th type of native amino acid in the peptide
chain and T is the transpose operator. The AAC model was
used by many in predicting various contributes of proteins
(see, e.g., [41, 57–59]). However, as we can see from (4), when
using AAC to represent a peptide or protein sample, all its
sequence order information would be completely lost and
hence limit the prediction quality.

How can we formulate a peptide or protein sequence
with a vector yet still keep considerable sequence order
information? As reported in many recent publications, in
order to incorporate the sequence order information, the
pseudoamino acid composition [10, 11] or Chou’s PseAAC
[60] was proposed. Since the concept of PseAAC was pro-
posed in 2001 [10], it has been penetrating into almost all
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the fields of protein attribute predictions (see, e.g., [61–
78]). Recently, the concept of PseAAC was further extended
to represent the feature vectors of DNA and nucleotides
[19, 21, 23, 27, 79], as well as other biological samples (see,
e.g., [80–82]). Because it has been widely and increasingly
used, in addition to the web server “PseAAC” [83] built in
2008, recently three types of powerful open access software,
called “PseAAC-Builder” [84], “propy” [85], and “PseAAC-
General” [86], were established: the former two are for
generating various modes of Chou’s special PseAAC, while
the 3rd one is for those of Chou’s general PseAAC.

According to a comprehensive review [18], the general
PseAAC is formulated by

P = [𝜓
1
𝜓
2
⋅ ⋅ ⋅ 𝜓
𝑢
⋅ ⋅ ⋅ 𝜓
Ω
]

T
, (5)

where the component𝜓
𝑢
(𝑢 = 1, 2, . . . , Ω) and the dimension

Ω will depend on how to extract the features from the
peptide sequences concerned. For the current study, since
the conotoxin sequences are not long (about 10–30 residues),
we could just consider the sequence order information
between two most contiguous amino acid residues. Thus, the
dimension of the vector P in (5) is Ω = 20 × 20 = 400 and
each of the components therein is given by

𝜓
𝑢
=

{
{
{
{
{
{
{
{
{
{
{
{
{
{
{

{
{
{
{
{
{
{
{
{
{
{
{
{
{
{

{

𝑓 (AA) when 𝑢 = 1
𝑓 (AC) when 𝑢 = 2

...
...

𝑓 (AY) when 𝑢 = 20
𝑓 (CA) when 𝑢 = 21

...
...

𝑓 (YW) when 𝑢 = 399
𝑓 (YY) when 𝑢 = 400,

(6)

where A,C, . . . ,W,Y are, respectively, the single letter codes
of 20 native amino acids, 𝑓(AA) is the occurrence frequency
for the dipeptide AA in the conotoxin sequence (see (3)), and
𝑓(AC) is for the dipeptide AC and so forth. The formulation
defined by (5)-(6) is actually the dipeptide mode of PseAAC,
which can be automatically generated by the PseAAC server
[83] for a given peptide or protein sequence.

2.3. Feature Selection. The original raw features usually con-
tain the redundant information and noise thatmay negatively
affect the prediction quality [87]. Using the feature selection
techniques to optimize the feature set can not only enhance
the prediction accuracy but also provide useful insights
for in-depth understanding of the action mechanism of
conotoxins. According to the feature selection algorithm [87],
the F-score function is defined by

𝐹 (𝑖) =

∑
3

𝑘=1
(𝑓

𝑘

𝑖
− 𝑓
𝑖
)

2

∑
3

𝑘=1
(1/ (𝑁

𝑘
− 1))∑

𝑁𝑘

𝑗=1
(𝑓
𝑘

𝑖𝑗
− 𝑓

𝑘

𝑖
)

2
, (7)

where 𝑓
𝑘

𝑖
is the average frequency of the 𝑖th feature in

the kth dataset, 𝑓
𝑖
the average frequency of the 𝑖th feature

in the all datasets concerned, 𝑓𝑘
𝑖𝑗
is the frequencies of the

𝑖th feature of the jth sequence in the kth dataset, and
𝑁
𝑘
is the number of peptide samples in the kth dataset.

The program called “fselect.py” was downloaded from
http://www.csie.ntu.edu.tw/∼cjlin/libsvmtools to calculate F-
score defined in (7).

The larger the F-score is, the more likely it has a better
discriminative capability [87]. Accordingly, we ranked the
400 dipeptides in (5) according to their F-scores. Subse-
quently, based on the ranked dipeptides, we performed the
incremental feature selection (IFS) strategy to find an optimal
subset of features that yielded the highest predictive accuracy.
During the IFS procedure, the feature subset started with one
feature with the highest F-score. A new feature subset was
composed when one more feature with the second highest F-
score was added. By adding these features sequentially from
the higher to lower ranks, 400 feature sets would be obtained.
The 𝜏th feature set can be formulated as

𝑆
𝜏
= {𝑓
1
, 𝑓
2
, . . . , 𝑓

𝜏
} , (1 ≤ 𝜏 ≤ 400) . (8)

For each of the 400 feature sets, a prediction model
based on the proposed predictive algorithm was constructed
and examined with the jackknife cross-validation on the
benchmark dataset. By doing so, we obtained an IFS curve in
a 2D (dimensional) Cartesian coordinate system with index
𝜏 as the abscissa (or X-coordinate) and the overall accuracy
as the ordinate (or Y-coordinate). The optimal feature set is
expressed as

𝑆
Θ
= {𝑓
1
, 𝑓
2
, . . . , 𝑓

Θ
} . (9)

with which the IFS curve reached its peak. In other words,
in the 2D coordinate system, when 𝑋 = Θ, the value of
the overall accuracy was the maximum. Thus, we used the Θ
features to build the final predictor.

2.4. Support Vector Machine (SVM). The classification algo-
rithm used in this work was the support vector machine
(SVM).The SVM has been widely used in the realm of bioin-
formatics (see, e.g., [19, 22, 23, 88–90]). Its basic principle is
to transform the input vector into a high-dimension Hilbert
space and seek a separating hyperplane with the maximal
margin in this space by using the decision function:

𝑓(

→

𝑋) = sgn(
𝑁

∑

𝑖=1

𝑦
𝑖
𝛼
𝑖
⋅ 𝐾 (

→

𝑋,

→

𝑋
𝑖
) + 𝑏) , (10)

where
→

𝑋
𝑖
is the 𝑖th training vector, the 𝑦

𝑖
represents the

type of the 𝑖th training vector, and 𝐾(
→

𝑋,

→

𝑋
𝑖
) is a kernel

function which defines an inner product in a high dimen-
sional feature space. Because of its effectiveness and speed
in nonlinear classification process, the radial basis kernel

function (RBF)𝐾(
→

𝑋
𝑖
,

→

𝑋
𝑗
) = exp(−𝛾‖

→

𝑋
𝑖
−

→

𝑋
𝑗
‖

2

) was used
in the current work.The original SVMwas designed for two-
class problems. For multiclass problems, several strategies
such as one-versus-rest (OVR), one-versus-one (OVO), and
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DAGSVM have been applied to extend the traditional SVM.
In the present study, we used the OVO strategy for multi-
class prediction. The concrete SVM software (LibSVM) was
downloaded from http://www.csie.ntu.edu.tw/∼cjlin/libsvm.
A grid searchmethodwas used to optimize the regularization
parameter 𝐶 and kernel parameter via the jackknife cross-
validation. The search spaces for 𝐶 and 𝛾 are [215, 2−5] and
[2
−5
, 2
−15
] with steps of 2−1 and 2, respectively. For more

details about SVM, see a monograph [91].

3. Results and Discussion

3.1. Test Method and Criteria. In statistical prediction, the
independent dataset test, subsampling or K-fold crossover
test and jackknife test are the three cross-validation methods
often used to check a predictor for its accuracy [92]. However,
among the three test methods, the jackknife test is deemed
the least arbitrary that can always yield a unique result for
a given benchmark dataset [18]. Accordingly, the jackknife
test has been increasingly used and widely recognized by
investigators to examine the quality of various predictors (see,
e.g., [19, 21, 73, 75, 93–95]). Therefore, in this study we also
adopted the jackknife test.

In addition to an objective test method, we also need
a set of metrics to reasonably measure the test outcome.
Here, let us use the criterion proposed in [96, 97] to develop
a set of more intuitive and easier-to-understand metrics;
that is, the correct rates ΛK in predicting K-conotoxins,
Λ
Na in predicting Na-conotoxins, and ΛCa in predicting Ca-

conotoxins are defined by

Λ
K
=

𝑁
K
− 𝑁

K
Na − 𝑁

K
Ca

𝑁
K , for the K-conotoxins

Λ
Na
=

𝑁
Na
− 𝑁

Na
K − 𝑁

Na
Ca

𝑁
K , for the Na-conotoxins

Λ
Ca
=

𝑁
Ca
− 𝑁

Ca
K − 𝑁

Ca
Na

𝑁
Ca , for the Ca-conotoxins,

(11)

where 𝑁K is the total number of the K-conotoxins inves-
tigated, while 𝑁K

Na is the number of the K-conotoxins
incorrectly predicted as the Na-conotoxins, and 𝑁K

Ca is the
number of the K-conotoxins incorrectly predicted as the Ca-
conotoxins; 𝑁Na is the total number of the Na-conotoxins
investigated, while 𝑁Na

K is the number of the Na-conotoxins
incorrectly predicted as the K-conotoxins and 𝑁Na

Ca is the
number of theNa-conotoxins incorrectly predicted as theCa-
conotoxins; and𝑁Ca is the total number of the Ca-conotoxins
investigated, while 𝑁Ca

Na is the number of the Ca-conotoxins
incorrectly predicted as the Na-conotoxins and 𝑁Ca

K is the
number of the Ca-conotoxins incorrectly predicted as the K-
conotoxins. From (11), it follows that

OA = Λ = 1 −
𝑁

K
Na + 𝑁

K
Ca + 𝑁

Na
K + 𝑁

Na
Ca + 𝑁

Ca
Na + 𝑁

Ca
K

𝑁
K
+ 𝑁

Na
+ 𝑁

Ca

AA = Λ
K
+ Λ

Na
+ Λ

Ca

3

,

(12)
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Figure 4: A plot to show the IFS curve, where the abscissa and
ordinate axis denote the number of features and the overall accuracy,
respectively. As shown in the figure, the value of the overall accuracy
reached its peak (91.1%) when the top-ranked 50 dipeptide features
were taken into account.

Table 1: List of the 50 optimal features or dipeptides derived
according to (7)–(9) as elaborated in the Section 2.3.

AA AS CC CH CS DH DN EN GA GH
GL GT GY HA HL HS IY KD KK KM
KP LN LV MC MY ND NQ NS PI QK
QT RC RD RF RN RT RW SC SG TE
TF TT VV WG WI YD YH YL YT YY

where OA stands for the overall accuracy and AA for the
average accuracy.

3.2. The Optimal Features. As mentioned above, it would
be no good for a sample vector to contain either too few
or too many features. This is because the former would
limit the prediction quality due to lack of information, while
the latter would generate a lot of noise due to redundancy.
Therefore, we should find a set of optimal features, for which
there is minimal redundancy among themselves but maximal
relevancy to the target to be predicted. In the present study,
such an optimal feature-set is none but (9).

Shown in Figure 4 is the IFS curve for the value of OA
against the number of the counted features, as described
in Section 2.3. As can be seen from there, the value of OA
reached its peak of 91.1% when the top-ranked 50 dipeptides
(Table 1) were taken into account.

The predictor thus obtained via the aforementioned pro-
cedures is called “iCTX-Type,” where “i” stands for “identify”
and “CTX” for “conotoxin.”

A comparison of the current predictor iCTX-Type with
the one in [7] (i.e., to the best of our knowledge, it is the
only existing predictor in this area) is given in Table 2, from
which we can see the following. (i) For four of the five
metrics defined in (10)-(11), iCTX-Type yielded higher scores
than the method in [7]. Particularly, iCTX-Type achieved
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Table 2: Comparison of the current method with the one in [7] by the jackknife test on the same benchmark dataset (Supporting Information
S1) according to the metrics defined in (11)-(12).

Method Number of features counted Λ
K (%) Λ

Na (%) Λ
Ca (%) AA (%) OA (%)

RBF networka 70 91.7 88.4 88.9 89.7 89.3
iCTX-Typeb 50 83.3 97.8 89.8 90.3 91.1
aSee [7].
bThis paper.

higher overall accuracy (OA) and average accuracy (AA). (ii)
Compared with the method of [7] using 70 features, only 50
features were used in the presentmethod (Table 1), indicating
that the iCTX-Type ismore efficient in excluding redundancy
and noise as well as in capturing the core features.

To further verify the performance of the current predic-
tor, iCTX-Type was also used to identify the samples in the
independent dataset SInd (see Supporting Information S2),
and the success rates (see (11)) thus obtained were 91.7%,
91.9%, and 90.5% for K-, Na-, and Ca-conotoxins, respec-
tively. These results are fully consistent with those obtained
by the jackknife test as given in Table 2, furtherindicating that
the new predictor iCTX-Type is quite promising and holds a
high potential to become a useful tool for in-depth studying
ion channel-targeted conotoxins.

To enhance the value of its practical applications [98], a
web server for the new iCTX-Type predictor was established
as described below.

3.3. Web-Server Guide. For the convenience of the vast
majority of experimental scientists, below a step-by-step
guide is provided for how to use the web server to get the
desired results without the need to follow the mathematic
equations that were presented in this paper just for the
integrity in developing the predictor.

Step 1. Open the web server at http://lin.uestc.edu.cn/server/
iCTX-Type and you will see the top page of iCTX-Type
on your computer screen, as shown in Figure 5. Click on
the Read Me button to see a brief introduction about the
predictor and the caveat when using it.

Step 2. Either type or copy/paste the query peptide sequences
into the input box at the center of Figure 5. The input
sequence should be in the FASTA format. A sequence in
FASTA format consists of a single initial line beginning with a
greater-than symbol “>” in the first column, followed by lines
of sequence data. The words right after the “>” symbol in the
single initial line are optional and only used for the purpose of
identification and description. All lines should be no longer
than 120 characters and usually do not exceed 80 characters.
The sequence ends if another line starting with a “>” appears;
this indicates the start of another sample sequence. Example
sequences in FASTA format can be seen by clicking on the
Example button right above the input box.

Step 3. Click on the Submit button to see the predicted result.
For instance, when using the three peptide sequences as an

Figure 5: A screenshot to show the top page of the iCTX-Type web
server. Its website address is http://lin.uestc.edu.cn/server/iCTX-
Type.

input and clicking the Submit button, you will see the fol-
lowing shown on the screen of your computer: the outcome
for the 1st query example is “Ca-conotoxin”; the outcome for
the 2nd query sample is “K-conotoxin”; the outcome for the
3rd query sample is “Na-conotoxin.” All these results are fully
consistent with the experimental observations. It takes only a
few seconds for the above computation before the predicted
result appears on your computer screen; the more number of
query sequences, the longer time it usually needs.

Step 4. Click on the Data button to download the benchmark
datasets used to train and test the iCTX-Type predictor.

Step 5.Click on the Citation button to find the relevant papers
that document the detailed development and algorithm of
iCTX-Type.

