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With the explosively increasing high-throughput omics data,
it is highly desired to develop effective computational meth-
ods and tools that canmine useful information to support the
development of biochemistry, biomedicine, and drug design.
Furthermore, in order to understand the protein-protein,
protein-D/RNA, and other complex interactions, systems
biology approaches are applied.

In this collection, diverse topics were covered and there
are many novel methods and intriguing findings.

Y. Jiang et al. compared the gene expressions among the
colorectal cancer patients in different stages and obtained
the early and late stage biomarkers. Then, these two kinds of
biomarkers were both mapped onto the protein interaction
network, and the signal propagation path from the early
stage biomarker to the late one was identified. Their findings
may provide useful insights for revealing the mechanism of
colorectal cancer progression at the cellular systems biology
level.

L. N. Lili et al. investigated the process of stroma acti-
vation in human ovarian cancer by molecular analysis of
matched sets of cancer and surrounding stroma tissues. They
found that functionally significant variability exists among
ovarian cancer patients in the ability of the microenviron-
ment to modulate cancer development.

B. Yang et al. constructed a network-based inference
framework for identifying cancer genes from gene expression
data. Six identified genes (TSPYL5, CD55, CCNE2, DCK,
BBC3, and MUC1) susceptible to breast cancer were verified

through the literature mining, GO analysis, and pathway
functional enrichment analysis.

Lung cancer is one of the most malignant cancers. B.
Q. Li et al. identified 25NSCLC and 38 SCLC genes with
the shortest path approach in PPI networks. These candidate
genes contained more cancer genes and more functional
similarity with cancer genes than those identified from the
gene expression profiles.

A. R. Iskandar et al. evaluated the perturbation of xeno-
biotic metabolism in response to cigarette smoke exposure
in nasal and bronchial tissues. Their observation suggested
that the effects of cigarette smoke exposure on the xenobiotic
responses in the bronchial and nasal epithelium of smokers
were similar to those observed in their respective organotypic
models exposed to cigarette smoke, and nasal tissue could
be a used as a reliable surrogate to measure the xenobiotic
responses in the bronchial tissue.

E. G. Maiorov et al. identified interconnected markers for
T-cell acute lymphoblastic leukemia (T-ALL).Their identified
genes may serve as biomarkers, alternative to the traditional
ones used for the diagnosis of T-ALL, and help understand
the pathogenesis of the disease.

M. Kalita et al. used a multiplex gene expression profil-
ing platform to investigate the perturbations of the innate
pathways induced by TGF in a primary airway epithelial cell
model of epithelial mesenchymal transition (EMT). Their
results indicated that epigenetic changes produced by EMT
induce dynamic state changes of the innate signaling pathway.
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C. Lu et al. studied the functions of microRNAs related
to the liver regeneration of the whitespotted bamboo shark,
Chiloscyllium plagiosum. Their work deepened the under-
standing of mechanisms of liver regeneration and resulted
in the addition of a significant number of novel miRNAs
sequences to GenBank.

T. Alioto et al. presented a lightweight pipeline for first-
pass gene prediction on newly sequenced genomes. The two
main components are ASPic, a program that derives highly
accurate, albeit not necessarily complete, EST-based tran-
script annotations from EST alignments. The other compo-
nent is GeneID, a standard gene prediction program, which
we have modified to take as evidence intron annotations.
The pipeline was successfully tested on the entire C. elegans
genome and the 44 ENCODE human pilot regions.

J. Zou et al. reviewed advanced systems biology methods
in drug discovery and translational biomedicine.Their review
provided a framework for addressing diseasemechanism and
approaching drug discovery.

L. Chen et al. proposed a computational method to pre-
dict the side effects of drugs, which integrated the informa-
tion of chemical-chemical and protein-chemical interactions.
Compared to most of the previous studies, the proposed
method can provide the order information of the side effects
for any query drug.

K. Wang et al. proposed an accurate method for protein-
ligand binding site on protein surface using SVM and statis-
tical depth function. The accuracy, sensitivity, and specificity
on training set are 77.55%, 56.15%, and 87.96%, respectively,
and on the independent test set the accuracy, sensitivity, and
specificity are 80.36%, 53.53%, and 92.38%, respectively.

K. K. Tseng et al. presented a new system and novel
approaches to classify different kinds of sperm images in
order to assess their health. In their evaluation, the method
reached accuracy of 87.5% and has better performance than
the existing approaches to sperm classification.

A rapid method is required to mitigate complexity and
computation challenges on high throughput protein identifi-
cation. In Method for Rapid Protein Identification in a Large
Database, an accelerated open method is presented by W.
Zhang et al. to satisfy this requirement to some extent.

Q. Zou et al. proposed a novel method for distinguishing
cytokine from other proteins. It is of vital importance of iden-
tifying cytokine in silicon. Ensemble classification strategy
was employed for improving the prediction performance, and
a friendly prediction web server was also developed.

Du and Yu introduced a novel method, SubMito-PSPCP,
which embeds the PSSM into the pseudoamino acid compo-
sitions, to predict protein submitochondrial locations.

T. Gu et al. applied the Support Vector Regression and a
two stage feature selection to developing the computational
model which maps DPP-IV inhibitors to the activity. They
also developed the online server.

Based on nonlinear mapping and Coulomb function,
X. Liu et al. applied 3D kernel approach to predict the
four protein tertiary structural classes and five membrane
protein types with satisfactory results. It has not escaped our
notice that kernel approaches may hold a high potential for
predicting the other protein features.

T. H. Zhao et al. proposed a new method to predict
protein disordered regions based on sequence features. The
accuracy and MCC (Matthew’s correlation coefficient) of
theirmethod are higher than three popular disordered region
predictors: DISOPRED, DISOclust, and OnD-CRF.

M. S. M. Ali et al. studied the structure and function of
LipA8 which is able to adapt to extreme temperatures. Simu-
lations show that it is most stable at 0∘C and 5∘C. In extreme
temperature, the catalytic domain (N-terminus) maintained
its stability than the noncatalytic domain (C-terminus), but
the noncatalytic domain showed higher flexibility than the
catalytic domain.

A Boolean network (BN) is widely used as a model of
gene regulatory networks. K. Kobayashi et al. proposed a BN
model with two types of the control inputs and an optimal
control method with duration of drug effectiveness.The opti-
mal control problem is reduced to an integer programming
problem.

J. Zhang et al. studied themicroRNA-mediated regulation
in biological systems with oscillatory behavior. They started
with two specific microRNA-mediated regulatory circuits
which show their fine-tuning roles in the modulation of
periodic behavior and then applied these results to study the
effects of miR369-3 regulation of cell cycle.

B. Yan et al. developed a mathematical model to study the
mechanisms underlying the size checkpoint in fission yeast.
They found that when the spatiotemporal regulation is cou-
pled to the positive feedback loops, the mitosis-promoting
factor (MPF) exhibits a bistable steady-state relationship with
the cell size. The switch-like response from the positive
feedback loops naturally generates the cell size checkpoint.

Detection of potential siRNA off-targets is crucial for
High Content Screening (HCS) using small interfering RNAs
(siRNAs). S. Das et al. performed a detailed off-target analysis
of three most commonly used kinome siRNA libraries based
on latest RefSeq version and created SeedSeq database, a new
unique format to store off-target information.

L. Zhu et al. systematically investigated the charac-
teristics and evolutionary pattern of actin gene family in
primates. Phylogenetic analysis of 233 actin genes in human,
chimpanzee, gorilla, orangutan, gibbon, rhesus monkey, and
marmoset genomes showed that actin genes in the seven
species could be divided into two major types of clades:
orthologous group versus complex group. Codon usages and
gene expression patterns of actin gene copies were highly
consistent among the groups because of basic functions
needed by the organisms but much diverged within species
due to functional diversification.

J. Ping et al. performed long time-scalemolecular dynam-
ics simulations on both open and closed states of Escherichia
coli adenylate kinase (ADK); based on which a conforma-
tional selectionmechanismwas proposed to explain the large
scale domain motion of this enzyme.

Yudong Cai
Tao Huang
Lei Chen
Bin Niu
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New genomes are being sequenced at an increasingly rapid rate, far outpacing the rate at which manual gene annotation can be
performed. Automated genome annotation is thus necessitated by this growth in genome projects; however, full-fledged annotation
systems are usually home-grown and customized to a particular genome. There is thus a renewed need for accurate ab initio gene
prediction methods. However, it is apparent that fully ab initiomethods fall short of the required level of sensitivity and specificity
for a quality annotation. Evidence in the form of expressed sequences gives the single biggest improvement in accuracy when used
to inform gene predictions. Here, we present a lightweight pipeline for first-pass gene prediction on newly sequenced genomes.
The two main components are ASPic, a program that derives highly accurate, albeit not necessarily complete, EST-based transcript
annotations from EST alignments, and GeneID, a standard gene prediction program, which we have modified to take as evidence
intron annotations. The introns output by ASPic CDS predictions is given to GeneID to constrain the exon-chaining process and
produce predictions consistent with the underlying EST alignments. The pipeline was successfully tested on the entire C. elegans
genome and the 44 ENCODE human pilot regions.

1. Introduction

Despite great efforts over the last ten years in computational
gene prediction, translating a genome to a set of exon-intron
structures and the proteins they encode is still a challenging
task. The falling costs of traditional DNA sequencing and
the development of next-generation sequencing technologies
is leading to an accelerated number of complete genome
sequences [1]. The sheer number of genomes sequenced
argues for a real and continued need to design accurate
computational tools for gene finding, the basic requirement
being a first-pass set of reliable protein coding gene models
[2].

Once the genomic sequence of a given organism has
been completed, a common approach for annotating genes
encoding proteins involves using ab initio or de novo gene

prediction programs [2, 3]. Ab initio gene finders in fact
allow quick and cost-effective analyses—a genome-wide set
of vertebrate genes can be determined in only a few hours,
for instance [4]. Many such programs are based on hidden
Markov models (HMMs) and need to be trained before their
application [2–7]. Capturing all gene features of an organism
in a reduced training set is not a feasible task and thus, the
accuracy of ab initio gene finders is mainly limited to the
quality and size of the training set. Nonetheless, it is almost
always that gene predictions obtained using ab initio systems
represent the starting point for annotating newly sequenced
genomes [2, 3].

Given the limited nature and accuracy of ab initio gene
finders [8], new computational tools have been developed
which take into account external evidence [2, 3, 9]. Methods
based on comparative genomics have proven to be more
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accurate than previous systems even though they require that
informant genomes be spaced at evolutionarily appropriate
distances [10–12]. Newly sequenced genomes, however, do
not always have an appropriately closely related genome avail-
able, reducing the global performances of such comparative
methods. The recently sequenced grape genome [13], for
instance, is not as strictly related to other available dicot
plant genomes (such as Arabidopsis thaliana [14] or Populus
trichocarpa [15] or Lycopersicon esculentum [16]) as those
of human and mouse are to each other. However, during
the last few years, methods using multiple genomes, which
specifically take into account their evolutionary relation-
ships, have been developed and are only beginning to show
improvements over dual-genome prediction methods [11].

As emerged from the ENCODE Genome Annotation
Assessment Project (EGASP) [8, 17], a community experi-
ment to access the state of the art in genome annotation
within the human ENCODE regions [18–20], programs
relying on extrinsic evidence such as expressed sequence
tags (ESTs) or mRNA sequences were found to be the most
accurate in reproducing the manually curated annotations
[8]. ESTs are in fact an invaluable source of evidence for the
detection of exon-intron boundaries and likely alternative
splicing variants [21]. Current methods for predicting genes
using ESTs generally work by first performing an alignment
of expressed sequence tags onto a target genomic region and
then combining the alignment results with ab initio gene
predictions [22]. However, the inclusion of EST alignments
into HMM-based systems is not a simple task due to the
requirement that alignments must be incorporated into the
model in a probabilistic way, often leading to only negligible
performance gains. A new version of HMMGene using
EST evidence, for example, reported no improvement in
predictions for Drosophila melanogaster [23]. Only meth-
ods combining EST alignments and comparative genomics
such as TWINSCAN EST or N SCAN EST and the recent
Pairagon-N SCAN EST proved to be the most accurate in
predicting exact exon-intron structures [8, 11, 24]. However,
apart the fromavailability of one ormore informant genomes,
their approach to integrate information from EST alignments
needs a training step. Also in this case, the quality and size of
the training set may reduce the benefit due to ESTs, especially
when they are used to predict genes in novel genomes with
a limited amount of expression data. These limitations have
been partially avoided by methods that use EST alignments
to simulate the manual annotation. Exogean, for instance, is
a program appropriately designed to employ EST or mRNA
alignments as biological objects in a directed acyclic colored
multigraphs (DACMs) [25]. Although Exogean has been
indicated as one of the most accurate programs in predicting
correct coding genes in EGASP project [8], it is subjected to
strong limitations. A reduced number of available ESTs in fact
may preclude gene prediction in genomic regions not covered
by expression data.

In light of what has been previously discussed, we report
here a simple and accurate method called ASPic-GeneID to
improve gene prediction while maximizing the information
gained from expressed sequence tags. Alignments of EST
sequences to the genome are particularly good at pinpointing

the location of splice sites and intronic sequence. Such introns
can be easily used as evidence to improve the chaining of ab
initio predicted exons, thus making gene models more accu-
rate. Our procedure does not require complex probabilistic
models and it is completely independent of EST training sets.
Intronic sequences are directly inferred from expression data
by means of the program ASPic [26, 27], whereas both the ab
initio exon predictions and the gene assembly are performed
using the GeneID software [28, 29]. Since ASPic is also able
to detect the most likely transcript variants for a gene, we
propose here two simple extensions to ASPic-GeneID that
allow the prediction of alternative splicing transcripts.

We have tested ASPic-GeneID on the entire C. elegans
genome (WS147) and the 44 human ENCODE regions and
compared the results to those of programs representing the
state of the art in nematode and human gene prediction.
Our results suggest that ASPic-GeneID is a real and practical
alternative to very complex pipelines that currently require all
available evidence to obtain the same values of specificity and
sensitivity.

In the next section, we explain in detail the methodology
behind ASPic-GeneID and its implementation. Finally, we
focus on ASPic-GeneID predictions on the human ENCODE
regions and on the C. elegans genome.

2. Materials and Methods

2.1. The ASPic-GeneID Pipeline. ASPic-GeneID represents
the integration of two complementarymethods for predicting
gene structures in a target genome: the ab initio gene
predictorGeneID [28], and the alternative splicing prediction
program ASPic [26, 27]. Given intronic locations deduced
from alignment of expressed sequence tags (ESTs) to the
genome, ASPic-GeneID attempts to predict complete gene
structures in the target genome sequence.

The first component of the pipeline is ASPic, a method
to predict alternative splicing isoforms expressed by a gene
and their exon-intron organization at the genomic level
through the information provided by available expression
data, mostly EST sequences [26, 27]. In contrast with the
majority of other tools for the analysis of alternative splicing,
ASPic performs a multiple alignment of transcript data to
the genomic sequence and refines exon-intron boundary
alignments through dynamic programming [27]. Such tech-
niques improve the quality of the splice site predictions
by minimizing the number of false positives. ASPic also
provides the minimal set of nonmergeable transcript variants
compatible with the detected splicing events [27].

The other component of the pipeline is GeneID, a well-
known ab initio gene finder that predicts and scores all
potential coding exons along a query genomic sequence [28].
From the set of predicted exons, GeneID assembles the gene
structure maximizing the sum of the scores of the assembled
exons using a dynamic programming chaining algorithm
[28]. The hierarchical structure of the program separates the
problem of exon assembly from the prediction of coding
exons along a given query genomic sequence. Simple rules
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Intron IntronGeneID ab initio

ASPic-GeneID

Figure 1: Graphical overview of ASPic-GeneID. In the absence of ASPic introns, the dynamic programming algorithm implemented in
GeneID (called Genamic) assembles the most likely gene structure according to frame-compatible exons with the highest combined score.
When ASPic introns are provided, they act as anchors in the chaining of exons so that exons with intron-compatible splice sites are always
joined together if they conform to a valid gene model. In this hypothetical example, the “First” exon with the highest score (in orange) is
replaced by the one with the lowest score (in blue), but which possesses an ASPic intron-compatible splice site (in red).

describing the relationships among initial, internal, and ter-
minal exons as well as other gene signals (poly-adenylation,
etc.) have to be imposed in an appropriate and organism-
specific external parameter file in order to infer the most
likely gene structures [28].