Caveats. The input query sequences must be formed by the
single-letter codes of the 20 native amino acids; any other
characters such as “B,” “X,” “U,” and “Z” are invalid and should
not be part of the peptide sequence.

4. Conclusion

It is anticipated that iCTX-Type may become a useful
high throughput tool for both basic research and drug
development, particularly for in-depth investigation into the
mechanisms of ion-channels and developing new drugs to
treat chronic pain, epilepsy, spasticity, and cardiovascular
diseases, among others.

It is instructive to point out that since the binding of
conotoxins to ion-channel is highly selective and specific,
the information obtained by iCTX-Type in identifying the
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types of conotoxins may be also very useful for designing
ion channel inhibitors according to the Chou’s distorted key
theory as elaborated in [99] and briefed in aWikipedia article
at http://en.wikipedia.org/wiki/Chou’s distorted key theory
for peptide drugs.
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The goal of our study is to test the association of IL6R rs7529229 polymorphism with CHD through a case-control study in Han
Chinese population and a meta-analysis. Our result showed there is a lack of association between IL6R rs7529229 polymorphism
and CHD on both genotype and allele levels in Han Chinese (𝑃 > 0.05). However, a meta-analysis among 11678 cases and 12861
controls showed that rs7529229-C allele was significantly associated with a decreased risk of CHD, especially in Europeans (𝑃 <
0.0001, odds ratio = 0.93, 95% confidential interval = 0.89–0.96). Since there is significant difference among different populations,
further studies are warranted to test the contribution of rs7529229 to CHD in other ethnic populations.

1. Introduction
Coronary heart disease (CHD) is one of the leading causes
of human deaths in the developed and developing countries
such as China [1]. As a complex disease, CHD results from the
interaction between genetic and environmental factors. CHD
is one of the most common manifestations of atherosclerosis
that is related to inflammation [2]. CHD is regarded as a
chronic inflammatory disease [3] that has been shown to be
associated with the response to inflammatory signaling [4].

Interleukin-6 is an inflammatory cytokine [5], whose
synthesis is stimulated by its binding to IL6R. IL6R signaling
activates an intracellular signaling cascade leading to the
inflammatory response [6] and thus has become an important
therapeutic target for prevention of CHD [7, 8].

Human IL6R is located on 1q21, a susceptible locus for
CHD. IL6R rs7529229 is a T/C variation associated with both
IL6R level and a decreased risk of CHD events in Europeans
[7]. Since there is a lack of evidence concerning its role in
CHD in Han Chinese, the goal of our study was to repli-
cate the association between IL6R rs7529229 polymorphism
and CHD in Han Chinese. In addition, we performed a
meta-analysis of the available case-control studies between
rs7529229 of IL6R gene and CHD.

2. Methods

2.1. Sample Collection. A total of 459 unrelated individuals
were selected between May 2011 and November 2013 from
Ningbo Lihuili Hospital, Zhejiang, China. Of these, 263
patients had CHD (males: 181; females: 82; age: 61.04 ± 8.68
years) and 196 patients were non-CHD controls (males: 98;
females: 98; age: 57.76 ± 7.97 years). The patients had been
examined by standardized coronary angiography according
to the Seldinger method [9] and were judged by at least
two independent cardiologists. In CHD cases, patients (𝑛 =
263) were diagnosed with the angiographic evidence that
coronary artery stenosis was greater than 50% in one or more
major coronary arteries [10]. Gensini scoring system was
used to determine the severity of CHD [11]. A total of 196
patients, who did not have detectable coronary stenosis and
atherosclerotic vascular disease, were considered as controls.
All individuals had no cardiomyopathy or congenital heart,
liver, or renal diseases. All the samples were Han Chinese
living in Ningbo of China. The blood samples were collected
by the same investigators. Blood samples were collected in
3.2% citrate sodium-treated tubes and then stored at −80∘C.
The study protocol was approved by the Ethics Committee of
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Lihuili Hospital in Ningbo and informed written consent was
obtained from all subjects.

2.2. PCR Amplification and SNP Genotyping. Human
genomic DNA was prepared from peripheral blood samples
using the nucleic acid extraction automatic analyzer (Lab-
Aid 820, Xiamen, China) and was quantified using the
PicoGreen dsDNA Quantification kit (Molecular Probes
Inc., Eugene, OR, USA). Amplification was performed on
the ABI GeneAmp PCR System 9700 Dual 96-Well Sample
Block Module (Applied Biosystems, Foster City, CA, USA).
Genomic DNA was subjected to polymerase chain reac-tion
(PCR) with primers specific to IL6R gene. The sequen-
ces of the two allele-specific primers were 5-GCGGCA-
GGGCGGCAATGTGGTCGTGGTGAGTTACC C-3 and
5-GATTACCGAATGTGGTCGTGGTGAGTTA CCT-3.
The sequence of a reverse primer was 5



-TTTCTATGA-
TTCCCTTTCACAGAGGTTTGA-3. The reaction was
performed with an initial denaturation stage at 95∘C for
30 sec, followed by 40 cycles at 95∘C for 30 sec, 59∘C for
30 sec, and 72∘C for 30 sec, and a final extension at 72∘C
for 30 sec. Genotyping of the PCR products was performed
on the Roche LightCycler 480 Fluorescence Real-Time
PCR System (Roche, Rotkreuz, Switzerland) using melting
temperature shift (Tm-shift) according to the manufacturer’s
instructions [12, 13]. Tm-shift method uses two allele-specific
primers and one reverse primer to amplify the polymorphic
region encoding the targeted variant, and genotypes can
be determined by inspection of a melting curve [14, 15]
(Figure 1). To verify the repeatability and stability of
experiment, 5% of random samples and 18 control samples
(including 9 negative and 9 positive controls) were used for
quality control.

2.3. Retrieval of Published Studies. A search was performed
for the publications from 2008 to 2013 in the electronic
databases (including PubMed, EMbase, Web of Science, and
Cochrane Library). The search keywords included “coronary
heart disease” or “coronary artery disease” or “myocardial
infarction” combined with “IL6R” or “interleukin-6 receptor”
or “rs7529229” or “polymorphism” and “genetic association.”
We read the full-text articles to collect the relevant informa-
tion. References listed on the retrieved articles and previous
meta-analyses on this subject were searched to appraise other
studies of potential relevance. The included studies for the
meta-analysis need to be case-control design and need to
have information consisting of ORs and their 95% CIs or
genotyping data to measure the relative risk. Data extraction
was carried out by at least two reviewers (Xiaoliang Chen
and Ping Peng) on a standard protocol, and the consensus
data were established by discussion. In the meta-analyses,
the following data collection was included: name of the first
author, publication year, country, ethnic population, study
stage, numbers of individuals in the case and the control
groups, OR, and 95% CI.

2.4. Statistical Analysis. Hardy-Weinberg equilibrium
(HWE) was analyzed using the Arlequin software (v3.5)
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Figure 1: Melting temperature- (Tm-) shift method was used for
SNP genotyping.

[16]. The statistical software package SPSS v.18.0 (SPSS,
Chicago, IL, USA) was used for the following analyses.
Continuous data were expressed as mean ± SD and Student
𝑡-test was employed to analyze differences between two study
groups. 𝜒2 analysis was used to compare the categorical
variables. Genotype and allele frequencies between CHD
cases and healthy controls among the different subgroups
were compared using 𝜒2 test. Association between Gensini
scores and rs7529229 was compared using linear regression
test. Mann-Whitney test was used for the association of
Gensini scores with rs7529229 under the dominant and the
recessivemodels.The power of the studywas estimated by the
Power and Sample Size Calculation software (v3.0.43) [17].
Meta-analysis was performed by Stata software version 11.0
(Stata Corporation, College Station, TX) and in accordance
with Stroup’s study [18]. Heterogeneity of the studies was
evaluated by the 𝐼2 statistic at the significant level of 0.05.The
combined odds ratios (ORs) along with their 95% confidence
intervals (CIs) were assessed with inverse-variance fixed-
effect model (subtotal 𝐼2 = 20.4%, 𝑃 = 0.274; overall 𝐼2 =
12.5%, 𝑃 = 0.441) [19]. Subgroup meta-analysis was
performed by ethnicity. Sensitivity analysis was conducted
by omitting each study in turn. Funnel plots and Egger
regression tests [20] were used to estimate the publication
bias. A two-sided 𝑃 < 0.05 was considered to be statistically
significant.

3. Results

3.1. Basic Characteristics of the Study Population. As shown
in Table 1, the prevalence of essential hypertension (EH), dia-
betes mellitus (DM), and smoking history was significantly
higher in CHD patients than controls (𝑃 < 0.05). However,
there were no significant differences between the two groups
for a series of biochemical parameters, including high-density
lipoprotein cholesterol (HDL-C), triglycerides, low-density
lipoprotein cholesterol (LDL-C), and total cholesterol.

3.2. Genotype and Allele Distribution of rs7529229 in CHD
Cases and Controls. Genotype distribution of rs7529229 in
both CHD cases and controls met HWE (Table 2). Genotype
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Table 1: Basic characteristics of the study population.

CHD (𝑛 = 263) Controls (𝑛 = 196) 𝑃

Male, 𝑛 (%) 182 (69.2%) 98 (50%) <0.001
Smoking, 𝑛 (%) 111 (43.5%) 53 (27.3%) <0.001
Hypertension, 𝑛 (%) 161 (63.1%) 100 (51.5%) 0.014
Diabetes, 𝑛 (%) 53 (20.7%) 12 (6.1%) <0.001
Mean age, years 61.04 ± 8.68 57.76 ± 7.97 <0.001
LDL-C (mmol/L) 2.54 ± 0.94 2.49 ± 0.89 0.600
Total cholesterol (mmol/L) 4.33 ± 1.10 4.28 ± 1.01 0.620
HDL-C (mmol/L) 1.06 ± 0.30 1.12 ± 0.29 0.048
Triglycerides (mmol/L) 1.64 ± 1.06 1.50 ± 0.86 0.125

Table 2: Genotype and allele distribution of rs7529229 in CHD cases and controls.

Group Genotype (TT/TC/CC) 𝜒2 𝑃 (df = 2) HWE Allele (𝑇/𝐶) 𝜒2 𝑃 (df = 1) OR (95% CI)
All CHD cases (𝑛 = 263) 77/133/53 0.80 287/239
All controls (𝑛 = 196) 63/98/35 0.61 0.73 0.88 224/168 0.60 0.43 0.90 (0.69–1.17)
Female CHD cases (𝑛 = 82) 30/35/17 0.26 95/69
Female controls (𝑛 = 98) 34/47/17 0.58 0.74 1.00 115/81 0.02 0.88 0.97 (0.63–1.47)
Male CHD cases (𝑛 = 181) 47/98/36 0.29 192/170
Male controls (𝑛 = 98) 29/51/18 0.43 0.80 0.68 109/87 0.33 0.56 0.90 (0.63–1.27)

analysis of rs7529229 did not reveal significant difference
between CHD cases and non-CHD controls (𝜒2 = 0.61, 𝑃 =
0.73). The allelic distribution of rs7529229 did not differ
between CHD cases and non-CHD controls (𝑃 = 0.43, OR =
0.90, 95% CI = 0.69–1.17, Table 2). We further examined the
roles of rs7529229 in males and females separately. However,
no significant differences between cases and controls were
observed inmale and female subgroups (Table 2). In addition,
we also performed an age-stratified analysis to investigate
whether age influenced the contribution of rs7529229 to
the risk of CHD. Again, no significant differences between
CHD cases and controls were observed in all age-stratified
subgroups (Table 3).

3.3. Stratified Analyses of rs7529229 between Cases and
Controls by Smoking History or Status of Hypertension or
Diabetes. Since smoking history, hypertension, and diabetes
are risk factors of CAD [21], we further performed stratified
association tests by the above three variables. Our results
showed that there were no significant differences in the
distribution of genotype and allele of rs7529229 between cases
and controls (Table 4).

3.4. Association of rs7529229 with the Severity of Coronary
Lesions. A linear regression test of the means of Gensini
scores with rs7529229 genotype did not show a statistically
significant correlation (Table 5). And there was no significant
association between Gensini scores and rs7529229 under the
dominant (𝑍 = −0.38, 𝑃 = 0.69, Table 5) and the recessive
models (𝑍 = −0.50, 𝑃 = 0.61, Table 5).

3.5. Meta-Analysis of rs7529229 with CHD in Different Pop-
ulations. A total of 41 studies were selected initially. After

reading the full text of these articles, 9 eligible studies were
harvested for the current meta-analysis of the association
of rs7529229 with CHD [7, 22, 23]. Details of articles in
the meta-analysis are shown in Figure 2. Our meta-analysis
comprised 11,678 CHD cases and 12,861 controls from two
ethnic populations (Europeans and Asians). No significant
heterogeneity was found in this meta-analysis (𝑃 = 0.441,
𝐼
2 = 12.5%). Our result suggested that rs7529229-C allele was
associated with CHD risk. A future subgroup meta-analysis
showed that rs7529229 of IL6R gene was a protective factor
of CHD, especially in Europeans (𝑃 < 0.0001, OR = 0.93,
95% CI = 0.89–0.96). Sensitivity analyses were repeatedly
conductedwhen each particular studywas omitted. As shown
in Figure 3, the results were not altered with pooled ORs
ranging from 0.92 to 0.94 for the meta-analysis in Europeans
and Asians. There was no visual publication bias in Begg’s
funnel (𝑃 = 0.25) and Egger’s regression plots (𝑃 = 0.251,
Figure 4).

4. Discussion

In the present study, we aim to replicate previous significant
association between IL6R rs7529229 polymorphism and the
risk of CHD in Han Chinese. Our study analyzed the
association of rs7529229 with both CHD susceptibility and
its severity. We also explored the stratified association of
rs7529229 with CHD, though we failed to observe significant
associations between IL6R rs7529229 and the risk of CHD.
The results of our study were inconsistent with the recent
findings from a large study of European samples [7]. We
speculated that the discrepancies might be due to ethnic
difference in the prevalence of this SNP. In addition, a power
calculation showed that our case-control study only had
a 12.2% power to detect a relative risk of rs7529229 at a
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Table 3: Post hoc analysis of rs7529229 with the risk of CHD in different age subgroups.

Age group Genotype (TT/TC/CC) 𝜒2 𝑃 (df = 2) HWE Allele (𝑇/𝐶) 𝜒2 𝑃 (df = 1) OR (95% CI)
≤55 CHD cases (𝑛 = 70) 19/37/14 0.80 75/65
≤55 controls (𝑛 = 71) 25/36/10 1.49 0.47 0.80 86/56 1.40 0.23 0.75 (0.46–1.20)
55–65 CHD cases (𝑛 = 95) 23/50/22 0.68 96/94
55–65 controls (𝑛 = 82) 25/39/18 0.89 0.64 0.82 89/75 0.49 0.48 0.86 (0.56–1.30)
≥65 CHD cases (𝑛 = 98) 35/46/17 0.83 116/80
≥65 controls (𝑛 = 43) 13/23/7 0.54 0.76 0.75 49/37 0.12 0.72 1.09 (0.65–1.82)

Table 4: The stratified association analysis of rs7529229.