Current ab initio gene finders, including GeneID, suffer
from both low specificity (they tend to predict too many
genes and exons) and less than perfect sensitivity (correct
exons may be predicted with low scores and consequently
excluded from the final gene structures), leading to inaccurate
predictions.

To improve both sensitivity and specificity of exon/tran-
script prediction, our novel procedure implemented in
ASPic-GeneID is designed to improve the chaining of
inferred GeneID exons by introducing constraints during
gene assembly. We surmised that a good constraint candidate
would be introns with reliable splice sites such as those pre-
dicted by ASPic. ASPic introns, in fact, are directly deduced
from expression data and, thus, they constitute an invaluable
source of evidence. We have introduced changes in GeneID
so that the optimal path through the dynamic programming
matrix is one which maximizes the number ASPic-inferred
introns incorporated into the predicted transcript models. In
other words, given a set of evidence introns, GeneID tries
to join potential exons that have splice sites compatible with
these introns (Figure 1).

2.2. Running ASPic-GeneID. Given a query genomic
sequence (whether it is a single gene or a chromosome or a
complete genome) and a collection of EST and/or mRNA
sequences belonging to the same organism, we map all
expressed sequences to the query sequence usingGMAP [30],
a computational tool specifically designed to reliably align a
large number of ESTs and mRNAs to a genomic sequence.
It has been shown that GMAP outperforms BLAT, which is
another program widely used for the same purpose [30, 31].
The corresponding software has been downloaded from the
website of the author (http://research-pub.gene.com/gmap/)
and run with default parameters. Results of GMAP are then
parsed to obtain clusters of ESTs and/or mRNAs related to

specific regions of the query sequence. During the parsing
only alignments with a minimum identity of 95% (98% in
human) and EST coverage greater than 90% are retained.
Each EST cluster should correspond to a specific gene.
However, we may expect that different genes, depending on
their peculiar expression profile are represented by clusters
of different sizes or are not represented at all.

To construct clusters, we first collect overlapping ESTs
and/or mRNAs according to GMAP coordinates on the
genomic sequence and then we address compatible ESTs
to the same cluster. Two ESTs or mRNAs are assumed
to be compatible if they have at least one splice site in
common, allowing a minimal mismatch around exon-intron
boundaries in order to overcome potential GMAP misalign-
ments or EST sequencing errors. In the case of unspliced
ESTs, they are added to the relevant cluster according to
mapping coordinates and strand. Each EST cluster and the
mapping genomic sequence, form the input used by ASPic,
run with default parameters, to predict introns. Depending
on the coverage of the gene region by EST sequences, ASPic
also provides a more or less reliable prediction of potential
alternative transcripts.

After each ASPic run, we parse the corresponding output
in order to collect all predicted introns in the general feature
format [32]. The intron evidence is then given to GeneID
which then predicts the most likely gene structures given
this evidence and its statistical models for signals and coding
sequence. The source code of GeneID has been updated in
order to incorporate GeneID into the ASPic-GeneID context,
in particular to accommodate the use of introns as evidence.
A small adjustment has also been made to the parameter file
in order to add introns to the gene model for the dynamic
programming module implemented in GeneID.

We have written simple Python and Perl scripts to per-
form all the components of the ASPic-GeneID analysis trans-
parently: the parsing of GMAP results, the generation of ESTs
clusters, the ASPic intron predictions, and finally the GeneID
predictions.
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ASPic-GeneID has essentially no limits with respect
to the length of the input sequence or the number of
related ESTs. It can handle chromosomes as well as complete
genomes.

2.3. Implementing the Alternative Splicing Prediction. The
running of ASPic-GeneID as previously described allows the
prediction of only one transcript per gene locus. Although
this limitation should not reduce the gene prediction accu-
racy of our system in genomes with a low prevalence of alter-
native splicing, it is expected to affect the global performance
in the case of genomes from organisms in which alternative
splicing is a widespread phenomenon.

To overcome this limitation, we have implemented two
extensions of ASPic-GeneID which allow for the prediction
of alternative transcripts. In the first procedure, which we
call ASPic-GeneID AS1, we map ESTs to a query sequence
using GMAP and then build EST clusters related to specific
gene regions using exactly the same methodology as above.
To each cluster and gene region we apply ASPic and collect in
two separate files in GFF format all inferred introns and tran-
scripts. Introns are used as evidence to run ASPic-GeneID
as previously described and to obtain an initial gene set
without alternative splicing. After that, all predicted ASPic-
GeneID genes that overlap transcripts deduced by ASPic
are removed. The remaining genes are then combined with
transcripts inferred by ASPic to produce the final gene set. In
this way, we employ ASPic alternative transcript predictions
for all genomic regions fully covered by ESTs and/or mRNAs
and ASPic-GeneID predictions for the remaining genomic
regions partially covered or not covered by expression data.

In the second procedure, which we call ASPic-
GeneID AS2, we again map expression data to the query
sequence using GMAP and run ASPic on each EST/mRNA
cluster to collect deduced introns and full-length transcripts
in GFF format. From each ASPic transcript we extract the
longest open reading frame. Overlapping ASPic CDSs are
then assigned to separate bins, where the number of bins
used corresponds to the number transcripts belonging to
the locus with the highest number of alternative transcripts.
In order to maximally cover the genome, for loci with
fewer transcripts than there are bins, ASPic CDS spans are
reassigned to empty bins. We then run GeneID on each bin
using both ASPic CDS and unassociated introns as evidence.
Finally, we remove redundant identical transcripts from the
combined predictions of each run of GeneID to produce a
final gene set.

Relationships between ASPic and GeneID are shown in
Figure 2. When GeneID uses only ASPic introns we have
ASPic-GeneID predictions without alternative splicing. In
contrast, when ASPic transcripts are used in combination
with ASPic-GeneID we have ASPic-GeneID AS1 and ASPic-
GeneID AS2 predictions with alternative splicing (Figure 2).

2.4. Sequence and Prediction Sets. The C. elegans genome
sequence version WS147 was downloaded from the Worm-
Base website (http://www.wormbase.org/). Gene predictions
from several other ab initio gene finders such as Genefinder

ESTs GMAP

ASPic

Introns CDSs Intron
sets

GeneID GeneID

ASPic-GeneID
predictions

ASPic-
GeneID AS2
predictions

ASPic-
GeneID AS1
predictions

Figure 2: Relationship between ASPIC and GeneID predictions.
ASPIC predicts both introns and full-length transcripts. When
ASPIC introns are given to GeneID, we obtain ASPIC-GeneID
predictions without alternative splicing. In contrast, when ASPIC
transcripts are used, we can predict alternative variants in two ways.
The first combining ASPIC transcripts and nonoverlapping ASPIC-
GeneID predictions and the second giving ASPIC transcripts to
GeneID as evidence and then removing redundant predictions.

(release 980504; P. Green, unpublished), FGENESH, and
SNAPwere downloaded from the Sanger Centre (http://www
.sanger.ac.uk/Software/analysis/genomix/). TWINSCAN
and TWINSCAN EST predictions were downloaded from
http://mblab.wustl.edu/. All available C. elegans ESTs and
mRNAs have been retrieved from the Unigene database.
We use Unigene sequences instead of dbEST sequences
because Unigene sequences are filtered to avoid redundant
and erroneous ESTs.

All 44 human ENCODE regions were downloaded
from the UCSC genome browser (http://genome.ucsc.edu/)
according to the human genome assembly hg17. Pre-
dictions from diverse gene finding programs belonging
to different EGASP categories (ab initio, ESTs, mRNAs,
and proteins based, all evidence based) were downloaded
from the official EGASP repository (http://genome.imim
.es/datasets/egasp2005/). The complete list of programs used
in the evaluation is available in Table 2.

All human ESTs and mRNAs related to the 44 ENCODE
regions were downloaded from GenBank according to their
accession numbers retrieved from the Otter database [33].

2.5. Evaluation. Annotated C. elegans CDSs (WS147) were
downloaded from WormBase. ASPic-GeneID predictions
(including those from ASPic-GeneID AS1 and ASPic-
GeneID AS2) as well as other predictions from different
gene finding systems were evaluated against the annotation
using an evaluation program written in Perl (Eduardo
Eyras, personal communication), which takes into account
alternative transcripts.

Briefly, the evaluation.pl program compares predictions
and annotations in two ways: on a per gene basis and on a per
best transcript pair (BTP) basis. For both methods, a gene is
defined as a cluster of transcripts according to exon-overlap.
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Table 1: Accuracy of gene finding programs on the complete C. elegans genome.

Evaluation at gene level
Program SNg SPg SSg WG MG SNe SPe SSe WE ME SNi SPi SSi WI MI SNn SPn SSn
GeneID 0.97 0.83 0.90 0.19 0.03 0.67 0.69 0.68 0.16 0.15 0.70 0.74 0.72 0.26 0.30 0.87 0.88 0.87
ASPic 0.34 0.96 0.65 0.03 0.66 0.29 0.91 0.60 0.02 0.69 0.30 0.97 0.63 0.03 0.70 0.31 0.98 0.64
ASPic-GeneID 0.99 0.93 0.96 0.09 0.01 0.85 0.81 0.83 0.08 0.03 0.93 0.88 0.90 0.12 0.07 0.95 0.95 0.95
ASPic-GeneID AS1 0.99 0.75 0.87 0.21 0.01 0.87 0.78 0.82 0.12 0.02 0.93 0.86 0.89 0.14 0.07 0.96 0.91 0.93
ASPic-GeneID AS2 0.98 0.98 0.98 0.07 0.02 0.86 0.83 0.84 0.07 0.03 0.94 0.89 0.91 0.11 0.06 0.96 0.93 0.94
TWINSCAN 0.95 0.87 0.91 0.12 0.05 0.76 0.77 0.76 0.11 0.11 0.81 0.83 0.82 0.17 0.19 0.90 0.91 0.90
TWINSCAN EST 0.95 0.88 0.91 0.09 0.05 0.79 0.81 0.80 0.09 0.09 0.84 0.87 0.85 0.13 0.16 0.91 0.92 0.91
FGENESH 0.97 0.88 0.92 0.10 0.03 0.76 0.74 0.75 0.13 0.09 0.80 0.79 0.79 0.21 0.20 0.93 0.89 0.91
Genefinder 0.95 0.97 0.96 0.05 0.05 0.77 0.74 0.75 0.13 0.08 0.83 0.78 0.80 0.22 0.17 0.93 0.89 0.91
SNAP 0.96 0.69 0.82 0.22 0.04 0.70 0.66 0.68 0.18 0.12 0.74 0.73 0.73 0.27 0.26 0.90 0.86 0.88

Evaluation at transcript level
Program SNt SPt SSt WT MT SNet SPet SSet WEt MEt SNit SPit SSit WIt TMIt SNnt SPnt SSnt
GeneID 0.23 0.23 0.23 0.05 0.19 0.68 0.70 0.69 0.17 0.18 0.70 0.72 0.71 0.28 0.30 0.84 0.87 0.85
ASPic 0.26 0.71 0.48 0.01 0.29 0.81 0.95 0.88 0.01 0.15 0.82 0.98 0.90 0.02 0.18 0.81 0.99 0.90
ASPic-GeneID 0.44 0.47 0.45 0.03 0.17 0.86 0.81 0.83 0.10 0.05 0.92 0.85 0.88 0.15 0.08 0.93 0.93 0.93
ASPic-GeneID AS1 0.53 0.44 0.48 0.08 0.11 0.87 0.85 0.86 0.08 0.06 0.91 0.88 0.89 0.12 0.09 0.92 0.94 0.93
ASPic-GeneID AS2 0.46 0.50 0.48 0.03 0.17 0.88 0.81 0.84 0.11 0.04 0.94 0.85 0.89 0.15 0.06 0.95 0.90 0.92
TWINSCAN 0.35 0.36 0.35 0.04 0.15 0.77 0.78 0.77 0.11 0.12 0.81 0.82 0.81 0.18 0.19 0.88 0.91 0.89
TWINSCAN EST 0.43 0.45 0.44 0.04 0.13 0.80 0.83 0.81 0.08 0.11 0.84 0.87 0.85 0.13 0.16 0.89 0.93 0.91
FGENESH 0.32 0.33 0.32 0.06 0.16 0.75 0.76 0.75 0.13 0.13 0.78 0.79 0.78 0.21 0.22 0.88 0.89 0.88
Genefinder 0.30 0.35 0.32 0.05 0.18 0.79 0.73 0.76 0.16 0.10 0.83 0.75 0.79 0.25 0.17 0.91 0.86 0.88
SNAP 0.27 0.22 0.24 0.09 0.11 0.67 0.73 0.70 0.11 0.19 0.70 0.77 0.73 0.23 0.30 0.82 0.92 0.87
The highest values are shown in bold. SN indicates sensitivity. SP indicates specificity. SS indicates the average between SN and SP. Gene (g), transcript (t), exon
(e), intron (i), and nucleotide (n) were assessed.

For evaluation on the basis of a gene, the program performs a
projection of all transcripts to the genome and then calculates
for exons, introns, and nucleotides the sensitivity (SN), the
specificity [13], the wrong cases (W), and the missing cases
(M). All accuracy measures follow the definitions of Burset
and Guigó [34]. Briefly, for each level (nucleotide, exon, and
gene) the sensitivity is SN = TP/(TP + FN) and the specificity
is SP = TN/(TN + FP), where TP are true positives, TN are
true negatives, FN are false negatives, and FP are false
positives [34].

Calculation of statistics on a BTP basis is performed as
follows. For each transcript cluster, the evaluation program
establishes a one-to-one (and one-to-many in the case of
split/joined transcripts) mapping between predicted and
annotated transcripts. It then produces similar measures as
above but only for best transcript pairs. These measures
give a better estimate of the accuracy of connectivity of the
predicted transcripts.

Summary statistics for both methods given in the results
are derived from total feature counts for the entire evaluation
set.

The accuracy of ASPic-GeneID has been evaluated on
two different data sets, the entire C. elegans genome (version
WS147), and the 44 human ENCODE pilot regions, using
WormBase and Gencode annotations, respectively, as the
reference annotations. Such data sets have been appropriately
chosen to better assess the performances of ASPic-GeneID in

two organisms differentially subjected to alternative splicing.
Moreover, C. elegans and human ENCODE regions differ in
the amount of EST coverage, which in turn can affect the
quality of ASPic predictions. In the ENCODE pilot regions,
the EST coverage is nearly complete: 91.5% of all introns
(98.6% of introns in coding sequence) are covered by ESTs at
a specificity of 85%. In contrast, ESTs cover only about 60%
of the C. elegans genome which often results in EST clusters
with incomplete exon-intron structures.

In the case of the C. elegans genome, we have compared
ASPic-GeneID predictions with those from programs repre-
senting the state of the art in nematode gene finding, includ-
ing ab initio, comparative, and EST-based methods (Table 1).
Likewise, all predictions on the 44 ENCODE regions have
been compared to those from a number of established gene
finding programs involved in the human ENCODE genome
annotation assessment project (EGASP) (Table 2).

2.6. Availability. GeneID source code (version 1.3) as well as
C. elegans and human parameter files can be downloaded
from http://genome.crg.es/software/geneid/. For large-scale
jobs, we recommend to download the off-line version of
ASPic from the following web page: http://150.145.82.212/
aspic/aspicgeneid.tar.gz. In addition, Python and Perl scripts
to automate ASPic are also provided (including all ESTs that
could get a very big file. On the other hand, ESTs sequences
can easily be downloaded from Unigene database).
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Table 2: Accuracy of gene finding programs on the ENCODE pilot regions.

Evaluation at gene level
Program SNg SPg SSg WG MG SNe SPe SSe WE ME SNi SPi SSi WI MI SNn SPn SSn
DOGFISH 0,75 0,84 0,80 0,26 0,25 0,61 0,72 0,67 0,18 0,28 0,61 0,72 0,67 0,28 0,39 0,68 0,80 0,74
Ensembl 0,94 0,81 0,88 0,18 0,06 0,81 0,74 0,78 0,15 0,08 0,87 0,82 0,85 0,18 0,13 0,91 0,86 0,89
Exogean 0,83 0,95 0,89 0,12 0,17 0,87 0,78 0,83 0,12 0,09 0,90 0,82 0,86 0,18 0,10 0,85 0,88 0,87
Exonhunter 0,94 0,26 0,60 0,72 0,06 0,69 0,41 0,55 0,51 0,13 0,72 0,49 0,61 0,51 0,28 0,90 0,58 0,74
FGENESH++ 0,93 0,55 0,74 0,42 0,07 0,78 0,63 0,71 0,31 0,13 0,78 0,67 0,73 0,33 0,22 0,88 0,70 0,79
GeneID 0,92 0,76 0,84 0,32 0,08 0,56 0,59 0,58 0,27 0,28 0,53 0,59 0,56 0,41 0,47 0,77 0,74 0,76
Genemark 0,94 0,43 0,69 0,50 0,06 0,53 0,46 0,50 0,41 0,28 0,51 0,50 0,51 0,50 0,49 0,77 0,61 0,69
PAIRAGON-any 0,91 0,76 0,84 0,23 0,09 0,85 0,83 0,84 0,14 0,10 0,85 0,86 0,86 0,14 0,15 0,88 0,86 0,87
PAIRAGON-Multiple 0,88 0,80 0,84 0,24 0,12 0,75 0,77 0,76 0,18 0,16 0,75 0,78 0,77 0,22 0,25 0,85 0,83 0,84
SGP2 0,92 0,39 0,66 0,54 0,08 0,65 0,48 0,57 0,40 0,16 0,66 0,55 0,61 0,45 0,34 0,84 0,66 0,75
TWINSCAN 0,89 0,74 0,82 0,30 0,11 0,71 0,58 0,65 0,30 0,17 0,73 0,62 0,68 0,38 0,27 0,86 0,71 0,79
AUGUSTUS-abinitio 0,90 0,57 0,74 0,33 0,10 0,60 0,61 0,61 0,28 0,26 0,57 0,62 0,60 0,38 0,43 0,80 0,71 0,76
AUGUSTUS -any 0,95 0,66 0,81 0,26 0,05 0,81 0,73 0,77 0,21 0,08 0,79 0,74 0,77 0,26 0,21 0,93 0,78 0,86
AUGUSTUS-dual 0,93 0,60 0,77 0,29 0,07 0,70 0,65 0,68 0,25 0,15 0,68 0,67 0,68 0,33 0,32 0,89 0,75 0,82
AUGUSTUS EST 0,95 0,70 0,83 0,24 0,05 0,80 0,74 0,77 0,20 0,09 0,78 0,75 0,77 0,25 0,22 0,91 0,79 0,85
ASPic 0,84 0,66 0,75 0,29 0,16 0,87 0,75 0,81 0,11 0,09 0,89 0,87 0,88 0,13 0,11 0,81 0,85 0,83
ASPic-GeneID AS1 0,89 0,54 0,72 0,42 0,11 0,88 0,71 0,80 0,16 0,08 0,89 0,85 0,87 0,15 0,11 0,85 0,72 0,79
ASPic-GeneID AS2 0,96 0,46 0,71 0,50 0,04 0,90 0,62 0,76 0,21 0,06 0,90 0,76 0,83 0,24 0,10 0,93 0,60 0,77
ASPic-GeneID 0,95 0,56 0,76 0,46 0,05 0,81 0,65 0,73 0,28 0,05 0,86 0,72 0,79 0,28 0,14 0,89 0,64 0,77

Evaluation at transcript level
Program SNt SPt SSt WT MT SNet SPet SSet WEt MEt SNit SPit SSit WIt TMIt SNnt SPnt SSnt
DOGFISH 0,06 0,13 0,10 0,01 0,44 0,73 0,76 0,75 0,15 0,19 0,72 0,75 0,74 0,25 0,28 0,78 0,82 0,80
Ensembl 0,25 0,24 0,25 0,13 0,23 0,84 0,87 0,86 0,04 0,08 0,90 0,93 0,92 0,07 0,10 0,93 0,95 0,94
Exogean 0,51 0,43 0,47 0,26 0,10 0,89 0,89 0,89 0,08 0,07 0,90 0,90 0,90 0,10 0,10 0,91 0,91 0,91
Exonhunter 0,06 0,03 0,05 0,03 0,46 0,69 0,67 0,68 0,21 0,19 0,71 0,70 0,71 0,30 0,29 0,85 0,80 0,83
FGENESH++ 0,43 0,38 0,41 0,07 0,30 0,80 0,85 0,83 0,08 0,14 0,80 0,86 0,83 0,14 0,20 0,87 0,92 0,90
GeneID 0,03 0,04 0,04 0,01 0,50 0,60 0,62 0,61 0,24 0,27 0,57 0,60 0,59 0,40 0,43 0,78 0,78 0,78
Genemark 0,05 0,04 0,05 0,05 0,41 0,46 0,61 0,54 0,22 0,41 0,45 0,62 0,54 0,38 0,55 0,65 0,79 0,72
PAIRAGON-any 0,51 0,46 0,49 0,19 0,21 0,89 0,92 0,91 0,05 0,08 0,89 0,93 0,91 0,07 0,11 0,90 0,94 0,92
PAIRAGON-Multiple 0,21 0,35 0,28 0,01 0,43 0,87 0,83 0,85 0,12 0,08 0,87 0,83 0,85 0,17 0,13 0,91 0,88 0,90
SGP2 0,05 0,04 0,05 0,06 0,41 0,63 0,66 0,65 0,19 0,23 0,65 0,69 0,67 0,31 0,35 0,76 0,85 0,81
TWINSCAN 0,10 0,08 0,09 0,23 0,22 0,74 0,68 0,71 0,22 0,16 0,76 0,69 0,73 0,31 0,24 0,84 0,78 0,81
AUGUSTUS-abinitio 0,13 0,16 0,15 0,04 0,38 0,59 0,73 0,66 0,15 0,31 0,56 0,71 0,64 0,29 0,44 0,74 0,86 0,80
AUGUSTUS -any 0,27 0,34 0,31 0,04 0,41 0,80 0,86 0,83 0,07 0,14 0,79 0,86 0,83 0,14 0,21 0,88 0,93 0,91
AUGUSTUS-dual 0,15 0,17 0,16 0,05 0,39 0,65 0,77 0,71 0,11 0,25 0,64 0,77 0,71 0,23 0,36 0,79 0,90 0,85
AUGUSTUS EST 0,27 0,36 0,32 0,03 0,42 0,80 0,86 0,83 0,07 0,14 0,79 0,86 0,83 0,14 0,21 0,88 0,94 0,91
ASPic 0,63 0,37 0,50 0,37 0,06 0,84 0,95 0,90 0,02 0,13 0,85 0,96 0,91 0,04 0,15 0,86 0,97 0,92
ASPic-GeneID AS1 0,65 0,33 0,49 0,33 0,06 0,84 0,94 0,89 0,02 0,13 0,85 0,96 0,91 0,04 0,15 0,86 0,97 0,92
ASPic-GeneID AS2 0,64 0,25 0,45 0,41 0,05 0,84 0,93 0,89 0,03 0,12 0,85 0,94 0,90 0,06 0,15 0,88 0,96 0,92
ASPic-GeneID 0,21 0,22 0,22 0,02 0,48 0,86 0,77 0,82 0,15 0,06 0,91 0,81 0,86 0,19 0,09 0,91 0,85 0,88
The highest values are shown in bold. SN indicates sensitivity. SP indicates specificity. SS indicates the average between SN and SP. Gene (g), transcript (t), exon
(e), intron (i), and nucleotide (n) were assessed.

Additional Python and Perl scripts to automate ASPic-
GeneID (for Linux andMacOSX) are available upon request.

3. Results and Discussion

3.1. ASPic Intron and Gene Prediction in C. elegans Genome
andAll 44 ENCODERegions. Theunderlying principle of our
system is that introns can guide ab initio gene assembly. This

task, however, can only be addressed using reliably predicted
introns. Available methods to align EST sequences to the
genome are mainly based on BLAST [35] or BLAT [31] and
sometimes lead to poor splice site predictions. In order to
obtain a high-quality set of intron positions, we first mapped
all available C. elegans ESTs onto the complete worm genome
(version WS147) using GMAP as described in Section 2.
Then, EST clusters related to potential gene regions were
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exploited to run ASPic. In contrast to other EST to genome
alignment programs, ASPic employs a novel and efficient
algorithm to minimize the number of exon predictions and
hence of alignment inferred splice sites. ASPic is also able
to infer alternative splicing variants of a gene given a related
collection of ESTs.

When applied to each C. elegans EST cluster, ASPic can
predict intron sequences and also full-length splicing variants
whenever ESTs completely cover specific gene regions.

In all six C. elegans chromosomes, ASPic proves to be
extremely specific. Out of 100723 predicted introns, 96.1%
exactly match (with the same exact splice sites) annotated
introns. However, overall sensitivity is low—likely due to the
fact that coverage of the genome by ESTs is only about 60%.

Overall, ASPic’s nucleotide and exon specificities are
98% and 91%, respectively. ASPic is also very specific when
comparing only to the best overlapped transcripts where
nucleotide and exon specificities increase to 99% and 95%,
respectively.

Moreover, it is able to find exact transcript variants with
a specificity of 71%, which is the highest reported up to now.
Similar specificity values have been reported by Genomix, a
new gene finder systemworking as a combiner [36].However,
Genomix specificities at exon and nucleotide levels of 87.3%
and 91.9%, respectively, have been calculated only on a
reduced subset of 1534 confirmed C. elegans genes (version
WS147) [36].

Despite the high specificity, ASPic shows very low sen-
sitivity values at all levels except when the comparison with
the annotation is limited to only transcripts overlapped by a
prediction (BTP level). In this case, the accuracy of ASPic, as
given by (Sn + Sp)/2, at the nucleotide and exon levels are 90%
and 88%, respectively.

It has been currently demonstrated that the expected
distribution of spliceosomal intron lengths is correlated to
the quality of the annotation [37]. Since introns are removed
after transcription, intron lengths are not expected to respect
coding frame. For this reason, the number of genomic introns
that are multiple of three bases should be similar to the
number of introns that are a multiple of three plus one or
two bases [37]. In effect, ASPic predicted introns follow this
behaviour. Of all elegans inferred introns, 33.5% are amultiple
of three bases, whereas 33.6% and 33.0% aremultiples of three
plus one and two bases, respectively. These results strongly
corroborate ASPic’s ability to predict bona fide exon-intron
boundaries.

The same approach used for the complete C. elegans
genome has been applied to all 44 ENCODE human regions.
In this case, however, single EST clusters related to gene
regions have been generated using a subset of all available
human expressed sequence tags downloaded from the Otter
database in order to reduce potential pitfalls due to low
quality ESTs or to aberrantmRNAs from pathological tissues.

ASPic is able to predict more introns than annotated
in ENCODE. However, we focus only on annotated coding
regions and it is well known that ENCODE contains many
noncoding transcripts in addition to a number of introns
located in UTR regions. Restricting, thus, the comparison to
coding regions only, we found ASPic to be the most accurate

system to predict introns in human ENCODE.This is derived
mostly from its higher specificity; it is the most specific,
with 87% of all predicted introns corresponding exactly to an
annotated intron. This value increases to 96% when making
the BTP comparison, demonstrating that the novel alignment
algorithm behind ASPic is quite efficient and results can
be comparable to those based on PAIRAGON, indicated
as one of the best program to align mRNA sequences to
genome [24, 38]. As shown in Table 2, ASPic outperforms
PAIRAGON-any in predicting correct introns. Considering
that PAIRAGON-any aligns only high quality sequences from
the full ORF Mammalian Gene Collection (MGC) [39] and
from the humanRefSeq database, ASPic’s performancewhich
is based only on ESTs is even more remarkable.

ASPic is not highly specific at the transcript level where it
is outperformed by Exogean and PAIRAGON-any. However,
it is as specific as the combiner Fgenesh++ [40] and it is
12% more sensitive at the transcript level than Exogean and
PAIRAGON-any. ASPic is also more sensitive than Ensembl
[41], AUGUSTUS-any, and AUGUSTUS-EST at the exon
level [22].When comparing at the BPT level, it has the highest
exon specificity (95%) (Table 2).

Like for the previous results described for the whole
C. elegans genome, in the human ENCODE regions, ASPic
predicted intron length distributions are not skewed. Of all
ASPic introns, 33.0% are a multiple of three bases and 33.2%
and 33.7% are multiples of three plus one and two bases,
respectively.

3.2. ASPic-GeneID Accuracy without Alternative Splicing.
Depending on the EST coverage of each gene region, ASPic
can predict just introns or both introns and alternative
splicing variants. For this reason, we can independently use
two main sources of evidence from ESTs such as individual
introns and full-length transcripts to improve GeneID ab
initio predictions.When only introns are given as evidence to
GeneID, the program is able to predict at most one transcript
per locus. As outlined in Section 2, introns with correct splice
sites can aid the correct assembly of ab initio predicted exons
during the exon-chaining step. The dynamic programming
procedure implemented in GeneID builds gene structures
using exons with the highest scores respecting frame compat-
ibility and gene model rules [28]. The introduction of ASPic
introns to GeneID forces exons with compatible frames and
splice sites to be joined. Since such evidence introns do not
interfere with the main GeneID exon prediction process, it is
expected that they are used only when compatible ab initio
exons really exist. Our procedure to handle evidence introns
as implemented inASPic-GeneID is also expected to improve
the accuracy at the transcript level.

When all ASPic predicted introns on the complete C.
elegans genome are given as evidence to GeneID, our com-
bined ASPic-GeneID system is found to be the most accurate
in predicting exact nematode transcripts. The results show
21% improvement in sensitivity and 24% in specificity in
predicting exact transcript structures compared to GeneID,
which does not use ASPic introns (Table 1). ASPic-GeneID
is, in turn, significantly more accurate than SNAP [4], FGE-
NESH [42], and GENEFINDER [8], the most widely used
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ab initio gene prediction program for nematodes. Moreover,
ASPic-GeneID outperforms TWINSCAN [43], which uses
the C. briggsae genome as an informant genome, at all
sensitivity and specificity measures. Most interestingly, our
gene prediction method is also more accurate than TWIN-
SCAN EST [9], a new system that combines EST alignments
with TWINSCAN. In particular, ASPic-GeneID is 6% more
sensitive at the exon level than TWINSCAN EST. Taking
the mean between sensitivity and specificity, ASPic-GeneID
is also more accurate than TWINSCAN EST in predicting
exact transcript structures, 45.5% versus 44%.

The strength of ASPic-GeneID relies on the use of reliable
intron sequences. Even when EST genome coverage is not
high and, thus, the number of ASPic predicted introns is low,
our system should predict genes with an accuracy better than
GeneID alone. To verify the effect of the number of introns
in improving ab initio GeneID predictions, we performed
the following experiment. ASPic was run on the complete
C. elegans genome using all available ESTs as described in
Section 2. Then, from all the predicted introns we randomly
selected increasing percentages of introns ranging from0% to
100% and ran GeneID using each intron subset. The number
of introns is undoubtedly related to the EST genome coverage
and, thus, a low number of ESTs should yield a low number
of introns. Results of this experiment are given in Figure 3
where the averages between sensitivity and specificity at gene
[44], exon (SSe), and nucleotide levels (SSn) are reported as
a function of growing intron percentages. The benefit due to
introns increases linearly with the number of input introns
and we can register a gene prediction improvement at all
levels, even when the number of introns is very low (10%).
These data indicate that ESTs and, thus, introns related to
some genes can improve the accuracy of neighbouring genes.
In practice, GeneIDmistakes such as extension and inclusion
of exons in neighbour genes become much less common
because introns introduce real constraints in gene assembly.

The accuracy of ASPic-GeneID using only introns has
also been evaluated on all 44 human ENCODE regions.
Here, however, the situation is quite different because human
genes are subjected to extensive alternative splicing and
because human gene density is low. A system such as
ASPic-GeneID which predicts only one transcript per locus
is a disadvantage. Nonetheless, ASPic-GeneID outperforms
all ab initio gene prediction programs such as Genemark
[45] or AUGUSTUS abinitio [5], currently one of the most
accurate programs to find ab initio gene structures in
mammals [8]. ASPic-GeneID is 18% more sensitive and
specific than GeneID alone in predicting exact transcript
structures. Moreover, ASPic-GeneID accuracy at the exon
level is 73%, a value which is higher than the corresponding
value obtained from other systems that use ESTs such as
ExonHunter [46] or informant genomes such asTWINSCAN
[43], SGP2 (an extension of GeneID) [10], DOGFISH [8],
and AUGUSTUS dual [22] or both evidence sources such
as FEGENESH++ [40]. However, our system is less accurate
at exon and nucleotide level than programs that use all
available evidence for human (Ensembl, PAIRAGON-any,
and AUGUSTUS-any) or programs that predict more than
one transcript per locus (Exogean [25]). Nonetheless, in
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Figure 3: ASPic-GeneID performance on C. elegans according to
number of introns. The accuracy [(Sn + Sp)/2] of ASPic-GeneID
predictions (AG) is plotted according to the proportion of introns
output by ASPic and provided to GeneID as evidence. SSe, SSn,
and SSg indicate the accuracy at exon, nucleotide, and gene level,
respectively.

several measures, ASPic-GeneID shows high sensitivity. At
the exon level, for instance, ASPic-GeneID sensitivity is
81%, 1% more than AUGUSTUS EST, an improved version
of AUGUSTUS that uses ESTs and proteins alignments,
6% more than PAIRAGON multiple and 3% more than
FGENESH++, a combiner that uses all available evidence. In
the BTP comparison, ASPic-GeneID sensitivity at the exon
level increases to 86%, 2% higher than Ensembl.