Group Risk factor of CHD Genotype (TT/TC/CC) 𝜒
2

𝑃 𝑇/𝐶 𝜒
2

𝑃

CHD (𝑛 = 115) Smoking 31/61/23 123/107
Control (𝑛 = 55) Smoking 15/31/9 0.339 0.844 61/49 0.117 0.732
CHD (𝑛 = 148) No smoking 46/72/30 164/132
Control (𝑛 = 141) No smoking 48/67/26 0.339 0.844 163/119 0.337 0.561
CHD (𝑛 = 165) Hypertension 48/86/31 182/148
Control (𝑛 = 102) Hypertension 36/44/22 2.061 0.375 116/88 0.15 0.699
CHD (𝑛 = 98) No hypertension 29/47/22 105/91
Control (𝑛 = 94) No hypertension 27/54/13 2.789 0.248 108/80 0.583 0.445
CHD (𝑛 = 57) Diabetes 16/27/14 59/55
Control (𝑛 = 14) Diabetes 6/5/3 1.178 0.555 17/11 0.725 0.394
CHD (𝑛 = 206) No diabetes 61/106/39 228/184
Control (𝑛 = 182) No diabetes 57/93/32 0.191 0.909 207/157 0.183 0.669

Table 5: Association tests of Gensini scores and CHD.

Genotype Gensini score (mean/SD/median) 𝐹/𝑍 𝑃 (df = 1)
TT (𝑛 = 77) 56.12/56.08/35.5
TC (𝑛 = 133) 48.67/43.67/33.0
CC (𝑛 = 53) 46.60/43.64/36.0 0.30 0.85
Recessive model

TT + TC (𝑛 = 210) 51.40/48.59/35.2
CC (𝑛 = 53) 46.60/43.64/36.0 −0.50 0.61

Dominant model
TC + CC (𝑛 = 186) 48.08/43.56/34.5
TT (𝑛 = 77) 56.12/56.08/35.5 −0.38 0.69

Study Populations Study stage Case Control OR (95% CI) Weight (%) OR, I-V, fixed, 95% CI
Hingorani European HIFMECH 509 553 0.92 (0.78–1.08) 5.36
Hingorani European UCP 632 1000 1.06 (0.92–1.22) 5.36
Hingorani European INTERHEARTE 796 895 1.03 (0.90–1.18) 6.16
Hingorani European GerMIFS II 1222 1298 0.95 (0.87–1.04) 16.7
Hingorani European WTCCC 1926 2937 0.89 (0.82–0.97) 21.45
Hingorani European ISIS 2073 1493 0.88 (0.80–0.97) 16.7
Hingorani European PROCARDIS 4070 4258 0.92 (0.85–0.99) 21.63

0.93 (0.89–0.96) 96.37

Chen et al. Asian Chinese 187 231 1.01 (0.77–1.33) 1.54
Our study (2013) Asian Chinese 263 196 0.90 (0.69–1.17) 2.09

0.95 (0.76–1.13) 3.63

11678 12861 0.93 (0.90–0.96) 100

0.55 1            1.45  
Decrease risk    Increase risk

Subtotal (I-squared = 20.4%, P

,

= 0.274)
Test for subtotal effect: Z = 51.31, P < 0.0001

Subtotal (I-squared = 0.0% P = 0.559)
Test for subtotal effect: Z = 10.18, P = 0.154

Overall (I-squared = 12.5%, P = 0.441)
, PTest for overall effect: Z = 52.31, < 0.0001

Figure 2: Meta-analysis of ten association studies of rs7529229 with CAD.
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Figure 4: Begg’s funnel plot and Egger’s regression plot of 11 association tests between rs7529229 and CHD.

significant level of 0.05, suggesting that a lack of power was
likely to explain our failure to find a significant association.

Our meta-analysis, including a total of 11,678 cases
and 12,861 controls, examined the association between the
rs7529229 polymorphism and CHD risk. We found that
rs7529229 of IL6R gene was associated with the risk of
CHD. A further subgroup analysis by race showed that
rs7529229 of IL6R gene was a protective factor of CHD,
especially in Europeans. Our study is the first association
test between rs7629229 and CHD in the Chinese population.
We carried out sensitivity analysis to assess the stability of
this meta-analysis. Removal of each study did not alter the
conclusion of the CHD risk, suggesting the reliability of these
results. Meta-analysis can dramatically increase the power of
association test through the combination of the data from
various studies. For example, the power of some studies in the
current meta-analysis is moderate (HIFMECH: 60.1%; UCP:
55.3%; INTERHEARTE: 32.2%; GerMIFSII: 65.2%; Chen et
al.: 11.8%).

There are several limitations in our study. Firstly, the
power of our case-control study only reached 12.2% at alpha
level of 0.05, so we could not exclude the possibility of lack

of power in our study mainly due to the relatively small
sample size. Secondly, only one polymorphism of IL6R was
investigated in the present study. According to the report in
dbSNP, there were at least 256 SNPs on the IL6R gene locus.
Therefore, the results of IL6R rs7529229 might not stand for
the rest of the IL6R SNPs. Thirdly, we only searched the
literatures in Chinese for the eligible research included in the
meta-analysis. Meanwhile, case-control studies with negative
results weremore likely to be unpublished. Potential language
and publication bias might exist in the meta-analysis.

In conclusion, our meta-analysis has established a strong
contribution of rs7529229-C allele to reduced risk of CHD,
especially in Europeans, although our case-control study is
unable to find association of the IL6R with the risk of CHD.
Further investigation on other SNPs on the gene is warranted
to validate our findings in the Chinese population.
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Low density lipoprotein receptor (LDLR) can regulate cholesterol metabolism by removing the excess low density lipoprotein
cholesterol (LDL-C) in blood. Since cholesterol metabolism is often disrupted in coronary heart disease (CHD), LDLR as a
candidate gene of CHD has been intensively studied. The goal of our study is to evaluate the overall contribution of LDLR
rs2228671 polymorphism to the risk of CHD by combining the genotyping data from multiple case-control studies. Our meta-
analysis is involved with 8 case-control studies among 7588 cases and 9711 controls to test the association between LDLR rs2228671
polymorphism and CHD. In addition, we performed a case-control study of LDLR rs2228671 polymorphism with the risk of CHD
in Chinese population. Our meta-analysis showed that rs2228671-T allele was significantly associated with a reduced risk of CHD
(𝑃 = 0.0005, odds ratio (OR) = 0.83, and 95% confidence interval (95% CI) = 0.75–0.92). However, rs2228671-T allele frequency
was rare (1%) and was not associated with CHD in Han Chinese (𝑃 = 0.49), suggesting an ethnic difference of LDLR rs2228671
polymorphism. Meta-analysis has established rs2228671 as a protective factor of CHD in Europeans. The lack of association in
Chinese reflects an ethnic difference of this genetic variant between Chinese and European populations.

1. Introduction

Coronary heart disease (CHD) is a complex disease caused
by an insufficient blood flow inside the coronary vessels [1].
The blockage of the arteries is often caused by the plaque
accumulated in the wall of arteries. The plaque is formed by
excess low density lipoprotein cholesterol (LDL-C) in blood
that dramatically increases the risk of CHD [2]. Low density
lipoprotein receptor (LDLR) plays a key role in the regulation
of cholesterol metabolism by removing excess LDL-C in
blood [3, 4].

CHD is caused by both environmental and genetic factors
[5]. Variations of genes involved in lipoprotein and lipid
metabolism are playing an important role in the suscep-
tibility of CHD [6]. LDLR gene mutations can lead to
deficiency or abnormality of LDLR in the cell membrane
surface and thus disrupt lipid metabolism [4]. LDLR gene

mutations are known to cause familial hypercholesterolemia
(FH) [2] that is an important risk factor of CHD and other
atherosclerotic diseases [7]. Recent genome-wide association
studies (GWASs) showed that LDLR gene mutations were
significantly associated with the abnormal blood lipid levels
andCHD[8, 9]. Among theLDLRpolymorphisms, rs2228671
was associated with LDL-C levels and CHD in German and
British populations [10–14]. However, discrepancies were also
shown in the association of LDLR rs2228671 with CHD in
Italians and Germans [15, 16].

Meta-analysis is able to combine and review the results
from previous studies [17, 18]. Meta-analysis improves the
power of comprehensive statistics by pooling the data from
different studies. In the present study, we performed a meta-
analysis of LDLR rs2228671 polymorphismwith CHD among
17299 individuals in 8 studies.
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Publications identifed from PubMed
between 2003 and 2013 (n = 53)

Publications identifed from CNKI
and Wanfang databases (Chinese)
between 2003 and 2013 (n = 12)

Publications after duplicates removed (n = 65)

Publications excluded
(1) Irrelevant studies (n = 29)
(2) Other variants (n = 6)
(3) Other diseases (n = 18)

Potentially relevant publications retrieved for
detailed evaluation (n = 12)

Publications excluded
(1) No case-control (n = 2)
(2) No detailed genotyping data (n = 4)

Case-control publications included in the
meta-analysis (n = 6)

Figure 1: Flowing chart of selection publications in the current meta-analysis.

2. Material and Methods

2.1. Retrieval of Studies and Selection Criteria. We systemati-
cally search available studies from 2003 to 2013 in PubMed
(English), CNKI, and Wanfang (Chinese). Keywords were
“coronary heart disease” or “coronary artery disease” or
“myocardial infarction” combined with “LDLR” or “low
density lipoprotein receptor” or “rs2228671” and “polymor-
phism” or “genetic association.” The inclusion criteria for the
studies involved in this meta-analysis met the following
criteria: (1) case-control study about LDLR rs2228671 poly-
morphism; (2) case-control study with genotyping or allelic
information, or odd ratio (OR)with 95% confidential interval
(CI).

2.2. Data Extraction. Data included in this meta-analysis
was extracted independently from all studies using the
same standard protocol by two reviewers (HY and YH).
The inclusion criteria of our meta-analysis were as follows:
first author’s name, publication year, ethnicity, numbers of
cases and controls, genotype distribution, and OR with 95%
CI.

2.3. Patients and Controls. The study protocol was approved
by the ethical committee of School of Medicine, Ningbo Uni-
versity. A total of 162 cases and 113 controls were recruited in
this study from the Affiliated Hospital of Ningbo University.
All the participants in this study have signed the informed
consent forms. All the 275 individuals underwent coronary
angiography and were categorized into CHD patients and
non-CHD controls according to our previous descriptions
[5, 19]. All the participants enrolled in this study were Han
Chinese residing in or near Ningbo city. None of individuals
in this study had congenital heart disease, cardiomyopathy
and severe liver, or kidney disease.

2.4. SNP Genotyping. Genomic DNA was isolated from
peripheral blood lymphocytes using standard phenol-
chloroform method and then was stored in TE buffer. All
DNA samples were amplified by polymerase chain reaction
(PCR). PCR was denatured at 94∘C for 15 s, followed by 45
cycles of denaturation at 94∘C for 20 s, annealing for 30 s
at 56∘C, extension at 72∘C for 1min, and a final extension
at 72∘C for 3min. DNA amplification and genotyping
was performed on the SEQUENOM Mass-ARRAY iPLEX
platform according to the manufacturer’s instructions [5].

2.5. Statistical Analyses. Hardy-Weinberg equilibrium
(HWE) was examined by the Arlequin program (version
3.5) [20]. The differences in the genotype and allele freque-
ncies between cases and controls were analyzed by the
CLUMP22 software with 10,000 Monte Carlo simulations
[21]. Power analysis was performed by Power and Sample
Size Calculation software [22]. Meta-analysis was made by
REVMAN 5.0 (Cochrane Collaboration, Oxford, United
Kingdom) and Strata 11.0 software (Strata Corporation,
College Station, TX) [23, 24]. Publication bias was evaluated
by Begg and Egger regression tests [25]. The combined ORs
with 95% CI values were calculated by either fixed-effect or
random-effect method [26]. A two-tailed 𝑃 value of 0.05 or
lower was defined to be statistically significant.

3. Results

We systematically searched in PubMed, CNKI, and Wanfang
from 2003 to 2013, and selected a total of 57 literatures after
removing the duplicated publications (Figure 1). According
to the descriptions in the titles and abstracts, we excluded 26
irrelevant literatures, 6 literatures on other variants, and 12
literatures on other diseases. In addition, 1 literature without
sufficient case-control genotyping data and 5 literatures
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Table 1: Characteristics of the association studies between rs2228671 and CHD.

Author and year Ethnic group Genotype (CC/CT/TT)
𝑃-allele

Cases Controls
Ortlepp et al. (2003) [11] German 937/216/10 972/255/22 0.0453
Krawczak et al. (2006) [12] German 1755/379/19 1840/474/25 0.0184
Samani et al. (2007) [13] German 781/93/1 1417/224/3 0.0281
Samani et al. (2007) [13] British 1578/322/13 2332/569/34 0.0051
Schunkert et al. (2008) [14] German 236/43/2 224/61/5 0.0343
Erdmann et al. (2009) [15] German 282/64/3 671/164/15 0.3333
Martinelli et al. (2010) [16] Italian 549/134/9 227/61/3 0.73
Our study (2013) Chinese 157/4/1 111/2/0 0.485

Table 2: Genotype and allele frequency distributionof LDLR gene rs2228671 polymorphism in cases and controls∗.

Gender Group CC/CT/TT 𝜒
2

𝑃 (df = 2) C/T 𝜒
2

𝑃 (df = 1) OR (95% CI)

All Cases 157/4/1 0.86 1 318/6 0.87 0.49 0.47 (0.09–2.36)
Controls 111/2/0 224/2

Male Cases 113/2/1 0.51 0.77 228/4 NA NA 0.49 (0.05–4.41)
Controls 58/1/0 117/1

Female Cases 44/2/0 0.53 0.76 90/2 NA NA 0.42 (0.04–4.71)
Controls 53/1/0 107/1

∗NA represents not analyzed; rs2228671 meets HWE in all groups (𝑃 > 0.05).

Table 3: Genotype and allele frequency distributionof LDLR gene rs2228671 polymorphism in European population.

Gender Group CC/CT/TT 𝜒
2
𝑃 (df = 2) C/T 𝜒

2
𝑃 (df = 1) OR (95% CI)

European population Cases 6218/1251/57 20.59 <.0001 13687/1365 20.26 <.0001 1.180 (1.098–1.269)
Controls 7685/1808/107 17178/2022

without detailed SNP information were also removed. At last,
6 literatures [11–16] on 7 case-control studies were harvested
in our meta-analysis (Table 1). Furthermore, we performed
a case-control study in Han Chinese population, and it was
later included in our meta-analysis.

Genotype distribution of rs2228671 in our case-control
study met HWE for both CHD cases and non-CHD controls
(𝑃 > 0.05), indicating that our case-control study had
a well-characterized random sampling. Our case-control
study suggested that LDLR rs2228671-T allele was rare in
Chinese population (cases: 2%; controls: 1%), and this agrees
with the frequency in HapMap Chinese Han in Beijing
(CHB) population (0–2%). No significant difference in the
genotype distribution between CHD cases and non-CHD
controls are revealed in all samples (𝑃 > 0.05; Table 2) and
in the subgroup analysis by gender (𝑃 > 0.05; Table 2). In
summary, our case-control study showed that there was no
association between LDLR rs2228671 and CHD in Chinese.
However, significant association was found between LDLR
rs2228671 and CHD in European population (𝜒2 = 20.59,
𝑃 < 0.0001 by genotype; 𝜒2 = 20.26; OR = 1.180, 95%
CI = 1.098–1.269, 𝑃 < 0.0001 by allele; Table 3). Using the
fixed-effect method, our meta-analysis contained 7,588 CHD
patients and 9,711 controls from German, British, Italian,
and Chinese populations. As shown in Figure 2, significant

association was observed between rs2228671 and CHD (𝑃 =
0.0005, OR = 0.83, and 95% CI = 0.75–0.92). In addition, no
heterogeneity among the studies was included in this meta-
analysis (𝐼2 = 0%; Figure 2). Furthermore, no obvious visual
evidence of publication bias in the meta-analysis was shown
by funnel plot (𝑃 > 0.05; Figure 3).