On the whole, ASPic-GeneID remains one of most accu-
rate systems to predict correct intronic sequences, attesting
its sensitivity at 86% and specificity at 72%. These last values
go up to 91% and 81%, respectively, when intron evaluation is
assessed at the BTP level.

We noted, however, that ASPic CDS predictions alone
are better than those of the combined ASPic-GeneID on the
ENCODE regions (see Figure 4). We surmised that this must
be due to EST coverage. Unlike in C. elegans, where EST
coverage is somewhat low, the coverage of annotated human
coding sequences by human ESTs is very high (85% of all
introns and nearly 99% of introns in coding sequences). To
determine at what level of EST coverage using our combined
approach may be beneficial, we performed the following
experiment. We selected random sets of ESTs corresponding
to 10%, 20%, 30%, and so forth up to 100% of the ESTs avail-
able as input to ASPic.These EST sets had an intron coverage
ranging from 27% to 85% of annotated introns. When using
less than 35% of the available ESTs (corresponding to about
62% intron coverage) ASPic-GeneID performed better at the
exon level than ASPic alone. At higher coverage, we found
that ASPic CDS predictions are clearly more accurate. The
performance ofASPic at the transcript level is quite good even
at low EST coverage levels.This is perhaps due to the presence
of a class of highly expressed transcripts that are well covered
by ESTs. ASPic will predict them correctly, while ASPic-
GeneID may try to extend the transcripts with additional
predicted exons.
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Figure 4: ASPic and ASPic-GeneID performance on ENCODE
according to EST coverage. The accuracy [(Sn + Sp)/2] of ASPic
CDS predictions (A) and ASPic-GeneID predictions (AG) is plotted
according to the proportion of available ESTs given as input to
ASPic. The percent coverage of annotated introns by the input
ESTs is also given. SSn, SSe, SSi, and SSt indicate the accuracy at
nucleotide, exon, intron, and transcript level, respectively.

3.3. ASPic-GeneID Accuracy with Alternative Splicing. In
order to improve the performance of ASPic-GeneID, espe-
cially in mammalian gene finding, we implemented the
possibility to predict alternative transcripts. In particular, we
addressed the alternative splicing task with two independent
procedures that should be considered simple extensions of
ASPic-GeneID. In the first procedure, we predicted alter-
native variants by ASPic in genomic regions fully covered
by ESTs and then we added all ASPic-GeneID predictions
not overlapping ASPic transcripts. This procedure, called
here ASPic-GeneID AS1, combines in the simplest manner
ASPic and ASPic-GeneID predictions, giving rise to ASPic
predictions because they are directly deduced by expression
data. The second procedure, called here ASPic-GeneID AS2,
is, instead, mainly dependent on GeneID. As for ASPic-
GeneID AS1, a complete pool of alternative transcripts was
obtained by ASPic. Each predicted variant (represented by
a set of exon-linked introns) was then given to GeneID as
evidence. All predicted transcripts were finally combined and
filtered in order to produce the final nonredundant set of
transcript predictions (more details in Section 2).

Overall, results from ASPic-GeneID AS1 and ASPic-
GeneID AS2 on the 44 ENCODE human regions are quite
similar and overlapping (Table 2). Both procedures outper-
form ASPic-GeneID at all levels in the BTP comparison.
Although ASPic-GeneID AS1 is not more sensitive than
ASPic-GeneID AS2, it appears to be more specific (as it
directly utilizes all ASPic transcripts). As shown in Table 2,
all results can be compared to those from programs that

currently use all available evidence or protein alignments to
improve gene prediction in human.

In particular, when predictions are evaluated at gene level,
ASPic-GeneID AS2 is the most sensitive in finding genes
(96%), exons (90%), introns (90%), and nucleotides (93%).
In contrast, ASPic-GeneID AS1 is the most specific at the
BTP exon, intron and nucleotide levels. Focusing onmethods
using ESTs and mRNAs alignments but excluding proteins,
ASPic-GeneID AS1 is as accurate as PAIRAGON-any (49%)
and 2% more accurate than Exogean (47%), indicated as
the best gene finding program by the EGASP assessment,
in predicting exact transcript structures. Moreover, ASPic-
GeneID AS1 has a transcript sensitivity of 65% which is
the highest registered up to now. In the comparison with
one of the most widely used pipelines as Ensembl, ASPic-
GeneID AS1 is 2% more accurate at both exon and intron
levels. On the other hand, at transcript level both our systems
are on average 22% and 3.5% more accurate than Ensembl in
finding transcripts and exons, respectively.

On the whole, as shown in Table 2, ASPic-GeneID AS1
and ASPic-GeneID AS2 appear to outperform also many
other well-established gene prediction tools at different mea-
sures. Although it is difficult to assess which program is really
the best annotation system for human ENCODE regions, our
simplemethods that use only ESTs asmain source of evidence
prove highly competitive and comparable to very complex
pipelines.

When we move to the C. elegans genome in which
the impact of alternative splicing is low, the performances
of ASPic-GeneID AS1 and ASPic-GeneID AS2 are slightly
better than ASPic-GeneID at all levels. However, the
possibility to predict alternative transcripts improves the
global finding of exact transcripts and exons. At the gene
level ASPic-GeneID AS2 seems to be more accurate than
ASPic-GeneID AS1. In contrast, at transcript level, ASPic-
GeneID AS1 appears to be more efficient than ASPic-
GeneID AS2 since it directly uses ASPic inferred transcripts.

3.4. ASPic-GeneID and Deep Transcriptome Sequencing.
ASPic-GeneID has been developed to handle long tran-
scriptome sequences as main biological evidence to improve
gene structures and detect potential alternative splicing tran-
scripts.

Current high-throughput sequencing methodologies as
RNA-Seq aim to provide global overview of entire transcrip-
tomes.However, huge amount of short reads from Illumina or
SOLiD platforms pose other challenges than classical Sanger
ESTs and in many cases the detection of reliable transcripts
is not optimal. Long-reads, therefore, as those from Sanger
sequencing or the Roche 454 sequencer (Titanium chemistry
with reads longer than 500 bases) represent the main source
of evidence to reliably identify splice sites and alternative
isoforms, other than simplify the deciphering of complex
eukaryotic gene structures.

ASPic-GeneID is ready to analyse long EST-like reads
from modern sequencer as Roche 454 and very long reads
that are coming with the third generation sequencing plat-
forms as PacBio. Although ESTs and ESTs-like sequences are
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optimal for our pipeline, in principle it could work with Illu-
mina reads. However, computational times are expected to be
very onerous and no extensive tests have been performed to
assess the biological quality of results.

4. Conclusions

Despite the advent of novel sequencing technologies [47,
48], the accurate genome annotation is yet a hard and
challenging task. In order to improve such a process once a
new genome sequence has been completed, we proposed here
a simple computational strategy to accurately identify coding
regions employing expressed sequences, mostly ESTs. Our
framework, called Aspic-GeneID, uses EST based predictions
by Aspic to improve ab initio gene structures by GeneID.
Moreover, it can predict alternative transcripts providing
a global view of the transcriptome. Aspic-GeneID is quite
flexible depending on EST coverage. In organisms with a
low impact of alternative splicing as C. elegans, it provides
optimal predictions resulting in one of the most accurate
gene finding programs. In contrast, when the impact of
alternative splicing is high as in human, it can outperform
existing gene finders at different levels. Moreover, the ability
to predict multiple transcripts per gene locus makes Aspic-
GeneID results comparablewith those fromvery complicated
pipelines like Ensembl, PAIRAGON-any, or AUGUSTUS-
any that tend to use all available evidence.

Our strategy is based on expressed sequences as ESTs, but
it can be easily applied to transcriptome sequences generated
by next generation sequencing technologies. Indeed, recent
tools as Cufflinks [49] can predict alternative transcripts
and individual introns, making our methodology extremely
recent and useful to improve genome annotations also in
absence of canonical ESTs (generally produced by Sanger
sequencing).
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[34] M. Burset and R. Guigó, “Evaluation of gene structure predic-
tion programs,” Genomics, vol. 34, no. 3, pp. 353–367, 1996.

[35] S. F. Altschul,W. Gish,W.Miller, E.W.Myers, and D. J. Lipman,
“Basic local alignment search tool,” Journal ofMolecular Biology,
vol. 215, no. 3, pp. 403–410, 1990.

[36] A. Coghlan and R. Durbin, “Genomix: a method for combining
gene-finders’ predictions, which uses evolutionary conserva-
tion of sequence and intron-exon structure,”Bioinformatics, vol.
23, no. 12, pp. 1468–1475, 2007.

[37] S. W. Roy and D. Penny, “Intron length distributions and gene
prediction,” Nucleic Acids Research, vol. 35, no. 14, pp. 4737–
4742, 2007.

[38] D. V. Lu, R. H. Brown, M. Arumugam, and M. R. Brent, “Pai-
ragon: a highly accurate, HMM-based cDNA-to-genome
aligner,” Bioinformatics, vol. 25, no. 13, pp. 1587–1593, 2009.

[39] D. S. Gerhard, “The status, quality, and expansion of the NIH
full-length cDNA project: the Mammalian Gene Collection
(MGC),” Genome Research, vol. 14, no. 10, pp. 2121–2127, 2004.

[40] V. Solovyev, P. Kosarev, I. Seledsov, andD.Vorobyev, “Automatic
annotation of eukaryotic genes, pseudogenes and promoters,”
Genome Biology, vol. 7, pp. S10.11–S10.12, 2006.

[41] V. Curwen, E. Eyras, T. D. Andrews et al., “The Ensembl auto-
matic gene annotation system,” Genome Research, vol. 14, no. 5,
pp. 942–950, 2004.

[42] A. A. Salamov and V. V. Solovyev, “Ab initio gene finding in
Drosophila genomic DNA,” Genome Research, vol. 10, no. 4, pp.
516–522, 2000.

[43] J. Q. Wu, D. Shteynberg, M. Arumugam, R. A. Gibbs, and
M. R. Bren, “Identification of rat genes by TWINSCAN gene
prediction, RT-PCR, and direct sequencing,” Genome Research,
vol. 14, no. 4, pp. 665–671, 2004.

[44] D. Weissglas-Volkov, C. L. Plaisier, A. Huertas-Vazquez et
al., “Identification of two common variants contributing to
serum apolipoprotein B levels in mexicans,” Arteriosclerosis,
Thrombosis, and Vascular Biology, vol. 30, no. 2, pp. 353–359,
2010.

[45] J. Besemer and M. Borodovsky, “GeneMark: web software for
gene finding in prokaryotes, eukaryotes and viruses,” Nucleic
Acids Research, vol. 33, no. 2, pp. W451–W454, 2005.

[46] B. Brejová, D. G. Brown, M. Li, and T. Vinař, “ExonHunter: a
comprehensive approach to gene finding,” Bioinformatics, vol.
21, supplement 1, pp. i57–i65, 2005.

[47] M. L. Metzker, “Sequencing technologies the next generation,”
Nature Reviews Genetics, vol. 11, no. 1, pp. 31–46, 2010.

[48] E. R. Mardis, “The impact of next-generation sequencing tech-
nology on genetics,” Trends in Genetics, vol. 24, no. 3, pp. 133–
141, 2008.

[49] C. Trapnell, A. Roberts, L. Goff et al., “Differential gene and
transcript expression analysis of RNA-seq experiments with
TopHat and Cufflinks,” Nature Protocols, vol. 7, no. 3, pp. 562–
578, 2012.



Hindawi Publishing Corporation
BioMed Research International
Volume 2013, Article ID 505864, 17 pages
http://dx.doi.org/10.1155/2013/505864

Research Article
Systems Approaches to Modeling Chronic
Mucosal Inflammation

Mridul Kalita,1 Bing Tian,2 Boning Gao,3 Sanjeev Choudhary,1,2,4

Thomas G. Wood,1,4,5 Joseph R. Carmical,5 Istvan Boldogh,1,6 Sankar Mitra,1,5

John D. Minna,3 and Allan R. Brasier1,2,4

1 Sealy Center for Molecular Medicine, The University of Texas Medical Branch, 301 University Boulevard, Galveston, TX 77555, USA
2Department of Internal Medicine, The University of Texas Medical Branch, 301 University Boulevard, Galveston, TX 77555, USA
3Hamon Center for Therapeutic Oncology Research, Department of Internal Medicine Pharmacology,
University of Texas Southwestern Medical Center, Dallas, TX 75390, USA

4 Institute for Translational Sciences, The University of Texas Medical Branch, 301 University Boulevard, Galveston, TX 77555, USA
5Departments of Biochemistry and Molecular Biology, The University of Texas Medical Branch, 301 University Boulevard,
Galveston, TX 77555, USA

6Microbiology and Immunology, The University of Texas Medical Branch, 301 University Boulevard, Galveston, TX 77555, USA

Correspondence should be addressed to Allan R. Brasier; arbrasie@utmb.edu

Received 12 June 2013; Revised 8 August 2013; Accepted 9 August 2013

Academic Editor: Tao Huang

Copyright © 2013 Mridul Kalita 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 respiratory mucosa is a major coordinator of the inflammatory response in chronic airway diseases, including asthma
and chronic obstructive pulmonary disease (COPD). Signals produced by the chronic inflammatory process induce epithelial
mesenchymal transition (EMT) that dramatically alters the epithelial cell phenotype. The effects of EMT on epigenetic
reprogramming and the activation of transcriptional networks are known, its effects on the innate inflammatory response are
underexplored. We used a multiplex gene expression profiling platform to investigate the perturbations of the innate pathways
induced by TGF𝛽 in a primary airway epithelial cell model of EMT. EMT had dramatic effects on the induction of the innate
pathway and the coupling interval of the canonical and noncanonical NF-𝜅B pathways. Simulation experiments demonstrate that
rapid, coordinated cap-independent translation of TRAF-1 and NF-𝜅B2 is required to reduce the noncanonical pathway coupling
interval. Experiments using amantadine confirmed the prediction that TRAF-1 and NF-𝜅B2/p100 production is mediated by an
IRES-dependent mechanism. These data indicate that the epigenetic changes produced by EMT induce dynamic state changes of
the innate signaling pathway. Further applications of systems approaches will provide understanding of this complex phenotype
through deterministic modeling and multidimensional (genomic and proteomic) profiling.

1. Introduction

Respiratory epithelial cells provide the principal barrier of the
airways, facilitating gas exchange andmucociliary particulate
clearance and are themajor source of protective airway lining
fluid [1, 2]. In the presence of injury, inflammation, and air-
way remodeling, signal transduction pathways induce global
epigenetic reprogramming events to induce type II epithelial-
mesenchymal transition (EMT) within a so-called epithelial
mesenchymal trophic unit [3–7]. In the setting of cellular
transformation, EMT is also implicated in cancer metastasis.

During EMT, epithelial cells lose apicobasal polarity and
decrease the expression of intercellular tight junctions (TJs),
adherens junctions (AJs), and desmosomes [8, 9]. These
changes lead to disruption of adhesion of the basal epithelial
layer and allow cellular penetration into an extracellular
matrix (ECM), promoting enhanced ECM production and
fibrosis. As a result, type II EMTplays a central role in normal
tissue response to injury and tissue remodeling and repair,
whereas type III EMT is linked to cancer dissemination [10].