4. Discussion

Aberrant LDLR level in blood can cause abnormal cholesterol
metabolism [2]. As the main pathogenic gene of FH, LDLR
gene is associated with multiple vascular diseases [15, 16, 27].
Polymorphisms of LDLR gene were associated with type
2 diabetes [28] and hypertension [29] that also related to
CHD. Recently, a handful of LDLR polymorphisms have
been studied in CHD, including those (rs14158, rs3826810,
rs1433099, rs2738464, rs2738465, and rs2738466) in the 3-
untranslated region (3-UTR) and rs2228671 in second exon
[30–32]. SNPs in first intron (rs6511720) and 5 flanking
region (rs17248720) of LDLR genewere closely related to both
LDL-C andCHD [33, 34]. Rs1433099 and rs2738466 in the 3-
UTR of LDLR were reported to be associated with baseline
lipids in American population [32]. The T allele of rs2228671
polymorphism was associated with higher FVIII:c levels. In
addition, LDLR rs2228671 may be regulated FVIII:c levels
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Case Control Odds ratio Odds ratioStudy or subgroup
Events Total Events Total Weight M-H, fxed, 95% CI Year M-H, fxed, 95% CI

Ortlepp et al. (2003)
Krawczak et al. (2006)
Samani et al. (2007)
Samani et al. (2007)
Schunkert et al. (2008)
Erdmann et al. (2009)
Martinelli et al. (2010)
Our study (2013)

118

209
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2153 262 2339 28.8% 0.85 [0.70, 1.03] 2006

875 115 1644 9.6% 0.77 [0.55, 1.09] 2007

1913 319 2935 29.0% 0.82 [0.68, 1.00] 2007

281 36 290 4.1% 0.66 [0.38, 1.14] 2008

349 97 850 6.4% 0.87 [0.58, 1.30] 2009

692 34 291 5.4% 0.93 [0.61, 1.43] 2010

162 1 113 0.1% 2.11 [0.22, 20.58] 2013

Total (95% CI) 7588 9711 100.0% 0.83 [0.75, 0.92]
Total events 687 1014

Heterogeneity: 2 = 1.92, df = 7 (P = 0.96); I2 = 0%
Test for overall effect: Z = 3.50 (P = 0.0005)
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Figure 2: Meta-analysis of rs2228671 with CHD.
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Figure 3: Publication bias analysis of 8 studies in the meta-analysis. The Begg’s funnel plot and the Egger’s publication bias plot test also
indicated little evidence of publication bias among studies of rs2228671 and CHD risk (Begg, 𝑃 = 0.536; Egger, 𝑃 = 0.515).

and associated with the independence risk factor (plasma
lipids) of CHD [16].

Our meta-analysis among 17299 individuals showed that
rs2228671-T allele reduced the risk of coronary heart disease
in the combined samples from German, British, Italian, and
Chinese populations (OR = 0.83, 𝑃 = 0.0005). Furthe-
rmore, rs2228671-T allele frequencies in the meta-analysis
among German, British, and Italian populations were 7–
12.2% that is similar to 10% in HapMap CEU population.
However, rs2228671-T allele frequency is 0% inHapMapCHB
population and 0.9% in the controls of our study. Due to the
rare allele of LDLR rs2228671 in our samples, the power of our
case-control study was only 5.1%, in contrast of 100% in the
present meta-analysis.This suggests that a lack of association
in our case-control study may largely be explained by the
insufficient power for this rare polymorphism and the small
sample size. Future investigation on other common LDLR
polymorphisms is worth being performed in a large Chinese
cohort.

Human LDLR is about 43 kb in length and has 1367 active
polymorphism. As shown in our study, the allele frequency
of rs1122608-T is much lower than those in the European
studies; suggesting a cross-population comparison of this
polymorphism may help one understand the role of LDLR in
different ethnic population. Meanwhile, the previous tested
LDLR rs1122608 polymorphism did not yield a significant
result (𝑃 = 0.148) [35], in contrast to a significant result of
rs2228671 in the current study (𝑃 = 0.0005). This suggests
rs2228671 and rs1122608 might exert different contributions
to the risk of CHD.

There were several limitations in our study as follows.
Firstly, most of the involved individuals in our meta-analysis
were Europeans; thus our result might not be applied to other
populations such as Chinese. Secondly, although we had no
evidence of the publication bias in our meta-analysis, we
cannot exclude the possibility of existing potential bias upon
reporting the studies without significant association results.
Last but not least, the power of our case-control study in
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Chinese is only 5.1%. The negative result of rs2228671 might
not represent for other variants of LDLR gene in Chinese
population.

In conclusion, the meta-analysis demonstrated that the
LDLR rs2228671-T allele is a protective factor of CHD
in Europeans. However, the case-control study showed no
significant association of LDLR rs2228671 with CHD in Han
Chinese population.
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[14] H. Schunkert, A. Götz, P. Braund et al., “Repeated replication
and a prospective meta-analysis of the association between
chromosome 9p21.3 and coronary artery disease,” Circulation,
vol. 117, no. 13, pp. 1675–1684, 2008.

[15] J. Erdmann, A. Großhennig, P. S. Braund et al., “New suscepti-
bility locus for coronary artery disease on chromosome 3q22.3,”
Nature Genetics, vol. 41, no. 3, pp. 280–282, 2009.

[16] N. Martinelli, D. Girelli, B. Lunghi et al., “Polymorphisms at
LDLR locus may be associated with coronary artery disease
through modulation of coagulation factor VIII activity and
independently from lipid profile,” Blood, vol. 116, no. 25, pp.
5688–5697, 2010.

[17] S. Cassese, A. deWaha, G. Ndrepepa et al., “Intra-aortic balloon
counterpulsation in patients with acute myocardial infarction
without cardiogenic shock. A meta-analysis of randomized
trials,” American Heart Journal, vol. 164, article e51, pp. 58–65,
2012.

[18] C. Wang, T. Sun, H. Li, J. Bai, and Y. Li, “Lipoprotein lipase
Ser447Ter polymorphism associated with the risk of ischemic
stroke: a meta-analysis,”Thrombosis Research, vol. 128, no. 5, pp.
e107–e112, 2011.

[19] E. Rapaport, R. Bernard, and E. Corday, “Nomenclature and
criteria for diagnosis of ischemic heart disease. Report of the
Joint International Society and Federation of Cardiology/World
Health Organization Task Force on standardization of clinical
nomenclature,” Circulation, vol. 59, no. 3, pp. 607–609, 1979.

[20] L. Excoffier and H. E. L. Lischer, “Arlequin suite ver 3.5: a
new series of programs to perform population genetics analyses
under Linux and Windows,” Molecular Ecology Resources, vol.
10, no. 3, pp. 564–567, 2010.

[21] P. C. Sham and D. Curtis, “Monte Carlo tests for associations
between disease and alleles at highly polymorphic loci,” Annals
of Human Genetics, vol. 59, no. 1, pp. 97–105, 1995.

[22] W. D. Dupont and W. D. Plummer Jr., “Power and sample
size calculations. A review and computer program,” Controlled
Clinical Trials, vol. 11, no. 2, pp. 116–128, 1990.



6 BioMed Research International

[23] D. F. Stroup, J. A. Berlin, S. C. Morton et al., “Meta-analysis of
observational studies in epidemiology: a proposal for report-
ing,” Journal of the American Medical Association, vol. 283, no.
15, pp. 2008–2012, 2000.

[24] J. W. Bisson and V. J. Cabelli, “Membrane filter enumeration
method for Clostridium perfringens,”Applied and Environmen-
tal Microbiology, vol. 37, no. 1, pp. 55–66, 1979.

[25] M. Egger, G. Davey Smith, M. Schneider, and C. Minder, “Bias
in meta-analysis detected by a simple, graphical test,” British
Medical Journal, vol. 315, pp. 629–634, 1997.

[26] R. DerSimonian and N. Laird, “Meta-analysis in clinical trials,”
Controlled Clinical Trials, vol. 7, no. 3, pp. 177–188, 1986.

[27] S. Kathiresan, O. Melander, C. Guiducci et al., “Six new loci
associatedwith blood low-density lipoprotein cholesterol, high-
density lipoprotein cholesterol or triglycerides in humans,”
Nature Genetics, vol. 40, no. 11, pp. 189–197, 2008.

[28] S. H. Wu, Y. Q. Wang, and D. Q. Sun, “The association of
HincII/low density lipoprotein receptor (LDLR) restriction
fragment length polymorphism (RFLP) with diabetes mellitus
and its lipid phenotypewith PCRgene amplification,”Zhonghua
Yi Xue Za Zhi, vol. 73, no. 1, pp. 10–60, 1993.

[29] Y. Yamada, K. Kato, T. Yoshida et al., “Association of polymor-
phisms of ABCA1 and ROS1 with hypertension in Japanese
individuals,” International Journal ofMolecularMedicine, vol. 21,
no. 1, pp. 83–89, 2008.

[30] J. M. Murabito, C. C. White, M. Kavousi et al., “Association
between chromosome 9p21 variants and the ankle-brachial
index identified by a meta-analysis of 21 genome-wide associ-
ation studies,” Circulation Cardiovascular Genetics, vol. 5, pp.
100–112, 2012.

[31] W. Chen, S. Wang, Y. Ma et al., “Analysis of polymorphisms
in the 3 untranslated region of the LDL receptor gene and
their effect on plasma cholesterol levels and drug response,”
International Journal of Molecular Medicine, vol. 21, no. 3, pp.
345–353, 2008.

[32] E. Polisecki, H. Muallem, N. Maeda et al., “Genetic variation
at the LDL receptor and HMG-CoA reductase gene loci, lipid
levels, statin response, and cardiovascular disease incidence in
PROSPER,” Atherosclerosis, vol. 200, no. 1, pp. 109–114, 2008.

[33] F. Takeuchi, M. Isono, T. Katsuya et al., “Association of genetic
variants influencing lipid levels with coronary artery disease in
Japanese individuals,” PLoSONE, vol. 7, Article ID e46385, 2012.

[34] P. Jeemon, K. Pettigrew, C. Sainsbury, D. Prabhakaran, and S.
Padmanabhan, “Implications of discoveries from genome-wide
association studies in current cardiovascular practice,” World
Journal of Cardiology, vol. 3, pp. 230–247, 2011.

[35] L. Zhang, F. Yuan, P. Liu et al., “Association between PCSK9 and
LDLR gene polymorphisms with coronary heart disease: case-
control study and meta-analysis,” Clinical Biochemistry, vol. 46,
pp. 727–732, 2013.



Research Article
Using the Sadakane Compressed Suffix Tree to Solve
the All-Pairs Suffix-Prefix Problem

Maan Haj Rachid,1 Qutaibah Malluhi,1 and Mohamed Abouelhoda2,3

1 KINDI Lab for Computing Research, Qatar University P.O. Box 2713, Doha, Qatar
2 Faculty of Engineering, Cairo University, Giza, Egypt
3 Center for Informatics Sciences, Nile University, Giza, Egypt

Correspondence should be addressed to Qutaibah Malluhi; qmalluhi@qu.edu.qa

Received 16 January 2014; Accepted 10 March 2014; Published 16 April 2014

Academic Editor: Ryuji Hamamoto

Copyright © 2014 Maan Haj Rachid et al. This is an open access article distributed under the Creative Commons Attribution
License, which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly
cited.

The all-pairs suffix-prefix matching problem is a basic problem in string processing. It has an application in the de novo genome
assembly task, which is one of the major bioinformatics problems. Due to the large size of the input data, it is crucial to use fast and
space efficient solutions. In this paper, we present a space-economical solution to this problem using the generalized Sadakane
compressed suffix tree. Furthermore, we present a parallel algorithm to provide more speed for shared memory computers.
Our sequential and parallel algorithms are optimized by exploiting features of the Sadakane compressed index data structure.
Experimental results show that our solution based on the Sadakane’s compressed index consumes significantly less space than the
ones based on noncompressed data structures like the suffix tree and the enhanced suffix array. Our experimental results show that
our parallel algorithm is efficient and scales well with increasing number of processors.

1. Introduction

Given a set 𝑆 of strings 𝑆
1
, 𝑆
2
, . . . , 𝑆

𝑘
, the all-pairs suffix-prefix

problem (APSP) is to find the longest suffix-prefix match for
each ordered pair of the set 𝑆. Solving this problem is a basic
step in the de novo genome assembly task, where the input is
a set of strings representing random fragments coming from
multiple copies of the input genome. These fragments can
be ordered based on suffix-prefix matching and after some
postprocessing, the input genome can be reconstructed.

With the recent advances in high throughput genome
sequencing technologies, the input size became very huge in
terms of the number of sequences and length of fragments.
This calls for both faster and memory efficient solutions for
the APSP problem.

The APSP is a well-studied problem in the field of string
processing. The first nonquadratic solution was introduced
by Gusfield et al. [1]. Their algorithm was based on the
generalized suffix tree and it takes 𝑂(𝑛 + 𝑘2) time and linear
space, where 𝑛 is the total length of all 𝑘 strings. Although the
theoretical bounds of this algorithm are optimal, the cache

performance and space consumption of the suffix tree are
major bottlenecks to solve large size problems (note that the
best implementation of a suffix tree consumes 20 bytes per
input character [2]).

Ohlebusch and Gog [3] introduced a solution to APSP
using the enhanced suffix array [4], which is an index data
structure that uses only 8 bytes per input character. Their
algorithm has the same complexity as that of [1]. Their algo-
rithmhas exploited interesting features of the enhanced suffix
array, which has not only reduced the space consumption
but also improved the cache performance and accordingly
the running time. Experimental results have shown that their
solution is 1.5 to 2 times faster in practice and can indeed
handle large problem sizes.

In an effort to reduce the space consumption of solving
the problem, Simpson and Durbin [5] used the FM index
[6] to solve the problem in an indirect way as follows. The
index is constructed for all strings after concatenating them
in one string. The index is then queried by the reads, one by
one, to find prefix-suffixmatches.The time complexity of this
algorithm is not as optimal as the one of [1, 3], because one
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examines more suffixes than the output size. (This limitation
stems also from the fact that the FM index lacks structural
information to run the algorithms of [1] or [3] on it.) But
its space consumption is much less than that of the previous
algorithms.

In this paper, we present new methods based on the
compressed suffix tree of Sadakane [7] and variations of
the algorithms of [1] and [3]. The compressed suffix tree is
considered as a self-index data structure, because the original
text is already encoded in the index in a compressed fashion
and can be extracted from it; that is, there is no need to keep
the original text in the memory. It is also fully functional
like the uncompressed suffix tree, as it offers the typical suffix
tree operations such as checking if a node is a leaf, moving
to the next sibling, using a suffix link, or even performing
lowest common ancestor queries. Such compressed suffix
tree consumes much less space than the suffix tree and the
enhanced suffix array but more space than the FM index [6],
as it includes additional structural information.

To further speed up the solution of APSP, we introduce
different parallelization strategies to the sequential algorithm
that can be used on multiprocessor shared memory comput-
ers. Our parallelization methods exploit important features
and available operations of the Sadakane’s compressed suffix
tree. Experimental results show that our method is efficient
and scales well with the number of processors.

This paper is organized as follows. In Section 2, the
data structures and the functions used in our solutions
are explained. In Section 4, the two different approaches
for solving APSP using Sadakane index are demonstrated.
Section 5 describes how our solutions can be parallelized, and
finally we show our experimental results and conclusions in
Sections 6 and 7, respectively.

2. Overview

2.1. Basic Notions. We write 𝑆 = 𝑆
1
, 𝑆
2
, . . . , 𝑆

𝑘
to denote a

set 𝑆 of 𝑘 strings. Each string 𝑆
𝑖
is defined over an ordered

alphabet Σ. For strings representing genomic sequences,
Σ = {𝐴, 𝐶, 𝐺, 𝑇}, which is the standard alphabet for DNA
sequence data. We write |𝑆

𝑖
| to denote the length of the string

𝑆
𝑖
and 𝑆

𝑖
[𝑗] to denote the 𝑗th character, where 1 ≤ 𝑗 ≤ |𝑆

𝑖
|.

The 𝑗th suffix of a string 𝑆
𝑖
is the substring 𝑆

𝑖
[𝑗..|𝑆
𝑗
|] and it

is denoted by 𝑆
𝑖
(𝑗). A prefix of length 𝑗 of a string 𝑆

𝑖
is the

substring 𝑆
𝑖
[1..𝑗]. For two strings 𝑆

𝑖
and 𝑆
𝑗
, the longest suffix-

prefix match of the pair (𝑆
𝑖
, 𝑆
𝑗
) is the match with the greatest

𝑟 such that 𝑆
𝑖
[𝑟..|𝑆
𝑖
|] = 𝑆
𝑗
[1..𝑟].

The suffix tree of a string 𝑆 is an index structure in which
each suffix of 𝑆 is stored as a path from the root to a leaf.
Obviously many suffixes will share partial path before they
end in different leaves. Accordingly, the suffix tree of a string
𝑆 has 𝑛 leaves and at most 𝑛 − 1 internal nodes, where 𝑛 = |𝑆|.
Suffix tree can be constructed and stored in linear time and
space ([8, 9]).

2.2. Compressed Suffix Tree. Sadakane’s compressed suffix
tree [7] is composed of three major components.

3
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Figure 1: A generalized suffix tree for the string AAC#GAG$TTA%.
The numbers below the leaves are the text positions for the string
paths which are represented by these leaves.

(i) Compressed suffix array (CSA): the suffix array SA
of a string 𝑆 is an array of integers including the
positions of the lexicographically sorted suffixes of
𝑆; that is, for any two integers 0 ≤ 𝑖


< 𝑖


< 𝑛,
𝑆(SA[𝑖]) is lexicographically less than 𝑆(SA[𝑖]). The
CSA is a compressed version of SAwith reduced space
requirements, which can perform the traditional
suffix array operations with a slight slowdown. The
implementation of Sadakane suffix tree that is used in
our experiments utilizes the CSA presented in [10]. It
is based onwavelet tree [11] built on Burrows-Wheeler
transform [12]. The space consumption of this CSA is
𝑂(𝑛 logΣ).

(ii) The largest common prefix array (LCP): this is an array
of integers in the range 1 to 𝑛 such that LCP [1] =
0 and LCP[𝑖] is the largest common prefix between
SA[𝑖] and SA[𝑖 − 1], where 1 ≤ 𝑖 ≤ 𝑛. The LCP
is also compressed. In the implementation which we
use, LCP is encoded using a technique described by
[7] which can store LCP in only 2𝑛 + 𝑂(𝑛) bits.

(iii) The balanced parenthesis representation (BP): BP of
a tree is generated by traversing the tree in preorder
manner to produce open and closed parentheses.
Initially, BP is empty. Whenever a node is visited,
an open parenthesis, (, is added to BP. Whenever a
node is left, a close parenthesis, ), is added to BP
[13]. Accordingly, each node can be encoded using
2 bits. Since suffix tree has at most 𝑛 − 1 internal
nodes and 𝑛 leaves, BP takes at most 4𝑛 bits. For
example, the BP representation of the tree in Figure 1
is (()()()(()()()())()(()())(()())).

The following BP functions are used in this paper.
(i) Rank

()
(BP, 𝑖): returns the number of occurrences of ()

in BP up to position 𝑖.
(ii) Select

()
(BP, 𝑖): returns the position of the 𝑖th () in BP.

(iii) IsLeaf (𝑖): returns true if the position 𝑖 in BP belongs
to a leaf.

(iv) Parent (𝑖): returns the position in BP for the parent
node of node V, where 𝑖 is the BP position of V.

(v) IsOpen (𝑖): returns true if 𝑖 is a position for an open
parenthesis in BP.

(vi) Edge (𝑖, 𝑑): returns the 𝑑th character of the edge label
of an edge pointing to node V, where 𝑖 is the BP
position of V.
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(vii) Child (V, 𝑐): returns the position in BP for the node 𝑖
which is the child of a node 𝑝, where V is 𝑝’s position
in BP, and there is an edge directed from 𝑝 towards 𝑖
labeled by a string that starts with character 𝑐.

2.3. Constructing Generalized Suffix Tree. To solve the all-
pairs suffix-prefix problem for a set of 𝑘 strings 𝑆

1
, 𝑆
2
,

𝑆
3
, . . . , 𝑆

𝑘
, we build a compressed suffix tree for the string

resulting by concatenating all strings together in one string.
Each two concatenated strings are separated by a distinct
separator. These separators do not occur in any of these 𝑘
strings. For example, if the strings are 𝑆

1
= 𝐴𝐴𝐶, 𝑆

2
=

𝐺𝐴𝐺, 𝑆
3
= 𝑇𝑇𝐴, then we build a compressed suffix tree for

the text AAC#GAG$TTA%, where #, $, and % are the dis-
tinct separators.These separators should be lexicographically
smaller than any character in all strings (i.e., in the alphabet
Σ). Since, in practice, there is a limitation for the number of
available distinct separators, our implementation uses more
than one character to encode a separator. Assuming that there
are 𝑐 distinct characters that can be used for constructing
separators, log

𝑐
𝑘 + 1 characters are needed to encode a

separator in our work.
We use an array 𝑆𝑡𝑎𝑟𝑡𝑃𝑜𝑠 of size 𝑘 to store the starting

positions of the 𝑘 strings. The size of such array is Ω(𝑘 log 𝑛)
bits, where 𝑛 is the size of the whole text. To map each
position to the appropriate string, another array of size 𝑛 is
needed. This array requires space of Ω(𝑛 log 𝑘) bits. To avoid
the expensive cost of this array, a binary search in the array
𝑆𝑡𝑎𝑟𝑡𝑃𝑜𝑠 can be done to retrieve the number of the string to
which a specific position belongs. However, that will increase
the time cost of retrieving the string identifier to 𝑂(log 𝑘)
instead of 𝑂(1) time. It is easy to notice that both arrays are
not necessary if the 𝑘 strings are equal in size. In this case, we
can get the string number to which a position 𝑝 belongs by
simply calculating 𝑝/𝑙, where 𝑙 is the length of each string.

3. Review of the Basic APSP Algorithm

The algorithm of [1] works as follows. First, the suffix tree
is constructed for the string 𝑆 = 𝑆

1
#
1
, 𝑆
2
, . . . , #

𝑘−1
, 𝑆
𝑘
#
𝑘
. The

characters #
1
, . . . , #

𝑘
are distinct and do not exist in any of the

given strings.These distinct characters are further referred to
as terminal characters in this paper. Second, the suffix tree
is traversed to create for each internal node V a list 𝐿V. The
list 𝐿V contains the children of V such that each child 𝑐 is a
leaf, and the label of the edge connecting V to 𝑐 starts with
a terminal character. Third, the suffix tree is traversed in a
preorder fashion once again to report matches according to
the following observation. Consider a leaf such that the string
annotating the edges from the root to it is a complete given
string 𝑆

𝑗
. We call such leaf a prefix leaf. For each node V

𝑟

on the path from the root to the prefix leaf, the prefix-suffix
matches of length |V

𝑟
| are those between each element in 𝐿V𝑟

and 𝑆
𝑗
. Accordingly, in the preorder traversal, we use 𝑘 stacks

representing the given strings and push V
𝑟
in stack 𝑖 if 𝑆

𝑖
is in

𝐿V𝑟 . When reaching a prefix leaf 𝑆
𝑗
, the candidates from all

parent nodes would already be in the stacks and the maximal
matches are those between 𝑆

𝑗
and the top of each stack.

#

%

$

A

#

C# G$

%

Figure 2: The text position for each leaf which has a terminal edge
will be added to the 𝐿 list of the closest ancestor which does not have
a terminal edge pointing to it.

4. Solutions Based on the Compressed
Suffix Tree

4.1. First Method. The compressed suffix tree supports all
necessary informations to run the original Algorithm of [1]
as it is. However, we observe some interesting properties that
could significantly improve the performance of the algorithm
with no additional time or space costs.

For filling the 𝐿V lists, we will not simulate traversal of the
whole tree over the compressed suffix tree. Rather, we will
make use of the BP vector to move from a leaf to another
using the 𝑆𝑒𝑙𝑒𝑐𝑡 function in constant time. Specifically, the
𝑆𝑒𝑙𝑒𝑐𝑡

()
(𝐵𝑃, 𝑖) function will return the position of the 𝑖th ()

which represents a leaf. For each leaf and only if it has a
terminal edge pointing to it (which can be checked using edge
function), we add the text position of that leaf to the 𝐿V list of
the parent of that leaf node. In Figure 1, we give an example,
where the 𝐿 list for node V, which is the fourth child of the
root, has one value 11 that belongs to string 3. Note that we
can safely ignore the first 𝑘-leaves as these correspond to the
terminal suffixes, where the length of each of these suffixes is
a single character (one of the terminal characters).

In the case of using more than one character to encode
a distinct separator, it is possible to have an internal node to
which a terminal edge is pointing (usually only leaves have
this possibility). Accordingly, the text position of a terminal
leaf should be added to the 𝐿 list of its closest ancestor to
which no terminal edge is pointing (see Figure 2). Let 𝑖 be
a BP position of leaf V and 𝑗 is the BP position of V’s parent,
node 𝑧. The pseudocode for the bottom-up traversal:

While 𝑧 is not the root and the edge pointing to 𝑧 is
terminal,

𝑗 = parent (𝑗) . (1)
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(1) 𝑖 =The position in BP of the first child of the root (ignoring children which belong to the distinct separators)
(2) 𝑔 ← 𝑟𝑎𝑛𝑘

()
(𝑖)

(3) 𝑔 ← 𝑔 + 1

(4) while 𝑖 <The position in BP of the rightmostleaf in the tree do
(5) 𝑖 ← 𝑠𝑒𝑙𝑒𝑐𝑡

()
(𝑔)

(6) if The node with the position 𝑖 in BP has a terminal edge then
(7) Add the text position of 𝑖 to 𝐿V where V is the parent of the node which has a position 𝑖 in BP
(8) end if
(9) 𝑔 ← 𝑔 + 1

(10) end while
(11) firstchild =The position of the first child of the root in BP
(12) for 𝑖 = firstchild To rightmostleaf of the tree do
(13) if isLeaf(𝑖) and (𝑖 is a Starting Position in a string 𝑓) then
(14) for 𝑗 = 1 to 𝑘 do
(15) if 𝑗 ̸=𝑓 then
(16) Sol[𝑗, 𝑓] = top(stack(𝑗))
(17) end if
(18) end for
(19) Increment 𝑖 by 1 to avoid the closing parenthesis
(20) else if 𝑖 is an opening parenthesis of an internal node V then
(21) for 𝑗 = 1 to size of 𝐿V do
(22) Push 𝐿V(𝑗) to the corresponding stack
(23) end for
(24) else if 𝑖 is a closing parenthesis of an internal node V then
(25) for 𝑗 = 1 to size of 𝐿V do
(26) Pop 𝐿V(𝑗) from the corresponding stack
(27) end for
(28) end if
(29) end for

Algorithm 1: First method.

In the second stage, we make another scan for the BP
representation from left to right, but this time we move one
by one (parenthesis by parenthesis) instead of jumping from
leaf to leaf. We distinguish 3 cases.

(i) Case 1: if the scanned node is a leaf and it is
representing a starting position of a string 𝑖, then the
top of each stack 𝑗, where 𝑗 ̸= 𝑖 and 1 ≤ 𝑗 ≤ 𝑘, is the
longest suffix prefixmatch between string 𝑖 and string
𝑗 (for a proof, see [1]). We can move one step ahead
since the next parenthesis is the closing parenthesis
of this leaf node (lines 13–19, Algorithm 1).

(ii) Case 2: if we scan an opening parenthesis for an
internal node V, we push each value in the list 𝐿 of
that internal node V to the appropriate stack (which
can be found in log 𝑘 time). We can determine which
stack we should push the value to since this value is
a text position. In Figure 1, the value 11 in 𝐿V will be
pushed to stack 3 (lines 20–23, Algorithm 1).

(iii) Case 3: if we scan a closing parenthesis for an internal
node V, we pop all values that belong to V from the
stacks. We can easily determine which stacks to pop
using 𝐿V (lines 24–28, Algorithm 1).

Algorithm 1 specifies our method based on the com-
pressed suffix tree. Lines 4–10 in Algorithm 1 compute the 𝐿V

lists as described above. We use 𝑘 stacks to keep track of the
leaves. The second loop (lines 11–28 in Algorithm 1) mimics
a preorder traversal. All ancestors of any leaf will be visited
before the leaf itself, which will guarantee that all stacks for
the 𝑘 strings will be filled before checking any leaf with a
starting position. When a leaf with a starting position of a
string 𝑆

𝑗
is reached, the top of each stack 𝑖 will represent

the longest suffix prefix match between string 𝑖 and string 𝑗.
Finally the closing parenthesis for any internal node will be
reached after reaching all leaves in all subtrees of that internal
node which guarantees the appropriate update (pop up) to all
stacks.The two-dimensional array, Sol, will carry the solution
at the end of the second loop.

4.2. Complexity Analysis. The correctness of the algorithm
follows from the proof in [1]. However, in our implemen-
tation, we start the first loop with the 𝑔th leaf. Since 𝑔 is
incremented, we are moving from leaf to leaf until we reach
the rightmost leaf. It is clear that all 𝐿V lists for all internal
nodes will be filled at the end of the loop.