Despite the key role of EMT in normal tissue devel-
opment and repair, dysregulated EMT has been proposed
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to be responsible for extracellular matrix (e.g., collagen)
overproduction and fibrosis occurring in chronic respiratory
diseases such as idiopathic pulmonary fibrosis [11, 12], asthma
[13], the chronic obstructive pulmonary disease (COPD) [14],
and obliterative bronchiolitis [4]. Genetic lineage studies in
rodent models of airway fibrosis have shown that alveolar
epithelial cells are a major source of progenitor cells for
repair of the injured airway [15]. Alveolar cells undergoing
EMT become dedifferentiated, capable of both self-renewal
and formation of fibroblastic foci, with the latter consti-
tuting sites of active fibrogenesis. EMT-activated alveolar
epithelial cells synthesize a variety of fibrogenic cytokines,
including TGF𝛽, TNF𝛼, endothelin-1 and connective tissue
growth factor (CTGF) [16], ECM components (Col 1A),
and matrix metalloproteases (MMPs), all contributing to the
pathological extracellular matrix remodeling. The process
of dysregulated EMT has also been implicated in cancer
progression. Here, EMT transition promotes growth factor
independence, resistance to chemotherapeutic agents, and
acquisition of stem-cell-like phenotype. These latter events
are partly responsible for the maintenance of cancer and
metastatic behavior.

Mechanistic studies have shown that EMT is initiated by a
wide variety of agents linked to chronic inflammation includ-
ing oxidative stress (ROS) [16], growth factors (TGF, EGF,
and IGF) [17], and cytokines (TNF𝛼). In the airways, these
factors are produced by injured epithelial cells, fibroblasts,
and eosinophils [18].The prototypical inducer of type II EMT
is TGF𝛽1, a cytokine master regulator that induces EMT via
the canonical TGF𝛽R1-Smad3-dependent signaling pathway
[13]. The TGF𝛽-Smad3 pathway activates downstream Wnt,
notch, and NF-𝜅B signaling pathways to coordinate the
complex genetic changes underlying EMT [19].The core tran-
scriptional regulators of the EMT program include the tran-
scriptional regulators SNAIL (SNAI)1/2, Zebra (ZEB), Twist,
and FOXC2 proteins. These factors coordinate acquisition of
the mesenchymal phenotype through (1) downregulation of
epithelial cadherin (E-Cad) involved in maintenance of cell
polarity, (2) induction of intermediate filament proteins such
as vimentin, (3) activation of small GTPases (to inducemotil-
ity), and (4) expression ofmatrixmetalloproteinases (MMPs)
and collagen to induce fibrogenesis. Although EMT can be
reversible, stable EMT is maintained through global epi-
genetic reprogramming, including the reorganization (and
increase) of the transcriptionally active histone (H3) Lys (K)
36 trimethyl marks within large organized heterochromatin
domains [20].

In addition to their central role in airway repair, epithelial
cells also function as sentinel cells to trigger innate host
response to microbial and nonmicrobial challenges/invasion
[21]. These cells are activated by a plethora of processes
including pathogen-associated molecular patterns (PAMPs)
[22]. The presence of PAMPS triggers the innate intracellular
signaling pathways, converging on the NF-𝜅B and IRF3 sig-
naling pathways [23]. Of these, the NF-𝜅B signaling pathway
is composed of two coupled pathways known as the canonical
and noncanonical pathways, distinguished by the regulatory
kinase and different cytoplasmic reservoir from which NF-
𝜅B is activated [23–25]. In the rapidly activated canonical

pathway, induced within minutes of stimulation, sequestered
RelA⋅50 kDaNF-𝜅B1 heterodimers in the cytoplasm are liber-
ated and enter the nucleus to activate numerous genes includ-
ing proinflammatory and antiapoptotic ones [26–28]. By
contrast, the slower noncanonical NF-𝜅B pathway, induced
within hours of stimulation, is mediated by MAP3K14/NF-
𝜅B-inducing kinase (NIK)⋅IKK𝛼 complex that processes the
100 kDa precursor into 52 kDa NF-𝜅B2 (p52), liberating the
RelA⋅p52 heterodimer for nuclear import. We have recently
shown that the slower noncanonical NF-𝜅B pathway is linked
to the canonical pathway by a feed-forward module consist-
ing of the TNF receptor (TRAF)-1 factor that complexes with,
stabilizes, and activates the NIK⋅IKK𝛼 complex [24]. The
noncanonical pathway induces expression of a temporally
and biologically distinct group of genes [27].

The complex phenotype produced by EMT is beginning
to be examined using an unbiased profiling coupled with
computational inference [29]. Although the mechanism of
inducing EMT has been extensively explored, much less is
known about the effect of EMT on the network of innate
inflammatory signaling pathways. By interrogating a primary
human airway epithelial cell model of type II EMT using
a multiplex gene expression profiling platform, we describe
here how EMT perturbs the innate response. Here, we
observe that the EMT phenotype dramatically affects the
kinetics and patterns of the innate response. Remarkably,
alterations in the NF-𝜅B pathway are mediated by tran-
scriptional elongation mediated by enhanced phospho-Ser2
carboxy terminal domain (CTD) of RNA Pol II binding
to innate gene promoters. Dynamic deterministic modeling
shows that the accelerated expression of TRAF1 and NF-𝜅B2
in a coordinated IRES-dependent manner produces a shorter
canonical-noncanonical NF-𝜅B coupling constant. These
studies suggest that a global analysis of the EMT phenotype
can be further examined using computational deterministic
modeling, multidimensional profiling, and analysis of large-
scale chromatin structure.

2. Materials and Methods

2.1. RNA Extraction and Quantitation. Total cellular RNA
was extracted using either RNAqueous phenol-free total
RNA isolation kits (Life Technologies, CA) or Quick-RNA
MiniPrep kits (ZYMO Research) according to the man-
ufacture’s recommendations. RNA was quantitated spec-
trophotometrically using a NanoDrop ND-1000 (NanoDrop
Technologies, DE). The quality of the purified RNA was
assessed by the visualization of 18S and 28S RNA bands using
an Agilent BioAnalyzer 2100 (Agilent Technologies, CA).The
resulting electropherograms were used in the calculation of
the 28S/18S ratio and the RNA integrity number [30].

2.2. Assay Design and Validation. Real-time quantitative
RT-PCR (QPCR) assays were designed from the coding
sequence (CDS) of the gene of interest (NCBI), and exon-
exon junctions were mapped via BLAT [31]. Whenever
possible, at least one of the two PCR primers was designed
to transcend an exon-intron junction in order to reduce
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the potential impact of genomic DNA contamination in
the surveyed RNA samples. Primers were designed using
Primer Express 2.0 (Applied Biosystems)with default settings
(Primer𝑇

𝑚
= 58∘C–60∘C,GC content = 30–80%, Length = 9–

40 nucleotides, and Amplicon Length = 90–150 nucleotides).
Primers were synthesized (IDT) and reconstituted to a final
concentration of 100 uM (master stock) and a working stock
of 5 uM. Specificity of each assay was confirmed via PCR
under the reaction conditions listed below and analyzed by
PAGE. A reverse transcriptase minus control was included to
determine the existence of signal contribution from genomic
DNA. Assays were formatted using a 96-well platform.

2.3. Real-Time QPCR Analysis of Gene Expression.
Reverse transcription was performed on 1 ug of total
RNA with random primers, utilizing TaqMan reverse
transcription reagents (Applied Biosystems) under condi-
tions recommended by the manufacturer. Although the
mass of input RNA should not be utilized for normalization
purposes, the amounts of input RNA to be assayed were
equivalent. The reverse transcription product was used as
a template for the subsequent PCR reaction, consisting
of SYBR Green PCR Master Mix, template cDNA, and
assay primers (Table 1) in a total reaction volume of 25 uL.
Thermal cycling (50∘C, 2min; 95∘C, 10min; and 40 cycles
at 95∘C, 15 S; 60∘C, 1min) was performed using an ABI
prism 7500 sequence detection system (Life Technologies,
CA). Threshold cycle numbers (𝐶

𝑡
) were defined as

fluorescence values, generated by SYBR Green binding
to double stranded PCR products, exceeding baseline.
Relative transcript levels were quantified as a comparison
of measured 𝐶

𝑡
values for each reaction, normalized using

a reference assay for human polymerase beta (NM 002690;
Fwd: 5ACAATCAATGAGTACACCATCCGT3; Rev:
5TCCTGCAACTCCAGTGACTCC3) and compared to
those of a “control sample” (SAEC TGF𝛽minus) [32].

2.4. Cell Culture and EMT Transformation. The primary
(nonimmortalized) human small airway epithelial cell
(HSAEC) was purchased from Lonza. An immortalized
cell line was established by infecting primary HSAECs
with human telomerase (hTERT) and cyclin dependent
kinase (CDK) 4 expressing retrovirus constructs and
selecting under 250 ng/mL puromycin and 30 𝜇g/mL G418 as
described in [33]. The immortalized HSAECs were grown in
small airway epithelial cell growth medium (SAGM; Lonza,
Walkersville, MD) in a humidified atmosphere of 5% CO

2
.

The immortalized HSAEC shows characteristics of normal
cells such as contact inhibition of growth and failure to form
soft agar colonies or form tumors in immune compromised
mice. Immortalized human bronchial epithelial cells (HBEC)
were grown in Keratinocyte serum-free medium (K-SFM,
Life Technologies. Grand Island, NY) as described previously
[33]. A549 cells were grown in RPMI supplemented with 5%
fetal bovine serum. For induction of EMT, cells were TGF𝛽
treated for 5 d (10 ng/mL, R&D systems, Minneapolis, MN)
in the growth medium.

2.5. Dual Cross-Link Chromatin Immunoprecipitation
(XChIP). XChIP was performed as described previously
[34, 35]. A549 cells (∼6 × 106 per 100-mm dish) were
washed twice with PBS. Protein-protein cross-linking
was first performed with disuccinimidyl glutarate (2mM,
Pierce), followed by protein-DNA cross-linking with
formaldehyde. Equal amounts of sheared chromatin were
immunoprecipitated overnight at 4∘C with 4 𝜇g of the
indicated Ab in ChIP dilution buffer. Immunoprecipitates
were collected with 40 𝜇L protein A magnetic beads (Dynal
Inc.), washed, and eluted in 250 𝜇L elution buffer for 15min
at room temperature. Samples were de-cross-linked in 0.2M
NaCl at 65∘C for 2 h. The precipitated DNA was phenol-
chloroform extracted, precipitated with 100% ethanol, and
dried.

Gene enrichment in XChIP was determined by quan-
titative real-time genomic PCR (Q-gPCR) as previously
described [34] using region-specific PCR primers (Table 1).
Standard curves were generated using a dilution series of
genomic DNA (from 1 ng to 100 ng) for each primer pair.
The fold change of DNA in each immunoprecipitate was
determined by normalizing the absolute amount to the input
DNA reference and calculating the fold change relative to that
amount in unstimulated cells.

2.6. Deterministic Mathematical Modeling and Simulations.
The deterministic mathematical model for both canonical
and non-canonical arms of NF-𝜅B pathway is recently
published where we have shown that TRAF1⋅NIK acts as
a central, rate-limiting feed-forward signaling complex to
activate noncanonical pathway [24]. The complete model
consists of 28 ordinary differential equations (ODEs) and 58
parameters.The expression of genes in the canonical pathway
is RelA-dependent, whereas, the noncanonical pathway genes
are p52-dependent. We observed that there is a time delay
in TRAF1 translation by nearly 120min. Likewise, a delay of
90min between NF𝜅B2 mRNA expression and translation
has been reported earlier [36]. To examine the functional
significance of these time delays in noncanonical pathway
coupling, we performed different sets of simulations. In
each simulation, the time delay function of TRAF1 and
NF𝜅B2 translation was altered by the addition or subtraction
of 15min on either side of nominal value, while keeping
the translation rate the same in each simulation. These
simulations covered the time delay span of 0–10 h for both
TRAF1 and NF𝜅B2 to study the effects of increasing and
decreasing translation times on noncanonical pathway gene
expression. In one set of simulations, we perturbed the system
by varying the time-delay function of either TRAF1 orNF𝜅B2
one at a time and keeping all other rate constants at nominal
values. In another set, we perturbed the system by varying
these time-delay functions of bothTRAF1 andNF-𝜅B2 simul-
taneously while keeping all other rate constants at nominal
values. While the first set generated 42 such simulations
for each protein, the second set generated more than 1600
such simulations. The latter will determine the synergistic
effect of TRAF1 and NF-𝜅B2 on the gene expression of the
noncanonical pathway.



4 BioMed Research International
Ta

bl
e
1:
Pr
im

er
se
qu

en
ce
si
n
Q
-R
T-
PC

R
as
sa
y.

Pa
th
w
ay

G
en
e

Ac
ce
ss
io
n
#

A
m
pl
ic
on

(b
p)

Fo
rw

ar
d
(5


-3


)
Re

ve
rs
e(
5
-3


)