The construction of the generalized suffix tree consumes
𝑂(𝑛 log 𝑛) time [14].We have 𝑛 leaves so we need𝑂(𝑛) time in
the first loop.The second loop requires 3𝑛 steps since we have
2 parentheses for each leaf and 2 parentheses for each internal
node, but we are avoiding the closing parenthesis of any leaf
node by incrementing the counter by 1. In the second loop,
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we will have at most one push and one pop for each leaf so we
have 𝑂(𝑛) time complexity since all index operations which
we are using (like isLeaf, Child, and Parent) have constant
time [7]. The string to which the value on the top of a stack
belongs is known since it is equal to the number of the stack,
accordingly the time for outputting the results is 𝑘2.

As a result, the solution requires𝑂(𝑛 log 𝑛+𝑘2) time.The
complexity stands even without the usage of an array to map
a position to a string (this can be done by using binary search
in 𝑆𝑡𝑎𝑟𝑡𝑃𝑜𝑠 array), since 𝑛 log 𝑘 is less than 𝑛 log 𝑛.

In term of space, we need |𝐶𝑆𝐴| + 6𝑛 + 𝑂(𝑛) bits to
construct the tree, where |𝐶𝑆𝐴| is the size of the compressed
suffix array [7]. Since the total number of all values in all
𝐿 lists is 𝑂(𝑛), we need 𝑂(𝑛 log 𝑛) bits for these lists and
for the stacks. The two arrays which are mentioned in the
end of Section 2 require 𝑂(𝑘 log 𝑛) and 𝑂(𝑛 log 𝑘) which are
both less than𝑂(𝑛 log 𝑛). Accordingly, the solution consumes
𝑂(𝑛 log 𝑛) space.

4.3. Further Space Optimization

4.3.1. Space Optimization 1. It is clear the 𝐿V lists which are
used in this method are very expensive in terms of space.
One way to avoid using them is to scan the leaves once.
For each leaf 𝑒 and only if it represents a complete string 𝑆,
we check every ancestor using the parent function until the
root is reached. For each ancestor, we check every terminal
edge which is coming from it. A terminal edge indicates a
match between a prefix of 𝑆 and a suffix in another string.
Accordingly 𝐿V lists are avoided and so are the 𝑘 stacks. Let ℓ
be themaximum length of all paths from the root to all leaves
(which is usually less than 1500, the maximum length for a
sequence).There are atmost 𝑘 terminal edge for each internal
node, thereby the time consumption will be 𝑂(𝑛 log 𝑛 + ℓ𝑘2).

4.3.2. Space Optimization 2. Another variation for the first
method is to keep the first stage as is, but in the second scan
we check only the leaves. In this variation we will use the
𝐿V lists but we will not use the stacks. If a leaf represents
a complete string 𝑆, we check every ancestor of this leaf.
Since the 𝐿V lists are filled from the first stage, the values
inside the 𝐿V lists of the current internal node are suffix-prefix
matches between 𝑆 and suffixes from other strings. The time
complexity will be the same which is 𝑂(𝑛 log 𝑛 + 𝑘2).

4.4. Second Method. The running time of the previous
method can be improved based on the following two obser-
vations of [3].

(i) All the distinct characters {#
1
, #
2
, . . . , #

𝑘
} exist in

the first 𝑘 slots in the (compressed) suffix array,
because they are lexicographically less than any other
character in the given strings.

(ii) The terminal leaves (suffixes) sharing a prefix of
length 𝜔 exist in the (compressed) suffix array before
the other suffixes sharing also a prefix of length𝜔with
them.

In this method, we scan the BP vector and move from
leaf to leaf using the 𝑆𝑒𝑙𝑒𝑐𝑡 function. When a leaf is visited,
we check if this leaf represents a suffix that is a prefix of
the next leaf in BP. If it is, then it is pushed to the stack of
the string which it belongs to. This continuous pushing is
similar to creating the 𝐿V lists and copying their values to the
appropriate stacks.When a prefix leaf (i.e., corresponding to a
whole given string) is scanned, then all pairwise prefix-suffix
matches are already in the stack. An additional stack is used
to keep track of the match length. Algorithm 2 specifies how
this algorithm works.

As in the first method, we ignore parentheses which
belong to separators using the Child, Rank, and Select
functions.Wemove from leaf to leaf using the Select function
(lines 1–3, Algorithm 2).

To check if a leaf 𝑖 is a prefix of the next leaf 𝑞, we check if
𝑖 is a terminal leaf, and it has the same parent as the next leaf
𝑗 in BP. If this is the case, we push the text position of 𝑖 to the
stack of 𝑆

1
, where 𝑆

1
is the string to which the text position of

𝑖 belongs (lines 32–42, Algorithm 2).
If the text position of 𝑖 is a starting position of a string

𝑆 (which can be verified using a binary search in 𝑆𝑡𝑎𝑟𝑡𝑃𝑜𝑠

array), then the top of each stack 𝑗, where 𝑗 ̸=𝑆 and 1 ≤ 𝑗 ≤ 𝑘,
is the longest suffix prefix match between string 𝑆 and string
𝑗 (lines 7–11, Algorithm 2).

There is one exception for that; if there is a suffix in 𝑗

which matches the string 𝑆 and follows lexicographically the
current suffix.This condition can be checked by investigating
if the 𝑖 and 𝑗 both are terminal leaves, and they have the same
parent. (lines 12–20, Algorithm 2).

The definition of the same parent depends on the number
of characters used to encode the separators; if more than
one character is used, then the parent of a leaf is the closest
ancestor which does not have a terminal edge (Figure 2).

The second method has the same time complexity as
the first method, since the construction of the tree requires
𝑂(𝑛 log 𝑛) time. For space complexity, let ℓ denote the
maximum length of a sequence. We need at most ℓ of 𝐿 lists
to hold at most 𝑛 values. Accordingly, 𝑛 log 𝑘 bits are needed
for all 𝐿 lists.We also need 𝑛 log ℓ bits to store atmost 𝑛 values
in the 𝑘 stacks. Since ℓ is less than 𝑘, the space complexity for
the secondmethod is𝑂(𝑛 log 𝑘), regardless of the usage of the
array to map a position to a string.

5. Parallelizing the Algorithm

In this section, we introduce parallel versions of the above-
described methods for solving the APSP problem.These ver-
sions are for shared memory multiprocessor computers. We
will handle two parallelization strategies: The first, which we
will call top-down decomposition is based on a straightforward
top-down tree decomposition.The second, whichwe call leaf-
decomposition is based on bottom-up decomposition.

5.1. Strategy 1: Top-Down Decomposition. The generalized
suffix tree is divided into 𝑃 subtrees occupying the highest
levels of the tree. These subtrees can be processed indepen-
dently in parallel. For𝑃 processors, we choose𝑃 = 𝛾𝑃, where
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(1) 𝑖 =The position of the first child of the root in BP (ignoring children which belong to the distinct separators)
(2) 𝑔 ← 𝑟𝑎𝑛𝑘

()
(𝑖)

(3) 𝑔 ← 𝑔 + 1

(4) 𝑙𝑒𝑎𝑓𝑛𝑢𝑚 ← 𝑘

(5) for 𝑖 = (BP position of the leaf with rank 𝑔) To (BP position of the rightmost leaf) do
(6) if the text position of 𝑖 is a starting position of the string 𝑓 then
(7) for 𝑗 = 1 to 𝑘 do
(8) if 𝑗 ̸=𝑓 then
(9) Sol[𝑗, 𝑓] = top(stack(𝑗))
(10) end if
(11) end for
(12) if 𝑖 is less than BP position of the rightmost leaf then
(13) 𝑞 is BP position of the node which is next to the one indicated by 𝑖 in BP
(14) while 𝑖 and 𝑞 have a terminal edge, and the same parent do
(15) 𝑆

1
is the string to which the text position of 𝑖 belongs

(16) 𝑆
2
is the string to which the text position of 𝑞 belongs

(17) Sol[𝑆
1
][𝑆
2
] =The ending position of 𝑆

2
− the text position of 𝑞

(18) 𝑞 ← 𝑞 + 2

(19) end while
(20) end if
(21) end if
(22) if 𝑖 is less than BP position of the rightmost leaf then
(23) if LCP(𝑙𝑒𝑎𝑓𝑛𝑢𝑚 + 1) < LCP(𝑙𝑒𝑎𝑓𝑛𝑢𝑚) then
(24) while 𝑡𝑜𝑝(𝑙𝑐𝑝 𝑠𝑡𝑎𝑐𝑘) > LCP(𝑙𝑒𝑎𝑓𝑛𝑢𝑚 + 1) do
(25) 𝑇𝑜𝑝𝐿𝑐𝑝𝑆𝑡𝑎𝑐𝑘 is the top of 𝑙𝑐𝑝 𝑠𝑡𝑎𝑐𝑘

(26) for each element 𝑗 in the list 𝑙[𝑇𝑜𝑝𝐿𝑐𝑝𝑆𝑡𝑎𝑐𝑘] do
(27) Pop the stack[𝑗])
(28) Pop l[𝑇𝑜𝑝𝐿𝑐𝑝𝑆𝑡𝑎𝑐𝑘]
(29) end for
(30) 𝑃𝑜𝑝(𝑙𝑐𝑝 𝑠𝑡𝑎𝑐𝑘)
(31) end while
(32) else if 𝑖 has a terminal edge then
(33) 𝑞 is BP position of the node which is next to the one indicated by 𝑖 in BP
(34) if 𝑞 and 𝑖 have the same parent then
(35) 𝑆

1
is the string to which the text position of 𝑖 belongs

(36) Push(Stack[𝑆
1
], Ending position of 𝑆

1
− Text position of 𝑖)

(37) Push(𝑙[LCP(𝑙𝑒𝑎𝑓𝑛𝑢𝑚 + 1)], 𝑆
1
)

(38) if LCP(𝑙𝑒𝑎𝑓𝑛𝑢𝑚 + 1) ̸=𝑡𝑜𝑝(𝑙𝑐𝑝 𝑠𝑡𝑎𝑐𝑘) then
(39) Push(𝑙𝑐𝑝 𝑠𝑡𝑎𝑐𝑘, LCP(𝑙𝑒𝑎𝑓𝑛𝑢𝑚 + 1))
(40) end if
(41) end if
(42) end if
(43) end if
(44) 𝑙𝑒𝑎𝑓𝑛𝑢𝑚 ← 𝑙𝑒𝑎𝑓𝑛𝑢𝑚 + 1

(45) 𝑔 ← 𝑔 + 1

(46) end for

Algorithm 2: Second method.

𝛾 is a user defined parameter (We usually set it to 1.5). The
roots of these subtrees are maintained in a queue. Whenever
a processor is free, then one subtree is assigned to it. Each
processor executes either Algorithm 1 or Algorithm 2. The
𝑃
 subtrees are selected by breadth-first traversal of the tree.

Over the BP representation, these are selected using the child
function.

ForAlgorithm 1, we should consider the following. Let𝜔
𝑟
,

where 𝑟 ∈ [1..𝑃], denote the string annotating the edges from
the root of the generalized suffix tree to the root of 𝑟th subtree.
Let ℓ = max |𝜔

𝑟
| is the length of the longest 𝜔

𝑟
strings. Here

we distinguish between two cases: (1) the minimum match
length ℓ is larger than ℓ or (2) ℓ is less than ℓ.

For the first case, the subtrees can be easily processed
independently in parallel. The 𝐿V lists on the nodes from the
root of the generalized tree to the roots of the subtrees need
not to be created as the respective nodeswill not be processed.
A processor can start executing on a subtree without filling
the stacks with the values related to its ancestors.

For the second case, we will have some 𝐿V lists that can
be shared among two processors. For reporting the matches,
there is no problem as the 𝐿V lists are read only. For creating
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Figure 3: Each processor is working on one branch of the gener-
alized suffix tree for the string AAC#GAG$TTA%. The numbers
below the leaves are the text positions for the string paths which are
represented by these leaves.

them, however, we need to use only 𝑃 < 𝑃
 processers,

where 𝑃 is the number of 𝐿V lists to be created. The stacks
should be filled first with the values related to the subtree’s
ancestors before executing the algorithm. In our second
algorithm based on [3], the 𝐿V lists are not created and
accordingly the above-two cases can be ignored.

In Figure 3, we give a simple example where only subtrees
from the top level are pushed to the queue. Assuming that
4 processors are utilized for the problem, processor 1 will
work on the first child (we ignored the children which belong
to #, $, and %). Processor 1 will find the answers for string
1 which is starting with an “A,” while Processor 3 which is
working on the third child of the root will find the answers
for string 2 which is starting with a “G.” Processor 4 which is
working on the fourth child of the root will find the answers
for string 3 which is starting with a “T.” Processor 2 is not
going to find any answer since none of the 𝑘 strings start with
a “C.” No communication is required between processors for
execution.

5.2. Strategy 2: Bottom-Up Decomposition. In the previous
algorithm, we cannot guarantee that the subtrees are of equal
sizes.Therefore, we use two tricks. First, we select 𝛾𝑃 subtrees,
in hope of having trees of almost equal size. Second, we used
a queue to keep all processors as busy as possible, which is a
kind of dynamic load balancing.

Interestingly, the structure of CSA allows more robust
strategy which can lead to better performance. The idea is
to distribute the load equally between processors either by
dividing the leaves or by dividing BP between them. Each
processor starts working from the starting point of its share.
It is clear that the situation is not simple; therefore, let us
analyze the content of the stack for an internal node in the
sequential case when the algorithm reaches that node. It can
be observed that the content of each stack is whatever was
pushed when visiting the node’s ancestors. All other pushing
work is irrelevant since it is followed by an equivalent popping
before reaching the node.

Therefore, each processor can start from a specific point
if its stacks are filled with the values which would be in the
stacks if we reach this point while running the sequential
algorithm.

(()()((()()))((()()()(()()))()()((()())))()()(()()))

P1 P2 P3 P4

Figure 4: Each processor is working on its share of BP or the leaves.
The stacks should be filled first for each processor before continuing
with the algorithm.

To apply this concept on the first Algorithm, let us analyze
the two stages for this algorithm. The first stage is relatively
trivial; each leaf, if it has a terminal edge, should push its text
position to the 𝐿 list of its parent (or to the 𝐿 list of the closest
ancestor which does not have a terminal edge pointing to it).
Accordingly, if leaves are distributed between processors, we
will have a relatively fair deal between processors.

In the second stage, BP vector will be divided equally
between processors. Let 𝑖 be the starting parenthesis for the
processor p’s share in BP (if the starting parenthesis is closing
parenthesis, 𝑖 is the first open parenthesis which comes after
the starting parenthesis).The stacks of the processor p should
be filled with whatever values that would be pushed when
passing through the ancestors of 𝑖 if we were working with
the sequential algorithm. The parent function is recursively
called for 𝑖 until the root is reached. For each ancestor of 𝑖, we
scan the children leaves which belongs to separators and push
them in first-in-first-out way into the stacks. Each processor
can then execute the algorithm on its share as if the case is
sequential until the ending point of the processor’s share is
reached. Figure 4 demonstrates the concept of this technique.

In the second algorithm, the 𝑛 leaves are divided between
processors using Rank and Select. Let 𝑒 be the starting leaf
for the processor p’s share. Again, the Parent function is
recursively called until the root is reached. For each ancestor
of 𝑖, we scan the children leaves which belong to separators
and push them in first-in-first-out way into the stacks. The
algorithm then can be executed exactly as the sequential case.

5.3. Managing the Space Overhead. It is clear that both
techniques use 𝑘 stacks for each processer, which may appear
as a problem when a large number of processors are utilized.
The space issue can be solved by implementing the 𝑘 stacks
using an efficient data structure such as balanced binary
search tree instead of using an array of 𝑘 stacks. Another
solution is to use the technique presented in Section 4.3,
which avoids using the 𝑘 stacks.

6. Experimental Results

A summary for the discussed algorithms is shown in Table 1.
Experiments have been conducted to show the gain in space
by comparing the space consumed by Sadakane compressed
suffix tree with the space consumed by a standard pointer-
based suffix tree and enhanced suffix array. We also inves-
tigated the space and time consumed in the overlap stage
of a recent string graph-based sequence assembler called
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Table 1: Comparison between the two methods in term of time and
space complexity. Time and space used for output are ignored.

Algorithm Used data structures Time
complexity

Space
complexity

First method BP and CSA 𝑂(𝑛 log 𝑛) 𝑂(𝑛 log 𝑛)
Second method BP, LCP and CSA 𝑂(𝑛 log 𝑛) 𝑂(𝑛 log 𝑘)

SGA [15]. SGA is a software pipeline for the de novo assembly
of sequencing readsets. The experiments also evaluate the
scalability of the proposed parallel technique and compare it
with the traditional ways to parallelize a suffix tree.

To compare our work with previously presented solu-
tions, we downloaded a solution for all-pairs suffix-prefix
problem using Kurtz implementation for a standard suffix
tree and the implementation presented by Ohlebusch and
Gog for an enhanced suffix array from http://www.uni-
ulm.de/fileadmin/website uni ulm/iui.inst.190/Forschung/
Projekte/seqana/all pairs suffix prefix problem.tar.gz.

SGA can be downloaded from http://github.com/jts/sga/
zipball/master.

In our experiments, the implementation of Sadakane
compressed tree presented byVälimäki et al. ([14, 16]) is used.
This implementation is tested in the work of Gog [17]. It is
available at http://www.cs.helsinki.fi/group/suds/cst/cst v 1
0.tar.gz. We used it to write two C++ solutions for the
APSP problem, compiled with openMP flag to support
multithreading. Our implementation is available for down-
load at http://confluence.qu.edu.qa/download/attachments/
9240580/SADAApsp.zip.

6.1. Experimental Setup. In our solutions, the user can specify
the parallel technique from the command line. For each
algorithm, we implement both bottom-up and top-down
parallelizing techniques. The number of threads can also be
given as a parameter. If the top-down technique is used, the
number of threads should be 4

𝑏, where 𝑏 ≥ 0. Another
parameter is the minimal length to be accepted as a suffix-
prefix match between two strings. Accordingly if the length
of the longest suffix-prefix match between any two strings is
less than the minimal length, then 0 is reported.

In our solution, all strings are concatenated together in
one text to build a generalized suffix tree. To overcome the
limitation of the number of separators, we used 3 characters
to encode enough separators for 𝑘 ≤ 200

3
= 8000000

strings (assuming that a character can encode around 200
separators). Our experiments for the sequential test were run
on machines having Linux Ubuntu version 11.10, 32-bit with
3GB RAM, Intel 2.67GHZ CPU, and 250GB hard disk.

Our results are obtained by running against randomly
generated as well as real data. The random data were gen-
erated by a program that outputs random 𝑘 strings with
random lengths, but with a total length of 𝑛, where 𝑛 and 𝑘
are specified by the user. The random numbers were drawn
from a uniform distribution. The real data, which are the

Table 2: Data sets used in experiments. Sizes in megabytes.

Data Set Type Size Number of
strings

Generated by
a program Random data 10–300 100,000

EST of C. elegans Real data 167 334,465

0

500

1000

1500

2000

2500

10 20 30 40 50 60 70 80 90 200 250 270 300

Suffix tree
Enhanced suffix array
Sadakane compressed suffix tree-method 1
Sadakane compressed suffix tree-method 2
SGA

Sp
ac

e (
M

B)

Text length in million characters

Figure 5:Comparison of space requirements for the three structures
(standard suffix tree, enhanced suffix array, and Sadakane com-
pressed suffix treemethods 1 and 2). In addition, the space consumed
by the overlap stage in SGA is also shown.The used minimal length
is 15.

complete EST database of C. elegans, are downloaded from:
http://www.uni-ulm.de/in/theo/research/seqana. The size of
the total length for the real data is 167,369,577 bytes with
𝑘 = 334, 465 strings. We use the average of 5 readings for
each data point. Table 2 describes our data sets.

To test our parallel technique, we used Amazon Web
services (AWS) to obtain an instance with 16 cores. Our
parallel implementation uses the OpenMP library.

6.2. Experimental Evaluation. Experimental results demon-
strate that the firstmethod uses around one-third of the space
used by a standard pointer-based suffix tree to solve the same
problem, while the second method uses less than one-fifth of
the space consumed by a standard suffix tree (see Figure 5).
We interpret the difference in space consumption between
the two methods as a consequence of the difference in space
complexity and the difference in number of the 𝐿 lists that are
used in the two methods.

However, this gain in space has some consequences.
Figure 6 demonstrates an obvious slowdown of our solution,
which is an expected price to pay as a result of using a
compressed data structure. Nevertheless, we were able to run
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Figure 6: Comparison of time requirements for the three structures
(standard suffix tree, enhanced suffix array, and Sadakane com-
pressed suffix tree methods 1 and 2): we could not run the code to
build a standard suffix tree for a text with a size which is bigger than
80MB or an enhanced suffix tree for a text with a size more than
90MB. The time consumed by SGA in overlap stage is also shown.
The used minimal length is 15.

our tests using Sadakane compressed suffix tree with a text
of a length that is larger than 300MB, while the maximum
size of text which we could run our test on, using a standard
suffix tree or an enhanced suffix array, was 90MB.Therefore,
our solution offers better utilization of space resources and
allows the user to run larger jobs without the need to upgrade
hardware. In addition, our solutions overcome the practical
total number of strings limitation (i.e., 𝑘 is not limited to 200).

Despite the impressive space consumption of SGA, our
solutions consume less time than SGA. In addition, the
performance of SGA depends dramatically on two factors:
themaximum length of a sequence and theminimal length of
a match. Since the time complexity of our solution depends
on 𝑛 where 𝑛 is the total length of all strings, both factors do
not affect the performance in our solutions. Our results show
that SGA fails to create its index for the overlap stage when
ℓ ≥ 4000, where ℓ is the maximum length of a sequence.

The parallel tests show the following: with random data,
all techniques take around 24–26% and 9–11% of the time
required by the sequential test, with 4 and 16 cores, respec-
tively. Figures 7 and 8 show that both techniques demonstrate
good scalability. No significant difference in performance is
observed between the two methods.

With real data, the bottom-up technique achieves a
speedupof 11–13% comparedwith the performance of the top-
down technique. It is also noticable that the second method
[3] consumes with real data more time than the first method
[1] (Figure 9). This is due to the fact that the real data has a
considerable number of strings which are suffixes of others,
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Figure 7: Time requirements for solving APSP for random data
with four different text lengths (10MB, 50MB, 100MB and 300MB),
using top-down technique with 1, 4, and 16 cores.
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Figure 8: Time requirements for solvingAPSP for randomdatawith
four different text lengths (10MB, 50MB, 100MB, and 300MB),
using bottom-up technique and various number of cores.

which causes the special case (exception) in method 2 to
occur frequently.

7. Conclusion

This paper provides two solutions for the all-pairs suffix-
prefix problem using Sadakane compressed suffix tree, which
reduce the expensive cost of suffix tree in term of space. In
spite of significant slowdown in performance, it is clear that
the proposed solutions may be preferred when dealing with
huge sizes of data because of itsmodest space requirement. To
reduce the performance overhead, the paper presented static
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Figure 9: Time requirements for solving APSP for real data (167,369,577 bytes), for bothmethods using top-down and bottom-up techniques.

and newdynamic techniques to parallelize the proposed solu-
tions. The bottom-up technique performs more efficiently
when real data is used, while both techniques perform equally
with random data. The presented solutions are not limited
to cases with a small number of strings. SGA is superior in
terms of space, but it consumesmore time than the presented
solutions and it does not handle sequences which have large
lengths.Thepaper has demonstrated that it is beneficial to use
an enhanced suffix array to solveAPSP. It could beworthwhile
to explore solving the problem using a compressed suffix
array and a compressed largest common prefix (LCP) array
by adapting the algorithm presented by Ohlebusch and Gog,
which makes the topic a good subject for future study.
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[10] V. Mäkinen and G. Navarro, “Succinct suffix arrays based on
run-length encoding,” Nordic Journal of Computing, vol. 12, no.
1, pp. 40–66, 2005.

[11] R. Grossi, A. Gupta, and J. S. Vitter, “High-order entropy-
compressed text indexes,” in Proceedings of the 14th Annual
ACM-SIAM Symposium on Discrete Algorithms (SODA ’03), pp.
841–850, November 1998.

[12] M. Burrows and D. J. Wheeler, “A block-sorting lossless data
compression algorithm,” Tech. Rep., Digital SRC Research
Report, 1994.

[13] J. I.Munro, V. Raman, and S. S. Rao, “Space efficient suffix trees,”
Journal of Algorithms, vol. 39, no. 2, pp. 205–222, 2001.

[14] N. Välimäki, V. Mäkinen, W. Gerlach, and K. Dixit, “Engi-
neering a compressed suffix tree implementation,” Journal of
Experimental Algorithmics, vol. 14, article 2, 2009.

[15] E. W. Myers, “The fragment assembly string graph,” Bioinfor-
matics, vol. 21, supplement 2, pp. 79–85, 2005.



BioMed Research International 11

[16] N. Välimäki, W. Gerlach, K. Dixit, and V. Mäkinen, “Com-
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Background. Several common single-nucleotide polymorphisms (SNPs) at apolipoprotein E (ApoE) have been linkedwith late onset
sporadic Alzheimer’s disease and declining normative cognitive ability in elder people, but we are unclear about their relationship
with cognition in children. Results.We studied −491A/T, −427T/C, and −219G/T promoter polymorphisms and 𝜀2/𝜀3/𝜀4 at ApoE
among children withmental retardation (MR, 𝑛 = 130), borderlineMR (𝑛 = 124), and controls (𝑛 = 334) from an iodine deficiency
area in China.The allelic and genotypic distribution of individual locus did not significantly differ among three groups withMantel-
Haenszel 𝜒2 test (𝑃 > 0.05). However, frequencies of haplotype of −491A/−427T/−219T/𝜀4 were distributed as MR > borderline
MR > controls (𝑃 uncorrected = 0.004), indicating that the presence of this haplotype may increase the risk of disease. Conclusions.
In this large population-based study in children, we did not find any significant association between single locus of the four common
ApoE polymorphisms (−491A/T,−427T/C,−219T/G, and 𝜀2/3/4) andMRor borderlineMR.However, we found that the presence
of ATT𝜀4 haplotype was associated with an increased risk of MR and borderline MR. Our present work may help enlarge our
knowledge of the cognitive role of ApoE across the lifespan and the mechanisms of human cognition.

1. Introduction

Mental retardation (MR) is a condition of neuropsychiatric
dysfunction featured by an impairment of intellectual abilities
and a deficit of adaption to the environment and the social
milieu [1]. Among the complex potential causes ofMR, iodine
deficiency constitutes the world’s greatest single cause of
preventable MR [2]. Children born in iodine deficient areas

are at great risk for loss of intelligence quotient (IQ) caused
by the combined effects of maternal, fetal, and neonatal
hypothyroxinemia [3].

Familial aggregation of MR is common in the Qin-
Ba Mountain region (Qinba) in midwestern China. Our
previous investigation demonstrated that nonspecific mental
retardation (NSMR) in Qinba has a heritability with 58.2%
(Sd = 19.3%) and may be determined by a lot of minor
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effective genes [4]. Numeric associations between general
intelligence and specific single-nucleotide polymorphisms
(SNPs) in several candidate genes involved in brain func-
tion have been reported [5, 6]. Apolipoprotein E (ApoE)
plays an important role in cholesterol transport and plasma
lipoprotein metabolism [7]. Several overlapping functions
have been attributed to ApoE potentially, such as lipid
transport, neuronal repair, dendritic growth, maintenance
of synaptic plasticity, and anti-inflammatory activities [8].
Its potential role in brain functioning is wide ranging. The
common variations of ApoE-𝜀2/3/4, defined by two common
SNPs (rs7412 for ApoE 𝜀2 and rs429358 for ApoE 𝜀4) [9],
are the best established susceptibility gene for late-onset
Alzheimer’s disease (AD) [10, 11]. They were also linked
with declining cognitive ability in older people without
Alzheimer’s disease [12]. The hypothesis that ApoE 𝜀4 is
also associated with cognitive decline in old age has been
investigated in a few studies with inconsistent results. Despite
the existing inconsistency, accumulating evidence or stronger
effect on intelligence was found in the older people; by
contrast, fewer pieces of evidence were found in younger
people. Recently, a few studies have examined the association
between cognition and the commonApoE polymorphisms in
children or younger adults, but the results were inconsistent
[13, 14].

In addition to the ApoE-𝜀2/𝜀3/𝜀4 polymorphisms in cod-
ing sequence, other common polymorphisms in promoter
including −491A/T (numbered relatively to the transcription
start site, rs449647), −427T/C (rs769446), and −219G/T
(rs405509) were linked with the quantitative expression of
ApoE [15, 16] and associated with AD [17–22]. However,
to the best of our knowledge, only one study has looked
into whether these polymorphisms are related to intelligence
in children individually [13]. No study has investigated the
haplotype constituting the polymorphisms in promoter and
ApoE-𝜀2/3/4.Their relationship to intelligence at an early age
is a thought of particular interest, because it would potentially
aid in understanding the role of ApoE for cognitive func-
tioning across the lifespan [14, 23] and the nature of human
cognitive mechanisms.

2. Materials and Methods

2.1. Subjects. Between 1995 and 1998, we carried out an
investigation on MR in two areas with high risk in Qinba
Mountains, Zhashui county and Ankang county. Among the
two counties, some typical villages with high risk of MR
were selected as the target areas in our investigation. All
children aged 0–14 years from these areas (𝑛 = 2974 in
Zhashui and 𝑛 = 2178 in Ankang) were recruited and then
screened by different instruments/scales. Details about the
study design can be found elsewhere [24]. Briefly, based on
the Chinese Classification of Mental Disorders 2nd Revision
and the classification of mental and behavioral disorders
from the World Health Organization (WHO), the clinical
psychiatric pediatricians diagnosed, identified, and classified
the MR or borderline MR in the Qinba region of China.
We also drew family pedigrees to investigate if there existed

possible familial mental retardation. All subjects were Han
Chinese in origin.We also collected peripheral blood samples
from children aged 6–14 years because they were more
collaborated. Blood specimens were saved under −70∘C until
the analysis. The protocol was reviewed and approved by the
Ethical Committee of the National Human Genome Center.
The guardians of all participated children provided written
informed consent.