Ca
no

ni
ca
l

N
FK

B1
A

N
M

02
05
29

11
6

CC
G
CA

G
G
AG

G
TG

CC
G

AT
CA

CT
TC

CA
TG

G
TC

AG
TG

CC
CX

CL
2/
G
ro
B

N
M

00
20
89

10
0

AT
TC

AC
CT

CA
AG

A
AC

AT
CC

A
A
AG

TG
G
CC

CA
TT

CT
TG

AG
TG

TG
G
CT

AT
TN

FA
1P
3/
A
20

N
M

00
12
70
50
8

11
1

G
A
AG

CA
CC

AT
G
TT

TG
A
AG

G
AT

AC
TG

CT
CT

G
CG

CT
G
G
CT

CG
AT

C
IL
-6

N
M

00
06

00
90

CT
G
G
AT

TC
A
AT

G
AG

G
AG

AC
TT

G
C

TC
A
A
AT

CT
G
TT

CT
G
G
AG

G
TA

CT
CT

AG
G

IL
-8

N
M

00
05
84

92
A
AG

AC
AT

AC
TC

CA
A
AC

CT
TT

CC
AC

C
CA

AT
A
AT

TT
CT

G
TG

TT
G
G
CG

CA
TS

LP
N
M

03
30
35

91
TC

TT
G
TA

G
CA

AT
CG

G
CC

AC
A

AC
AT

TT
CT

TT
G
G
CG

AG
CG

A
TR

A
F1

N
M

00
56
58

91
TG

G
A
AG

AT
CA

CC
A
AT

G
TC

AC
CA

AT
AC

TT
G
G
CA

G
TG

TA
G
A
AG

G
CT

G
G

TR
A
F3

N
M

14
57
52

91
G
A
AG

G
CG

TG
TA

A
AT

AC
CG

G
G

AC
AG

TC
G
G
TG

TC
TT

CG
TG

TT
TC

T
N
FK

B2
N
M

00
10
77
49
4

96
AC

AT
G
AC

TG
CC

CA
AT

TT
A
AC

A
AC

C
G
G
AG

CC
G
CT

G
CC

TC
TG

A
IL
-2
5

N
M

02
27
89

91
CA

CC
CA

G
AG

TC
CT

G
TA

G
G
G
C

G
G
TT

CA
AG

TC
TC

TG
TC

CA
AC

TC
AT

AT
C

IL
-3
3

N
M

03
34
39

51
A
AC

AC
CC

CT
CA

A
AT

G
A
AT

CA
G
G
T

TT
G
G
CA

TG
CA

AC
CA

G
A
AG

TC
T

N
on

ca
no

ni
ca
lE

M
T

TN
IP
1

N
M

00
12
52
38
5

92
AT

CC
AG

TG
G
CA

CC
TC

CT
CT

G
CC

AG
CG

CC
AT

CG
CA

TT
SM

A
/A
CT

A
2

N
M

00
114

19
45

91
TG

TA
AG

G
CC

G
G
CT

TT
G
CT

TT
CC

CA
CC

AT
CA

CC
CC

CT
C
ol
1A

1
N
M

00
00
88

95
CC

AG
A
AG

A
AC

TG
G
TA

CA
TC

AG
CA

CG
CC

AT
AC

TC
G
A
AC

TG
G
A
AT

C
Vi
m
en
tin

N
M

00
33
80

91
G
CT

CA
AT

G
TT

A
AG

AT
G
G
CC

CT
T

TG
G
A
AG

AG
G
CA

G
AG

A
A
AT

CC
TG

D
es
m
in

N
M

00
19
27

91
G
G
AG

AG
G
AG

AG
CC

G
G
AT

CA
G
G
AC

CT
CA

G
A
AC

CC
CT

TT
G
C

Tw
ist
1

N
M

00
04
74

10
1

TC
TC

G
G
TC

TG
G
AG

G
AT

G
G
A

CA
AT

G
AC

AT
CT

AG
G
TC

TC
CG

Tw
ist
2

N
M

00
12
71
89
3

119
AC

G
AG

CG
CC

TC
AG

CT
AC

G
CG

CG
AC

G
G
AC

AG
CC

CT
G

SL
U
G

A
F0

84
24
3

91
TG

TG
TG

G
AC

TA
CC

G
CT

G
CT

C
AC

TC
AC

TC
G
CC

CC
A
A
AG

AT
G

SN
A
I1

N
M

00
59
85

95
G
CG

CT
CT

TT
CC

TC
G
TC

AG
G

G
G
G
CT

G
CT

G
G
A
AG

G
TA

A
AC

TC
T

IT
G
A
2

N
M

00
22
03

91
AG

CC
G
A
AG

TA
CC

A
AC

AG
G
AG

TT
AT

A
G
CC

G
AG

CT
TC

CA
TA

A
A
AT

TG
C

FS
P1
/S
10
0A

4
N
M

00
29
61

91
AG

G
G
TG

AC
A
AG

TT
CA

AG
CT

CA
AC

G
CT

TC
AT

CT
G
TC

CT
TT

TC
CC

C
SM

A
/A
CT

A
2

N
M

00
114

19
45

91
TG

TA
AG

G
CC

G
G
CT

TT
G
CT

TT
CC

CA
CC

AT
CA

CC
CC

CT

IF
N

IF
N
b

N
M

00
21
76

95
G
CA

G
TT

CC
AG

A
AG

G
AG

G
AC

G
TC

CA
G
CC

AG
TG

CT
AG

AT
G
A
AT

C
IF
N
a6

N
M

02
10
02

91
G
TG

G
TG

CT
CA

G
CT

G
CA

AG
TC

CC
AG

G
AG

CA
TC

AT
G
G
TC

CT
C

IF
N
a2
1

N
M

00
21
75

91
TG

AT
CT

G
CC

TC
AG

AC
CC

AC
A

CT
TC

AG
G
CA

G
G
AG

A
A
AG

G
AG

AG
CC

L5
/R
A
N
TE

S
N
M

00
29
85

96
TC

TA
CA

CC
AG

TG
G
CA

AG
TG

CT
C

CC
CG

A
AC

CC
AT

TT
CT

TC
TC

TG
D
D
X5

8/
RI
G
1

N
M

01
43
14

13
2

CC
AC

TT
A
A
AC

CC
AG

AG
AC

A
AT

A
AC

A
A

TT
G
CC

AC
G
TC

CA
G
TC

A
AT

AT
G

LM
P2

N
M

00
28
00

91
TT

CA
CC

AC
AG

AC
G
CT

AT
TG

CT
C

CC
AC

AC
CG

G
CA

G
CT

G
TA

AT
TA

P1
N
M

00
05
93

91
G
TT

TT
TC

CA
AC

AG
A
AC

CA
G
AC

AG
G

G
CT

CA
G
AT

TC
TC

AC
TC

AG
AG

A
AT

CA
CT

ST
AT

1
N
M

00
73
15

10
4

TC
CT

G
CT

G
CG

G
TT

CA
G
TG

G
G
G
TT

CA
AC

CG
CA

TG
G
A
AG

ST
AT

2
N
M

00
54
19

11
8

CC
TG

A
A
AC

AC
AG

G
CT

CA
TT

G
TG

TG
G
CA

CC
AG

CC
CT

AG
TT

CC
IR
F1

N
M

00
21
98

91
AG

CA
AG

G
CC

A
AG

AG
G
A
AG

TC
A

TG
CT

G
TG

G
TC

AT
CA

G
G
CA

G
A

IR
F9

N
M

00
60
84

91
AG

CC
AC

AG
G
A
AG

TT
AC

AG
AC

AC
A
A

G
CA

G
TG

AG
TA

G
TC

TG
G
CT

CT
G
G
A

SO
CS

3
N
M

00
39
55

91
CT

TT
CT

G
AT

CC
G
CG

AC
AG

CT
AC

AC
TG

G
AT

G
CG

CA
G
G
TT

C
IF
12
7

N
M

00
11
30
08
0

91
CA

G
TC

AC
TG

G
G
AG

CA
AC

TG
G
A

G
CC

CA
G
G
AT

G
A
AC

TT
G
G
TC

A
M
X1

N
M

00
114

49
25

10
6

G
A
AC

CA
CC

CA
TA

TT
TC

AG
G
G
AT

C
AT

G
TG

TG
AT

G
AG

CT
CG

CT
G
G
TA

IF
N
L1

(I
L-
29
)

N
M

17
21
40

10
3

A
AG

CC
CA

CC
AC

A
AC

TG
G
G

AC
TC

TT
CC

A
AG

G
CG

TC
CC

IF
N
L2

(I
L-
28
A
)

N
M

17
21
38

10
1

AC
AT

G
AC

TG
G
G
G
AC

TG
CA

C
AT

CC
G
G
G
AG

AG
CC

CC
G
T

IF
N
L3

(I
L-
28
B)

N
M

17
21
39

99
AT

G
AC

CG
G
G
G
AC

TG
CA

TG
AT

CC
G
G
G
AG

AG
CC

CC
G
C

G
ro
w
th

fa
ct
or

Fo
s

N
M

00
52
52

91
G
G
G
CA

AG
G
TG

G
A
AC

AG
TT

AT
CT

G
TT

G
CG

G
CA

TT
TG

G
CT

G
c-
Ju
n

N
M

00
22
28

91
G
TC

CC
AG

G
AG

CG
G
AT

CA
AG

G
G
CG

AT
TC

TC
TC

CA
G
CT

TC
C

SO
D
2

N
M

00
06
36

90
TG

CT
TG

TC
CA

A
AT

CA
G
G
AT

CC
TG

A
AG

G
TA

G
TA

AG
CG

TG
CT

CC
C

TM
4S
F1

N
M

01
42
20

91
G
AG

G
TG

G
CC

TG
CT

G
AT

G
CT

CC
AC

AG
TT

TT
CA

TG
G
CC

AC
AG



BioMed Research International 5

Ta
bl
e
1:
C
on

tin
ue
d.

Pa
th
w
ay

G
en
e

Ac
ce
ss
io
n
#

A
m
pl
ic
on

(b
p)

Fo
rw

ar
d
(5


-3


)
Re

ve
rs
e(
5
-3


)

RO
S/
D
N
A

N
O
X1

N
M

00
70
52

91
G
G
G
CA

TC
CC

CC
TG

AG
TC

T
TC

TG
CT

G
G
G
AG

CG
G
TA

A
A
AC

N
O
X4

N
M

01
69
31

91
AC

TC
A
AC

AC
CC

TG
TT

G
G
AT

G
AC

T
CC

A
AC

G
G
A
AG

G
AC

TG
G
AT

AT
CT

H
O
XB

9
N
M

02
40
17

91
G
G
CC

G
G
AT

CA
A
AC

CA
AC

C
TC

CA
G
CG

TC
TG

G
TA

TT
TG

G
TG

AT
M

N
M

00
00
51

12
7

G
CT

TC
TC

AG
G
AT

A
AT

CC
G
CA

AG
CC

A
AG

CA
G
CT

TC
CA

AC
AG

C
ST

K3
9
(S
RT

39
)

N
M

01
32
33

91
G
CC

CA
A
AG

AG
CC

A
A
A
A
AG

G
T

CG
TC

G
TC

AC
TC

CA
CT

CC
CA

C
el
lc
yc
le

PC
N
A

N
M

00
25
92

91
TG

CG
CC

G
G
CA

AT
G
A
A

CT
TT

CT
CC

TG
G
TT

TG
G
TG

CT
TC

CD
KN

1A
N
M

00
03
89

92
AG

CA
G
G
CT

G
A
AG

G
G
TC

CC
G
CG

TT
TG

G
AG

TG
G
TA

G
A
A
AT

CT
G
T



6 BioMed Research International

2.7. Clustering Approaches. A clustered image map (CIM) of
a normalized matrix was created that correlates gene expres-
sion pattern to different time points in HSAECs cells upon
stimulation by TNF𝛼 and TGF𝛽. For each gene, mean and
standard deviation were calculated from their expression fold
changes (see Table S1 in Supplementary Material available
online at http://dx.doi.org/10.1155/2013/505864) across the
time course and were normalized to unstimulated HSAECs
[26–28]. Z-score transformation was calculated for each of
the 50 genes (Table S2) by subtracting each fold change value
by the row mean and dividing by the row standard deviation
[37]. In essence, the Z-score gives an estimation of the
deviation of themeasurement from the rowmean in standard
deviation units. Hierarchical clustering was performed using
an average-linkage clustering algorithm across six different
time points in the absence or presence of stimulants. The
cluster tree of genes is represented on the y-axis, and time-
points and stimulants are shown on the x-axis. Each block of
red or green represents a high positive or negative correlation
between the gene expression and the stimulant under a
specific time point.

3. Results and Discussion

3.1. Induction of Type II EMT. To establish a model of type
II EMT, a continuously replicating line of human small
airway epithelial cells was generated by immortalization
using human telomerase (hTERT) and CDK4 expression
[33]. These cells show a stable epithelial morphology and
differentiated cytokeratin isoforms after over 100 population
doublings, express the stem cell marker p63 and high levels of
p16INK4a, and have an intact p53 checkpoint pathway [33].

To characterize type II EMT, HSAECs were incubated
in the absence or presence of TGF𝛽 (5 ng/mL) for 10 d.
Transformed type II alveolar epithelial cells (A549) and
immortalized bronchial epithelial cells (HBECs) were used
as reference. Cells were fixed, stained with FITC-conjugated
phalloidin (for distribution of F actin) and DAPI (a nuclear
DNA stain), and examined by confocal microscopy. In
the absence of TGF𝛽 stimulation, HSAECs assumed a
normal cuboidal morphology with perinuclear cytoplasmic
distribution of F-actin (Figure 1(a)). By contrast, TGF𝛽-
treated HSAECs showed an elongated shape with markedly
induced F-actin staining (Figure 1(a)). This morphological
change of enhanced front-rear polarity and cytoskeletal
actin rearrangement are similar to those observed in TGF𝛽-
treatedA549 andHBECs; all are characteristicmorphological
changes of EMT [8].

To further confirm the induction of EMT, expression
of ECM genes and EMT-associated transcription factors
were assessed by Q-RT-PCR. TGF𝛽-treated HSAECs showed
marked upregulation of extracellular matrix (ECM; Col1A),
mesenchymal intermediate filament protein (vimentin), and
TGF𝛽-induced transcription factors (SNAI1, Twist1/2) medi-
ating the EMT genetic program (Figure 1(b)). This gene
expression pattern is similar to those observed in other
primary epithelial cells [13]. Together, these data suggest that

TGF𝛽 induces morphological and gene signatures of stable
type II EMT in HSAECs.

3.2. Systems Profiling. Our goal was to establish a platform
for the systematic perturbation of the signaling phenotype
induced by stable type II EMT using reiterated rounds
of stimulus perturbations and profiling measurements to
inform the development of predictive models of complex
behavior (schematically illustrated in Figure 2). For these
experiments we developed a quantitative plate-based PCR
assay to monitor the signature gene expression of the innate
pathway, including the interferon, canonical and noncanoni-
cal NF-𝜅B dependent pathways, the DNA damage response
pathways, the EMT programs, JAK/STAT pathway, and
growth factor pathways (Table 1).

3.3. Perturbations of Signaling Dynamics in Response to EMT.
The time series experiments of the gene expression driven by
the canonical NF-𝜅B pathway were measured by using plate-
based Q-RT-PCR in control and EMT-transformed HSAECs
in response to the prototypical activating cytokine, TNF𝛼.
Relative changes in mRNA expression were normalized to
DNA polymerase 𝛽 as a housekeeping gene, and the data
were Z-score-transformed to show deviations of expression
in standard deviation units [26, 37]. The gene expression of
the pathway was then visualized using hierarchical clustering
(Figure 3, and Supplemental Tables). The HSAECs after
EMT showed unique quantitative and qualitative expression
patterns. For example, the top cluster contains members
of the interferon-gamma (IFN) pathway such as ITGA2,
myxovirus resistance 1 (MX1), signal transducer and acti-
vator of transcription (STAT1), proteasomal components
low molecular weight proteins (LMP2), and transporters
associated with antigen processing (TAP2); these genes are
markedly downregulated as a function of EMT (Figure 3).
By contrast, genes within the NF-𝜅B pathway, growth factor
response, and EMT signatures were markedly upregulated
(Figure 3).

3.4. EMT Effects on the Canonical NF-𝜅B Signaling Path-
way. Because of the marked effects of the EMT state on
the NF-𝜅B pathway, we sought to further investigate this
mechanism. Hierarchical clustering of the NF-𝜅B-dependent
gene pathway is shown in Figure 4. Genes that selectively
respond to the canonical pathway include NFKBIA/I𝜅Ba and
TNFAIP3/A20; we have shown that the expression of these
genes depends on I𝜅B𝛼 proteolysis and that they have direct
NF-𝜅B/RelA binding sites in their promoters [26, 38]. Greater
upregulation of these genes was observed at the earliest time
point measured, with a second wave of expression at 12–24 h
after TNF𝛼 stimulation.This mimics the oscillatory behavior
of the NF-𝜅B signaling pathway observed in cancer cells [39].

3.5. EMT Affects the Coupling of the Noncanonical to the
Canonical NF-𝜅B Signaling Pathways. EMT effects on the
time-dependent expression of the TNIP1/Naf1 gene, a hall-
mark of the noncanonical NF-𝜅B pathway [24, 27], were
also evident in the hierarchical clustering (Figures 3 and 4).
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As discussed above, the noncanonical pathway is coupled
to the canonical pathway through the expression of TNF
receptor associated factor-1 (TRAF-1). TRAF-1 is unique
for the TRAF isoforms that complexes with, stabilizes, and
activates the NIK⋅IKK𝛼 complex to trigger the noncanonical
pathway [24]. Analysis of relative fold change of expression
showed that TRAF-1 expression was strongly upregulated
within 1 h of TNF𝛼 stimulation and peaked at 12 h in EMT-
HSAECs versus HSAECs, whereas, TRAF-1 was upregulated
by 20-fold at 12 h after TNF𝛼 stimulation in EMT-HSEACs
versus 3-fold in HSEACs (Figure 5(a)).

We especially noted that the noncanonical NF-𝜅B
pathway-dependent TNIP1/Naf1 gene showed a leftward shift
in the temporal expression profile, where, in the presence
of EMT, TNIP1/Naf1 expression was more rapidly induced,

reaching the plateau within 3 h of stimulation in the EMT-
HSAECs versus the 6 h required to reach plateau seen in
HSAECs (Figure 5(a)). Together, these data indicate that
EMT induces more robust expression of TRAF1 and pro-
duced a rapid coupling of the canonical to the noncanonical
NF-𝜅B pathway.

3.6. EMT Effects on Chromatin Modification and Transcrip-
tional Elongation. Transcription of protein-coding genes by
RNA Pol II is a highly regulated process involving preinitia-
tion (assembly of basal transcription factors and co-activator
recruitment), leading to initiation, elongation, and termina-
tion phases of RNA synthesis [40]. Previous work by our
group and others has shown that transcriptional elongation is
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a major regulated event controlling the innate response [38,
41, 42]. Because genome-wide analysis of EMT has revealed
that TGF𝛽 induces global reorganization of transcriptionally
activemarks (histone (H3) Lys (K) 36 trimethyl) in large orga-
nized heterochromatin domains [20], we examined whether
the NF-𝜅B-dependent genes were affected by chromatin
remodeling or via changes in transcriptional elongation.

We therefore measured the binding of the transactivator
(NF𝜅B/RelA), transcriptional elongation complex (CDK9),
activated transcriptional elongation polymerase (phospho-
Ser2 RNA Pol II), and euchromatin marks (H3K4Me3)
on the TRAF-1 promoter using a highly quantitative two-
step chromatin immunoprecipitation (XChIP) assay [34, 43].
Here, TNF𝛼 induced a similar level of increase in NF-
𝜅B/RelA binding to promoter in both EMT-HSAECs and
normal HSAECs. This induction of NF-𝜅B/RelA binding
was not affected by EMT (Figure 5(b)). TNF𝛼 stimulation
induced a significant increase in phospho-Ser2 RNA Pol II
binding in the EMT-HSAECs, despite reduced amounts of
CDK9 binding in both basal and TNF𝛼 stimulated conditions
(Figure 5(b)). EMT induced the level of H3K4Me3 binding
to the TRAF1 promoter, even in the absence of TNF𝛼 stimu-
lation. Together, these findings indicate that EMT promotes
remodeling of the chromatin environment of the TRAF1

gene, poising it for more rapid induction via transcriptional
elongation.