2.2. Assessment of Mental Retardation. For children aged 6–
14 years, we first screened their intelligence using Chinese
Standardization of Raven’s Standard Progressive Matrices
[25]. If children’s IQ <85, we assessed their adaptive behavior
using Chinese Revised Scale of Social Adaption Ability of
Infant-Junior Middle School Student [26]. For children with
scores of adaption ability ≤9, we reassessed their intelligence
with Chinese-Wechsler Intelligence Scale for Children [27].
MR or borderline MR was finally diagnosed by professional
assessment of intelligence and adaptive behavior according to
the International Classification of Diseases-10 (1990, WHO).

2.3. Genotyping. A total of 588 blood samples were drawn
from children aged 6–14 years withMR (𝑛 = 130), borderline
MR (𝑛 = 124), and non-MR (controls, 𝑛 = 334).

Leukocyte DNA was extracted using a standard phe-
nol/chloroform method. ApoE promoter polymorphisms
−491A/T,−427T/C, and−219G/Twere genotyped via a nested
PCR amplification. Firstly, the parent 1426 bp fragment was
amplified using the primers 5-CAAGGTCACACAGCT-
GGCAAC-3 (forward) and 5-TCCAATCGACGGCTA-
GCTACC-3 (reverse) [17] under the following conditions:
(1) 94∘C for 5min, 1 cycle, (2) 94∘C for 50 s, 65∘C for 50 s, and
72∘C for 1min, 35 cycles, and (3) 72∘C for 10min, 1 cycle and
stored at 4∘C. The PCR product above was then diluted and
used as the templates for the 471 bp fragment amplification
with the primers 5-CACCACGCCTGGCTAACTT-3 (for-
ward) and 5-TCACGAGGTGGGCTGTTCT-3 (reverse)
under the following conditions: (1) 95∘C for 3min, 1 cycle,
(2) 95∘C for 30 s and 68∘C for 1min, 37 cycles, and (3) 72∘C
for 10min, 1 cycle and stored at 4∘C. The PCR products were
subsequently treated according to the standard sequencing
procedure of BigDye Terminator v3.1 Cycle Sequencing
Kit in the PE Applied Biosystem (PE Applied Biosystem)
using either the forward primer or the reverse primer. Elec-
trophoresis was conducted on the ABI PRISM 3100 Genetic
Analyzer (PE Applied Biosystem). ApoE-𝜀2/3/4 genotypes
were determined by sequencing and restriction fragment
length polymorphism (RFLP) as described in our earlierwork
[28].

2.4. Statistical Analysis. Genotype and allele frequencies
of ApoE and promoter polymorphisms were determined
in study groups. Hardy-Weinberg equilibrium and puta-
tive haplotypes estimation analysis for −491A/T, −427T/C,
−219G/T, and ApoE-𝜀2/𝜀3/𝜀4 were calculated using the
software program ARLEQUIN (version 2.0; Genetics and
Biometry Laboratory, University of Geneva, Switzerland)
[29]. All comparisons for differences of allele, genotype, and
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Table 1: Population characteristics according to case and control.

County 𝑁 Sex ratio (F :M) Mean age ± SD

Control Zhashui 250 117/133
9.3 ± 2.8

Ankang 84 37/47

Bordera Zhashui 80 42/38
10.2 ± 2.9

Ankang 44 22/22

MRb Zhashui 73 38/35
10.1 ± 2.8

Ankang 57 27/30
Sum 588 283/305 9.7 ± 2.9

aBorderline mental retardation (border) group.
bMental retardation (MR) group.

haplotype distributions among groups of MR, borderline
MR, and controls were tested with Mantel-Haenszel 𝜒2
test using SAS 9.2 (SAS, Cary, NC). Finally, pairwise link-
age disequilibrium coefficients (𝐷 and 𝑟2) were calculated
using the EMLD program developed by Qiqing Huang
(http://www.mybiosoftware.com/population-genetics/4717).

3. Results

The distributions of gender, age, and counties did not differ
significantly among MR, borderline MR, and controls (𝑃 >
0.05, Table 1).The individual allelic and genotypic frequencies
of −491A/T, −427T/C, −219G/T, and ApoE-𝜀2/𝜀3/𝜀4 by study
groups were shown in Table 2.The distributions of genotypes
of all the selected loci were in Hardy-Weinberg equilibrium
(𝑃 > 0.05). Comparisons among MR, borderline MR, and
control groups with Mantel-Haenszel 𝜒2 test did not find any
significant difference in allele or genotype distributions (𝑃 >
0.05). However, the comparison of the haplotype frequencies
among three study groups revealed that (Table 3) haplotype
between the promoter polymorphisms −491A, −427T, −219T,
and 𝜀4 was significantly associated with the phenotypes
showing the high frequency in MR, lower frequency in
borderlineMR, and the lowest frequency in controls (Mantel-
Haenszel 𝜒2 = 8.09, 𝑃 uncorrected = 0.004). LD between all
possible pairs of the four polymorphisms was calculated and
the pairwise𝐷 and 𝑟2 were shown in Table 4.

4. Discussion

In this study, we investigated if ApoE-𝜀2/3/4 and promoter
polymorphisms of −491A/T, −427T/C, and −219G/T are
associated with the risk of MR in children from the iodine
deficiency area with high prevalence of MR. We did not find
any significant association between individual variation at
four common polymorphisms (−491A/T,−427T/C,−219T/G,
and 𝜀2/3/4) and MR or borderline MR. Interestingly, haplo-
type analysis showed that ATT𝜀4 is associated with increased
risk of MR and borderline MR.

The physiological and pathological roles of ApoE in the
central nervous systems are not entirely clear, but ApoE
protein is produced in abundance in the brain by glia,
macrophages, and neurons [30, 31]. It is well known that
ApoE 𝜀4 is a major genetic risk factor for late onset sporadic

AD [10, 22] and has also been investigated for its association
not only with dementia but also with normative cognitive
development. Most studies have been conducted on adults,
especially on older people, but much fewer studies have
explored the relationship of ApoE and cognition in children.
Several studies on ApoE genotype in relation to cognition in
children showed inconsistent results. Most prior studies in
school-aged children did not find any significant association
with cognitive performance or school assessments, measured
in different ways [5, 13, 14, 32], although one study detected
a significant association with general cognitive factor [33]
and ApoE 𝜀4 predicted higher education in another study
[34]. Cavani et al. investigated the association between ApoE
genotype and MR in Down syndrome patients in 2000
and found no statistical differences between ApoE allele
frequencies of Down syndrome, normal controls, and MR
cases [35]. Our analyses based on individual locus found
null associations with mental retardation, which is consistent
with the prior studies with null associations. Interestingly,
haplotype analysis suggested thatApoEmayhave relationship
with intelligence in children. It may be very well helpful for
future studies to include haplotype analysis.

To the best of our knowledge, our study is the first attempt
to examine haplotype association of ApoE promoter and
𝜀2/3/4 with intelligence in children. Therefore, our analyses
should be considered as exploratory and hypothesis gener-
ating. The association should be interpreted with cautions
although the significance can pass the Bonferroni correction
(threshold = 0.005 = 0.05/10 tests). Due to moderate sample
size, we could not exclude the possibility of chance finding.
An alternative explanation for the positive association is that
our subjects had some specialties compared to other studies.
The samples in the study were recruited from the relatively
isolated iodine deficiency area.The iodine deficient exposure
may bring some new features to increase the feasibility of
detection. The exon 3 of the ApoE gene possesses sequence
homology with coding of the three major thyroid hormone
plasma transport proteins (thyroid-binding globulin (TBG),
transthyretin (TTR), and albumin) [36, 37]. If the ApoE
genotypic variation affects the efficiency of transportation
andmetabolism of thyroid hormone and therefore influences
neuronal cell growth during the first and second trimesters
of fetal development [38, 39], the effect size of association
between ApoE and intelligence can be modified by the expo-
sure of iodine deficiency.This hypothesis needs confirmation
from other studies. On the other hand, MR and borderline
MR can be regarded as extreme outcomes of intelligence.
Using the extreme phenotypes can increase the power to
detect association.

The samples in the study were recruited from the rela-
tively isolated Qinba mountainous area and we did not find
a significant difference in allele frequencies among the two
counties, which indicated lower risk of stratification bias. Due
to the fact of poor education, less developed economy, and
transportation, the area is almost isolated from other areas
and hasmuch less gene flow [28], so the subjects are helpful in
controlling population stratification and have the advantage
from the view of a genetic investigation [40, 41].
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Table 2: Distribution of allele and genotype across ApoE 𝜀2/𝜀3/𝜀4, −491A/T, −427T/C, and −219G/T polymorphisms inMR, borderline MR,
and control.

Loci Allele Genotype
𝑁

a
𝜀2 𝜀3 𝜀4 𝑃

b
𝑁

a
𝜀2+c

𝜀4+c
𝜀3/𝜀3 𝑃

b

𝜀2/𝜀3/𝜀4
MR 260 26 (23.4) 206 (21.4) 28 (26.9)

0.82
130 24 (23.4) 80 (20.3) 26 (28.3)

0.46Borderline MR 248 20 (18.0) 211 (22.0) 17 (16.4) 123a 18 (18.0) 89 (22.5) 16 (17.4)
Control 668 65 (58.6) 544 (56.6) 59 (56.7) 329a 53 (58.6) 226 (57.2) 50 (54.3)

𝑁
a T A 𝑃

b
𝑁

a T/T T/A A/A 𝑃
b

−491A/T
MR 260 3 (14.3) 257 (22.2)

0.21
130 0 (0) 3 (15.8) 127 (22.4)

0.45Borderline MR 248 3 (14.3) 245 (21.1) 124 0 (0) 3 (15.8) 121 (21.3)
Control 668 15 (71.4) 653 (56.7) 334 1 (100) 13 (68.4) 320 (56.3)

𝑁
a C T 𝑃

b
𝑁

a C/C C/T T/T 𝑃
b

−427T/C
MR 260 24 (21.8) 236 (22.1)

0.64
130 1 (14.3) 22 (22.9) 107 (22.1)

0.49Borderline MR 248 20 (18.2) 228 (21.4) 124 0 (0) 20 (20.8) 104 (21.4)
Control 668 66 (60.0) 602 (56.5) 334 6 (85.7) 54 (56.3) 274 (56.5)

𝑁
a G T 𝑃

b
𝑁

a G/G G/T T/T 𝑃
b

−219G/T
MR 260 81 (22.2) 179 (22.0)

0.77
130 16 (26.2) 49 (20.2) 65 (23.6)

0.78Borderline MR 248 72 (19.8) 176 (21.7) 124 10 (16.4) 52 (21.5) 62 (18.9)
Control 668 211 (58.0) 457 (56.3) 334 35 (57.4) 141 (58.3) 158 (57.4)

aCounts of alleles or genotypes may not add up to total due to excluding the individuals genotyped as 𝜀2/4.
b
𝑃 values are fromMantel-Haenszel 𝜒2 test in which MR, borderline MR, and control are ordinal variables.

c
𝜀2+: 𝜀2/𝜀2 + 𝜀2/𝜀3; 𝜀4+: 𝜀3/𝜀4 + 𝜀4/𝜀4.

Table 3: Estimated haplotype frequencies for linkage disequilibrium among ApoE −491, −427, −219, and 𝜀2/𝜀3/𝜀4.

Haplotypea Frequency MR
(𝑁 = 260)

Borderline MR
(𝑁 = 248)

Control
(𝑁 = 668) Mantel-Haenszel 𝜒2 𝑃 valueb

Uncorrected Corrected
ATT𝜀2 0.06 0.07 0.02 0.06 0.0005 0.98 1.00
ATG𝜀3 0.19 0.19 0.22 0.18 0.37 0.54 1.00
ATT𝜀3 0.55 0.51 0.60 0.55 0.40 0.53 1.00
ATT𝜀4 0.07 0.10 0.07 0.05 8.09 0.004 0.02
ACG𝜀2 0.02 0.01 0.06 0.02 0.03 0.87 1.00
ACG𝜀3 0.06 0.08 0.01 0.07 0.07 0.80 1.00
aHaplotypes are from alleles of 4 polymorphisms: ApoE −491, −427, −219, and 𝜀2/3/4. Only the haplotypes with frequency 0.01 and higher are shown.
bCorrected 𝑃 value according to Bonferroni correction (6 tests).

Table 4: Pairwise linkage disequilibrium (𝐷/𝑟2) of −491A/T, −427T/C, −219T/G, and 𝜀2/𝜀3/𝜀4 polymorphisms.

SNPs LD estimate (𝐷 or 𝑟2) for marker pair
−491A/T −427T/C −219T/G 𝜀2/𝜀3/𝜀4

−491A/T — 0.921 0.241 0.216
−427T/C 0.002 — 0.895 0.589
−219T/G 0.001 0.171 — 0.286
𝜀2/𝜀3/𝜀4 0.001 0.075 0.049 —
The standardized𝐷 values are shown above the diagonal, and the 𝑟2 values are shown below the diagonal.
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5. Conclusions

In summary, in this large population-based study, we did
not find any significant association between single locus of
the four commonApoE polymorphisms (−491A/T, −427T/C,
−219T/G, and 𝜀2/3/4) and MR or borderline MR in children.
However, we found that the presence of ATT𝜀4 haplotypewas
associated with an increased risk of MR and borderline MR.
Our present workmay help enlarge our knowledge of the role
of ApoE in cognitive functioning across the lifespan and the
mechanisms of human cognition.
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R. Poledne, “A possible role of apolipoprotein E polymorphism

in predisposition to higher education,”Neuropsychobiology, vol.
43, no. 3, pp. 200–203, 2001.

[35] S. Cavani, A. Tamaoka, A. Moretti et al., “Plasma levels of
amyloid beta 40 and 42 are independent from ApoE genotype
and mental retardation in Down syndrome,” American Journal
of Medical Genetics, vol. 95, no. 3, pp. 224–228, 2000.

[36] S. Benvenga, “A thyroid hormone binding motif is evolutionar-
ily conserved in apolipoproteins,”Thyroid, vol. 7, no. 4, pp. 605–
611, 1997.

[37] S. Benvenga, H. J. Cahnmann, D. Rader, M. Kindt, and J.
Robbins, “Thyroxine binding to the apolipoproteins of high
density lipoproteins HDL2 and HDL3,” Endocrinology, vol. 131,
no. 6, pp. 2805–2811, 1992.

[38] S. Benvenga,H. J. Cahnmann, and J. Robbins, “Characterization
of thyroid hormone binding to apolipoprotein-E: localization
of the binding site in the exon 3-coded domain,” Endocrinology,
vol. 133, no. 3, pp. 1300–1305, 1993.

[39] C. Xue-Yi, J. Xin-Min, D. Zhi-Hong et al., “Timing of vulner-
ability of the brain to iodine deficiency in endemic cretinism,”
The New England Journal of Medicine, vol. 331, no. 26, pp. 1739–
1744, 1994.

[40] S. Shifman and A. Darvasi, “The value of isolated populations,”
Nature Genetics, vol. 28, no. 4, pp. 309–310, 2001.

[41] T. Laitinen, “The value of isolated populations in genetic studies
of allergic diseases,” Current Opinion in Allergy and Clinical
Immunology, vol. 2, no. 5, pp. 379–382, 2002.