3.7. Computational Simulations of the Effect of EMT on
Canonical-Noncanonical NF-𝜅B Coupling. We previously
reported a deterministic mathematical model linking the
canonical and noncanonical arms of NF-𝜅B pathway, where
we have shown that the formation of the TRAF1⋅NIK complex
acts as a rate-limiting feed-forward signaling complex neces-
sary to activate the noncanonical pathway [24].

Based on the time delay between the expression of TRAF1
mRNA and TRAF1 protein and the presence of an atypical
internal ribosomal binding site (IRES) and translational initi-
ation site at an internal site in TRAF1 [44], we predicted that
a delay in TRAF1 protein translation via a cap-independent
mechanism controls the rate of noncanonical NF-𝜅B pathway
activation in response to TNF𝛼. Interestingly, our expression
profiling data here suggest that pathway coupling is affected
by EMT in the HSAECs. Through the enhanced formation
of transcriptional elongation-competent RNA Pol II, TRAF1
and NF-𝜅B2 expression is enhanced, resulting in a shift
of noncanonical pathway activation (TNIP1/Naf1) to earlier
times.
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Figure 5: Effect of EMT on canonical-noncanonical NF-𝜅B pathway coupling. (a) Relative changes in TRAF1, NF-𝜅B2, and TNIP1 mRNA
expressed as fold-change measurements in the absence or presence of TGF𝛽-induced EMT as indicated. Each point is the mean of a duplicate
biological experiment, measured with three technical replicates. (b) XChIP experiments of HSAECs in the presence (grey bars) or absence
(black bars) of TGF𝛽-induced EMT. Shown is fold change in the TRAF1 promoter quantified by Q-gPCR relative to unstimulated HSAEC
signal in duplicate experiments. (c) Computational simulations of p52 processing as a function of translational delay for TRAF1 and NF𝜅B2.
Abbreviations; T.d., translational delay. (A) shows the effect of increasing TRAF1 translational delay on p52 processing time while keeping
the translational delay of NF𝜅B2 either at nominal rate (90) or higher than nominal rate or lower than nominal rate. (B) shows similar effect
but for increasing NF𝜅B2 translational delay (x-axis). (C) shows the contour plot of all simulations (D, E) amantadine-treated A549 cells
(200 𝜇g/mL) were stimulated with poly I:C and TNIP1/Naf1 (D), and IL8 (E) expression was measured by Q-RT-PCR. Data expressed as
fold change as compared to untreated cells after normalizing to internal controls, GAPDH. Data analyzed by a 2-way ANOVA with multiple
comparisons. Significantly different from amantadine untreated samples: ∗𝑃 < 0.05 and ∗∗𝑃 < 0.001. Amantadine-treated cells (light bars)
showed higher level of noncanonical pathway inhibition compared to untreated cells (dark bars).
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We, therefore, performed simulations of the noncanon-
ical pathway coupling by systematically varying the trans-
lation delay function of TRAF1. Interestingly, the coupling
interval, that is, time lag between the activation of canonical
NF-𝜅B pathway and the formation of p52, monotonically
reduced as TRAF-1 translation was increased until it reached
a critical threshold of 90min (Figure 5(c): (A)). Further
reductions in the TRAF-1 translation delay function alone,
even to zero, did not reduce the coupling interval for p52
formation and TNIP/Naf1 expression.

After examination of other proteins in the noncanonical
pathway, we noted that NF-𝜅B2 translation delay function
produced a similar effect, where the coupling interval reached
a plateau below which p52 processing was not further
increased (Figure 5(c): (B)). In these experiments, a total of
42 simulations were conducted for each protein covering the
time points from zero to 10 h.

The finding that the coupling interval was inert to
reducing the translational delay of each protein individually
prompted us to perform a simulation by changing the
translational delay parameters for both TRAF1 and NF-𝜅B2
simultaneously.The biological rationale for this is that TRAF-
1 is translated by a cap-independent mechanism [44] and
our previous studies show that both of these mRNAs are
translated in a coordinated, delayed manner distinct from
those mRNAs undergoing cap-dependent translation. A total
of 1681 combinatorial simulations of the translational delay
were conducted covering the time points from 0 to 10 h.
Interestingly, we found that reducing the IRES-dependent
translational delays for both proteins together resulted in
shorter coupling interval (e.g., an earlier onset of p52 process-
ing and noncanonical gene expression) to values as quickly
as 15min relative to TNF𝛼 stimulation (versus the nominal
time of 6 h) (Figure 5(c): (A), (B)). In both figures, reducing
the translational delay of both proteins to zero resulted in
the early processing of p100 to p52. Figure 5(c): (C) shows
the cumulative effect of all combinations of simulations for
these two proteins. A conceptual representation is shown in
Table 2.This model thus predicts that altering the translation
rate of these two proteins produces a leftward shift in non-
canonical gene expression kinetics relative to the canonical
pathway.

Our computationalmodel predicted that TRAF1 and p100
translation is under IRES-dependent control. Our earlier
studies have shown that the activation kinetics of noncanon-
ical pathway is coincident with that of the canonical pathway
in response to viral infection and dsRNA stimulation [45].We
noted that the effects of dsRNA are similar to that of EMT
by reducing the coupling constant between the canonical
and noncanonical pathways. To confirm whether the non-
canonical pathway was coupled to NF-𝜅B/RelA through an
IRES dependentmechanism, we perturbed an IRESmediated
translation using amantadine, a known inhibitor of IRES-
dependent translation [46]. A549 cells were activated using
poly I:C treatment in the absence or presence of amantadine,
and canonical and noncanonical pathway kinetics were mea-
sured.We observed that the amantadine-treated cells showed
significant inhibition of TNIP1/Naf1 expression compared
to control cells (no amantadine treatment) after 4 and 6 h

Table 2: Conceptual representation of combinatorial simulations of
translational delays of TRAF1 and NF-𝜅B2.

Time-delay combinations (min) NF-𝜅B2/p100 processing
kinetics

(1) TRAF1 (<120) + P100 (<90) Fast
(2) TRAF1 (≤120) + P100 (=90)
OR
TRAF1 (=120) + P100 (≤90)

Near nominal
or

nominal
(3) TRAF1 (≥120) + P100 (>90)
OR
TRAF1 (>120) + P100 (≤90)
OR
TRAF1 (≤120) + P100 (>90)

Delayed

of treatment (Figure 5(c): (D)). At this dose, amantadine
seems to have some inhibitory effect on IL8 expression at
6 hr (Figure 5(c): (E)) although this effect was significantly
lower than its effect on TNIP1/Naf1 (7-fold versus 2-fold)
(Figure 5(c): (D), (E)).These results suggest that EMT results
in chromatin remodeling and transcriptional elongation of
TRAF-1/NF𝜅B2 expression as well as influencing the rate of
translation of IRES-dependent genes, resulting in shortening
the coupling interval between the canonical and noncanoni-
cal pathways (Figure 6).

4. Discussion

In this study, we applied systems level approaches to inter-
rogate the dynamic state of EMT in a model of chronic
mucosal inflammation. Although EMT processes (type I
EMT) are essential during histogenesis and organogenesis,
type II EMT is involved in organ remodeling and chronic
diseases, and type III EMT is involved in progression of
transformed epithelial cells to a metastatic phenotype. These
newly formed mesenchymal cells transiently express distinct
markers acquiring “front-rear” polarity, become invasive,
and induce extracellular matrix remodeling. Using immor-
talized human small airway epithelial cells, we demonstrate
that TGF𝛽 induces stable EMT transition morphologically
through the restructuring of actin cytoskeleton, induction of
intermediate mesenchymal cytoskeletal proteins, and expres-
sion of the SNALI/Twist transcription factors. Although the
signals conferring EMT have been extensively investigated,
the effect of EMT on signal transduction pathways has
not been systematically explored. Here, we investigated the
effect of EMT on innate signaling and discovered that EMT
dramatically affects two coupled arms of the NF-𝜅B signaling
pathway. This coupling is mediated through the induction
of transcriptionally active euchromatin marks and enhance-
ment of transcriptional elongation. Our computational sim-
ulations further predict that translational rate of these two
key rate-limiting coupling proteins must also be affected. As
a result, the innate pathway is hyperresponsive in type II
EMT, with a more rapid coupling between the canonical and
noncanonical arms of the NF-𝜅B pathway. Because EMT has
been observed in chronic lung fibrotic disease in humans [47]
and epithelial cells isolated from human asthmatics undergo



BioMed Research International 13

0 h 1 h 3 h 6 h

Cytoplasm
Nucleus

TNF

CDK9

CDK9

CDK9

CDK9

p100

p100

p52

NIK

TRAF1

TRAF1

TRAF3

TNIP1

Canonical
pathway activation

Noncanonical
pathway activation

NF-𝜅B1
I𝜅B𝛼

A20/I𝜅B𝛼
p-Pol-IIp-Pol-II

p-Pol-II

p-Pol-II

NF-𝜅BNF-𝜅B

NF-𝜅B

NF-𝜅B

RelA·NF-𝜅B1 RelA·NF-𝜅B2

Basal: no TGF𝛽, no EMT

(a)

Cytoplasm
Nucleus

TNF

CDK9

CDK9

CDK9

CDK9

p100

p100

p52

NIK

TRAF1

TRAF1

TRAF3

TNIP1

Canonical
pathway activation

Noncanonical
pathway activation

Active: TGF𝛽, EMT

0 h 1 h 3 h 6 h

NF-𝜅B1
I𝜅B𝛼

A20/I𝜅B𝛼

p-Pol-IIp-Pol-II

p-Pol-II

p-Pol-II

NF-𝜅BNF-𝜅B

NF-𝜅B

NF-𝜅B

RelA·NF-𝜅B1 RelA·NF-𝜅B2

A20/I𝜅B𝛼

(b)

Figure 6: Effect of EMT on canonical-noncanonical NF-𝜅B coupling. Schematic diagram of EMT effects on NF-𝜅B signaling pathway. EMT
induces changes in euchromatin marks of NF-𝜅B-dependent genes, transcriptional elongation, and translational delay to reduce the coupling
constant between the NF-𝜅B canonical and noncanonical pathways. A timeline is shown for both states of EMT-Basal (no EMT) and TGF𝛽-
mediated EMT (0 to 6 h).
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a greater degree of EMT than normal subjects [13], these
studies have special relevance to airway pathophysiology.

Type II EMT may play a critical cellular role in the pro-
gression of human pulmonary fibrotic diseases. Although the
molecular basis of airway remodeling and loss of epithelial
integrity in asthma is still undefined, several lines of evidence
implicate EMT in this process [48]. For example, the airway
epithelium is recognized as an important contributor to intra-
pulmonary fibroblast accumulation after injury, including
idiopathic pulmonary fibrosis [12, 49], asthma, and COPD
[50]. The bronchial epithelium in asthma is highly abnormal
with structural changes involving the separation of columnar
cells from their basal attachment leading to the disruption of
epithelial barrier and functional changes including increased
expression and release of profibrotic factors [2]. Subepithelial
fibrosis is influenced by epithelial cell-derived VEGF, IL-33,
IL-25, and thymic stromal lymphopoietin (TSLP), as well
as leukocyte-derived TGF𝛽. Epithelial cells from individuals
with asthma produce high amounts of periostin, a cytokine
that stimulates TGF-𝛽 production and modifies myofibrob-
last collagen synthesis [51]. The increase in myofibroblasts
causes thickening and increased density of the subepithelial
basement membrane, contributing to a progressive decline in
lung function [48, 52].

The relationship between epithelial fibrosis and innate
inflammation is a complex and interrelated phenomenon.
Specifically, the TNF𝛼-NF-𝜅B pathway has a number of
modulatory actions on epithelial EMT. For example, activated
NF-𝜅B suppresses E-Cad and induces the expression of
mesenchymal vimentin, two hallmarks of EMT [53]. Studies
of insulin breast cancer epithelial cells have shown that
like growth factor (IGF)1 receptor-induced EMT is partially
mediated by NF-𝜅B-increased expression of SNAL1 [54].
SNAI1 upregulation is mediated at multiple levels, including
direct binding to the SNAI1 promoter leading to an increased
mRNA expression at the level of transcription [55] and
secondly by induction of CSN2, a protein that disrupts
binding GSK-3𝛽 and 𝛽-Trcp binding to SNAI1 resulting in its
posttranslational stabilization [56]. Our observations suggest
that EMT-HSAECs express high levels of SNAI1, and that
upregulation of NF-𝜅B is partially responsible for mediating
type II EMT. More work will be required to determine the
requirement ofNF-𝜅B signaling in EMTofHSAECs.We note
that other studies have shown that NF-𝜅B activates ZEB in
mammary epithelial cells through cis-regulatory elements in
the ZEB promoter [53], perhaps suggesting that NF-𝜅B is a
master regulator of EMT programs.

An exciting and novel finding in our studies is that
EMT sensitized the innate pathway to be hyperresponsive
to its canonical activating signals. Specifically, we demon-
strate that EMT dramatically upregulates innate genes and
accelerates the coordinated induction of TRAF1 and NF-𝜅B2
expression by modulating euchromatin marks and inducing
transcriptional elongation. Our XChIP experiments indicate
that genes downstream of the NF-𝜅B pathway are regulated
by a mechanism involving enhanced formation of phospho-
Ser2 Pol II. The NF-𝜅B pathway is a major arm of the innate
immune response, whose rapid activation generates effectors

that restrict pathogen spread [23, 57]. For innate genes
bounded within closed chromatin, preinitiation complex
formation is an essential first step in inducible expression
[40]. In this process, the histone acetyltransferases, such
as p300/CBP, are recruited to destabilize repressive histone,
resulting in p300/CBP dissociation the and binding of gen-
eral transcription factors, including TFIID. By contrast, for
immediate early genes located within open chromatin, Pol
II is preengaged in a hypophosphorylated state, producing
short ∼30–50 nt transcripts [58]. Promoter proximal pausing
is reversed by the activated positive transcription elongation
factor (P-TEFb), a multiprotein complex containing CDK9,
BRD4 and cyclin T1 or T2 subunits [41, 42]. Upon PTEF-b
binding, phospho-Ser2 Pol II is formed, and enters elongation
mode to produce full-length, spliced transcripts [41, 42, 59].
Our XChIP analysis demonstrates that innate genes in EMT-
HSAECs are located within an euchromatin environment,
associated with transcriptionally active histone H3 marks.
This finding is consistent with RelA binding preferring open
chromatin domains, inferred by our earlier ChIP-Seq studies
[43]. The effect of EMT on enhanced formation of phospho-
Ser2 RNA Pol II has not been previously observed and will
require further investigation into the effects of EMT on the
PTEF-b protein interaction network.

Our data further indicate that EMT affects the feed-
forward link between the canonical and noncanonical NF-
𝜅B pathways. Earlier, we showed that TRAF1 and NF-𝜅B2 are
canonical genes whose protein synthesis is under a transla-
tional delay [24]. Newly synthesized TRAF1 binds and sta-
bilizes NIK by disrupting its interaction with TRAF2-cIAP2.
Activated NIK is the rate limiting step responsible for the co-
translational processing of NF-𝜅B2 precursor into the active
50 kDa DNA binding form [24]. Our simulations predict that
EMT controls the rate of IRES-dependent translation of both
TRAF1 and NF-𝜅B2 to explain this effect. The amantadine
inhibition experiments validate these predictions; however,
more research will be required to understand the effect of
EMT on IRES-dependent translational control.

We contend that the systematic examination of type II
EMT of airway epithelial cells has important implications
for human disease. Recent studies suggest that the structural
components of the lung may first respond to environmental
risk factors for inflammatory/fibrotic lung diseases, such as
asthma [60], COPD, and cancer. In asthma, EMT remodeling
of the epithelial basement membrane promotes sensitization
to inhaled allergen by causing persistent dendritic cell acti-
vation and migration [61]. In COPD, the reticular basement
membrane is fragmented with “clefts” of cells staining for
MMP-9 and S100A4, hallmarks of EMT [13]. We note that
airways infection with respiratory syncytial virus (RSV), the
most common viral respiratory pathogen in small children
which is widely considered as a risk factor for the develop-
ment of allergic asthma later in life is characterized by an
increased expression of SNAI1, MMP-2, and TGF𝛽1 [62, 63].
Finally, EMT plays a critical role in switching a primary
tumor to a malignant cancer with metastatic phenotype.
These data suggest that induction of EMT is seen in a number
of lung pathologies.
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In summary, using RNA profiling of an EMT cell model,
we demonstrate that this transition has dramatic effects
on the induction of the innate pathway through a mecha-
nism involving chromatin remodeling of the TRAF1 locus,
enabling enhanced phospho-Pol II loading and transcrip-
tional elongation. Computational simulation experiments
suggest that rapid, coordinate, TRAF1/NF𝜅B2 expression is
coupled to their IRES-dependent translation. These rapidly
expressed proteins produce a feed-forward mechanism that
reduces the coupling interval between the canonical and
noncanonical signaling arms of the NF-𝜅B pathways. Further
applications of systems approaches will promote a compre-
hensive understanding of this complex phenotype through
reiterated rounds of gene perturbation, multidimensional
profiling, and deterministic modeling.
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Capturing the effects of exposure in a specific target organ is a major challenge in risk assessment. Exposure to cigarette smoke (CS)
implicates the field of tissue injury in the lung as well as nasal and airway epithelia. Xenobiotic metabolism in particular becomes
an attractive tool for chemical risk assessment because of its responsiveness against toxic compounds, including those present in
CS. This study describes an efficient integration from transcriptomic data to quantitative measures, which reflect the responses
against xenobiotics that are captured in a biological network model. We show here that our novel systems approach can quantify
the perturbation in the network model of xenobiotic metabolism. We further show that this approach efficiently compares the
perturbation upon CS exposure in bronchial and nasal epithelial cells in vivo samples obtained from smokers. Our observation
suggests the xenobiotic responses in the bronchial and nasal epithelial cells of smokers were similar to those observed in their
respective organotypic models exposed to CS. Furthermore, the results suggest that nasal tissue is a reliable surrogate to measure
xenobiotic responses in bronchial tissue.

1. Introduction

Humans and other mammals are equipped with a sophisti-
cated machinery to handle carcinogens and other xenobiotic
compounds. In studies assessing the effects of cigarette
smoke (CS) exposure, a particular interest is given to the
metabolism of xenobiotics. The metabolism of xenobiotics
includes oxidative reactions by phase I enzymes that convert
lipophilic chemical compounds into their hydrophilic forms,
followed by phase II conjugation enzymes, and finally the
phase III membrane transporters [1]. The second and the last
play a role in the elimination of xenobiotic metabolites [1].
The most prominent phase I enzymes are cytochrome P450s
(also known as CYPs) that detoxify or activate xenobiotic
compounds [1]. The phase I enzymes are also known to be
responsible for the metabolism of compounds present in CS,
such as nicotine, benzene, polycyclic aromatic hydrocarbons
(PAHs), and tobacco-specific nitrosamines (TSNAs) [1, 2].

The induction of a specific CYP has been utilized for the
identification of a specific chemical exposure (e.g., induc-
tion of CYP1 family specifies the exposure to PAHs) [1,
2]. The roles of various CYPs on the metabolism of CS
toxicants have been discussed elsewhere in great detail [3–
7]. The metabolization of PAHs and TSNAs can lead to
the generation of carcinogenic metabolites that can interact
with genomic DNA (i.e., leading to the formation of DNA
adducts) [8]. Subsequently, unrepaired DNA adducts would
cause gene mutations that lead to the development of cancer
(carcinogenesis) [9, 10]. Furthermore, the phase II enzymes
(mainly the transferases) catalyze conjugation reactions, such
as glucuronidation, sulfation, methylation, and acetylation.
These reactions are aimed to detoxify xenobiotic compounds
[1, 5]. Moreover, the phase III enzymes refer to the active
membrane transporters responsible for the translocation of
xenobiotic metabolites across cellular membranes [1, 11]. The
initial member of this enzyme family is the ATP-binding
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cassette (ABC) family of drug transporters [1]. Nonetheless,
the effects of CS on the phase III response have been mainly
studied in in vitro systems [12, 13].

The expression of CYPs in a specific tissue may sug-
gest a tissue-specific mechanism in response to xenobiotics
[14]. Although the liver is known to be the main organ
responsible for the metabolism of xenobiotics, the liver is
mostly processing toxicants in blood circulation, which come
directly from the digestive tract [15]. Consequently, airborne
toxicants that come via breathing, including CS exposure,
bypass the initial liver detoxification pathway [15]. Therefore,
compared to the liver, the respiratory system is exposed to a
higher concentration of these toxicants [16]. Thus, the lung
and respiratory tract are relevant and valuable for the risk
assessment of CS toxicants. Many lung cell types, including
bronchial epithelial cells, Clara cells, type II pneumocytes,
and alveolar macrophages are capable in metabolizing xeno-
biotic compounds [14]. Normally, the levels of CYPs in the
lung are expressed at trace levels, but they are induced
upon CS exposure [14]. Studies have reported that bronchial
tissues of smokers exhibit higher levels of CYPs (e.g., CYP1A1
and CYP1B1) as compared to nonsmokers [16–20]. Smoking
cessation can reverse the induction of CYP expression upon
smoking [20].

CS generates a field of tissue injury throughout the
respiratory tract [21]. Tissue injury in the respiratory tract
of healthy smokers may precede the development of CS-
associated lung diseases [21]. Alteration of the genes encoding
the xenobiotic metabolism enzymes has been reported to
occur in a similar manner in the nasal as compared to
bronchial epithelia, thus supporting the tissue injury hypoth-
esis. For example, increases in expression of CYP1A1 and
CYP1B1were also reported in the nasal epithelium in addition
to bronchial epithelium of smokers [17, 18]. Sampling of nasal
epithelia by brushing/scraping is less invasive as compared
to lung biopsy, thus, providing a better opportunity to
screen for respiratory diseases and understand the possible
mechanism associated with CS exposure [17]. Nonetheless,
identifying gene expression profiles associated with xenobi-
otic metabolism remains challenging because the expression
of genes encoding the xenobiotic enzymes is highly variable
within an individual because it may change over time [15]. In
this regard, we propose that our system approaches using a
networkmodel could potentially be useful to characterize the
perturbation in xenobiotic metabolism upon CS exposure.

In a qualitativemanner, our networkmodel can be used to
gain insight into possible biological mechanisms pertaining
to xenobiotic metabolism that are associated to a given
exposure [22, 23]. The network model is built to capture
biological mechanisms of the xenobiotic metabolism based
on evidence from the scientific literature [24] using causal
relationships encoded in Biological Expression Language
(BEL) [25].TheBEL framework is an open-source technology
for managing, publishing, and utilizing a structured life-
science knowledge (http://www.openbel.org/) [25]. Previ-
ously, we have published the first version of the xenobiotic
metabolism network model in the context of the Cellular
Stress NetworkModel [26]. Furthermore, the network model
was modified to capture a more comprehensive xenobiotic

metabolism response [23] and is shown in Figure 1. The
biological networkmodel consists of backbone nodes that are
connected by causal edges that carry directional information
encoded in BEL. In this current xenobiotic metabolism net-
work model, the central backbone node is the transcriptional
activity of aryl hydrocarbon receptor (taof (AHR)). Aryl
hydrocarbon receptor (AHR) is a transcription factor known
to be activated by xenobiotic compounds. AHR regulates
the expression of several target genes (e.g., CYP1A1, CYP1B1,
among others). The network model uses transcriptomic
data as input that are used to computationally predict the
activity/functionality of the backbone nodes (Figure 1, inset)
[26–29].The blue ovals represent the activity of the backbone
nodes (i.e., the functional layer) and the green balls represent
the expression of genes (i.e., the transcriptional layer). The
expression of a given gene can be modulated by one or
more backbone nodes as depicted by black arrows. Our
network model illustrates the fundamental paradigm shift
from forward to backward reasoning. The former considers
that the gene transcript abundance is a direct surrogate entity
for its protein (or protein function). In contrast, our model
considers the latter, in which the changes in gene expression
are the consequence of the upstream biological processes
embedded in the backbone nodes (the functional layer).
Using the backward reasoning, we develop the network per-
turbation amplitude (NPA) algorithm that provides a quan-
tification of the backbone nodes [23, 25, 29], which is called
the “differential network backbone value” (illustrated in
Figure 1, inset). Our NPA approach (described in Section 2)
aims at scoring functional biological processes based on the
fold changes of the gene expression. Thus, the quantification
of the backbone nodes (i.e., the “differential network back-
bone values”) in this model reflects the biological mecha-
nisms pertaining to xenobiotic metabolism. The NPA algo-
rithm also integrates the network topology and directionality
of edges in the network [23, 25, 29]. Both of which are taken
into account for the computation of the NPA score of the
entire network along with its companion statistics (described
in Section 2).TheNPAscore of the entire network can be used
to evaluate the degree of perturbation between experimental
measures (e.g., exposed versus unexposed samples) [23, 29].
Thus, the differential network backbone values in this specific
network exemplify the activity of biological mechanisms per-
taining to xenobiotic metabolism.Moreover, using transcrip-
tomic data derived from exposed and unexposed samples, the
NPA algorithm provides a quantitative measurement of the
network perturbation affecting the xenobiotic metabolism.

Our NPA approach has been used previously to compare
the perturbation of the xenobiotic metabolism between
an in vivo dataset derived from bronchial epithelium of
smokers obtained by brushing and an in vitro dataset derived
from organotypic bronchial model exposed to CS [23]. In
that study, we demonstrated that at the level of backbone
nodes (i.e., the differential network backbone values), the
in vivo and in vitro samples were significantly correlated
[23]. Here, we further extended the use of the xenobiotic
metabolism network model by presenting some new use
cases to probe the comparability not only between the
network perturbation derived from in vivo and in vitro
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Figure 1: A network model representing the mechanism of xenobiotic metabolism and an illustration of network perturbation amplitude
(NPA) approach.

data but also from bronchial and its surrogate nasal tis-
sue.

We and others have recently reported that in vitro
organotypic human-derived tracheal/bronchial epithelium
pseudostratified models resemble human respiratory tract
epithelium at the morphological and molecular levels [30–
33]. Our group has previously reported using Gene Set
Enrichment Analysis; CS exposure affects similar biological
changes in bronchial epithelial cells obtained from smokers
as compared to the organotypic bronchial epithelium model
exposed to CS [31]. In this present study, we not only exam-
ined the in vitro organotypical bronchial model but also nasal
model. Both the nasal and bronchial epithelia organotypic
models (Figure 2) contain ciliated cells and express the airway
lineage markers, such as p63—a marker of basal epithelials
cells that is required for the normal development of epithelial
tissues [34]—and Muc5AC that is specifically produced by
airway mucous-secreting epithelial cells [35]. Specifically, in
this present work, using the NPA approach and the network
model, we compare the CS-induced perturbations of the
xenobiotic metabolism network in: (1) nasal versus bronchial
tissues in vivo, (2) nasal versus bronchial tissues in vitro, (3)
nasal and bronchial tissues in vivo versus in vitro.

2. Materials and Methods

2.1. Organotypic Tissue Culture Models. MucilAir-human
fibroblasts-bronchial and MucilAir-human fibroblast-nasal

full-thickness tissue models were generated from primary
human respiratory epithelial cells cocultured with primary
human airway fibroblasts. The MucilAir models were pur-
chased from Epithelix Sárl (Geneva, Switzerland) and main-
tained according to the manufacturer’s protocol. MucilAir
model is a ready-to-use 3D model of differentiated human
epithelium [36]. The organotypic tissues were primary
human epithelial cells isolated from healthy, nonsmoking,
Caucasian donors that were reconstituted using fibroblasts.
Coculture of fibroblasts has been shown to contribute to the
growth and differentiation of epithelial cells in 3D cultures
[37]. The bronchial epithelial cells were obtained from one
particular donor, and the nasal epithelial cells were obtained
from another donor. Quality control assessments were per-
formed on both models (data not shown). The tissue models
were cultured at the air-liquid interface in 0.7mL media in
cell culture inserts (24-well format). The organotypic models
were maintained at 37∘C for 14 days at the air-liquid interface
with fresh medium replaced every 2 days.

2.2. Vitrocell Cigarette Smoke Exposure to the Respiratory
Organotypic Tissue Culture Models. After cell culture models
grown in culture for 2-3 days, the tissues (in triplicate)
were exposed at the air-liquid interface to 16% (vol/vol)
mainstream CS exposure (a total of 4 cigarettes, 3R4F) with
1 hour rest between each cigarette and 60% humidified air
in the Vitrocell systems (Waldkirch, Germany). The 60%
humidified air exposure was used as a control exposure.
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Organotypic bronchial epithelium model

Hematoxylin and Eosin p63 staining Muc5AC staining

(a)

Organotypic nasal epithelium model

Hematoxylin and Eosin p63 staining Muc5AC staining

(b)

Figure 2: Organotypic bronchial (a) and nasal (b) models. The in vitro models contained ciliated cells shown in the apical layer of the
Hematoxylin and Eosin stained cells (left). The models were cocultured with fibroblasts that are important for the growth and differentiation
of epithelial cells (indicated by arrows). Staining of airway lineage markers: p63 and Muc5AC are shown (center and right).

The Total Particulate Matter (TPM) inside the exposure
chamber has been measured for each CS concentration (the
mean TPM deposition measured after each cigarette was
2842.4 ng/cm2± SEM = 570.7, 𝑁 = 24). The reference cig-
arette 3R4F was obtained from the University of Kentucky
(http://www.ca.uky.edu/refcig/) and smoked on the 30-port
carousel smoking machine (SM2000, Philip Morris, Int.)
according to theHealthCanada regimen [38]. After exposure,
the organotypic models were incubated with fresh culture
medium immediately (0 h after exposure). Additionally vari-
ous durations of postexposure were implemented (4, 24, and
48 h) before tissues were harvested for further analyses.

2.3. RNA and Microarray Hybridization. Exposed tissues
(𝑛 = 3) at 0, 4, 24, and 48 h postexposure time were
washed 3 times with ice-cold PBS and subsequently lysed
using Qiazol lysis reagent (miRNeasy Mini Kit, Qiagen)
and frozen at −80∘C for up to 1 week. The miRNeasy
Mini Kit was used for the extraction and purification of
mRNA. Total RNA quantity was measured using NanoDrop
ND1000 and qualitatively verified using an Agilent 2100
Bioanalyzer profile (A RIN number greater than 8). For the
mRNA analysis, total RNA (100 ng) was processed accord-
ing to the GeneChip HT 3 IVT Express User Manual
(Affymetrix). Genechip Human Genome U133 Plus 2 Arrays
were used for microarray hybridization. The dataset has
been submitted to Arrayexpress (Accession code = E-MTAB-
1721).

2.4.MicroarrayData Processing. Data processing and scoring
methods were implemented using the 𝑅 statistical environ-
ment version 2.14 [39]. Raw RNA expression data were ana-
lyzed using the affy and limma packages of the Bioconductor
suite ofmicroarray analysis tools (version 2.9) available in the
𝑅 statistical environment [40, 41]. Robust Multichip Average

(GCRMA) background correction and quantile normaliza-
tion were used to generate probe set expression values [42].
For each data set, an overall linearmodel was fitted to the data
for the specific contrasts of interest (e.g., the comparisons
of “treated” and “control” conditions) generating raw 𝑃
values for each probe set on the microarray, which were
further adjusted using the Benjamini-Hochberg procedure.
A blocking factor (the exposure plate) from the experiment
design was accounted in the model for data processing.

2.5. Network-Based Analysis. Leveraging the “cause-and-
effect” network models together with Network Perturbation
Amplitude (NPA) algorithms ([29, 43]), the fold changes
of gene expression were translated into differential network
backbone value for each backbone node in the network
(Figure 1). The “differential network backbone value” was the
result of a fitting procedure between the network model and
the gene expression fold changes, where the smoothest func-
tion (accounting for the sign of the causal edges) was derived
by further imposing a boundary condition on the backbone
nodes corresponding to the gene expression changes. Sta-
tistical correlations were computed for the differential net-
work backbone values and fold changes of gene expression,
including 𝑅2, Pearson correlation, and Spearman correlation,
along with the 𝑃 values. For a negative control analysis,
we computed a permutation test to assess if the correlation
obtained between the differential network backbone values
were solely due to the dimension reduction effect. Genes
underlying the network were randomly permuted 1000 times
for each comparison group to decorrelate the fold changes
of gene expression (the GSE16008 nasal versus bronchial
data were used in this example). Subsequently, correlations
between the backbone values were computed. This approach
leads to a 𝑃 value 0.002 two sided (see Supplementary
Figure 1 in the Supplementary Material available online at
http://dx.doi.org/10.1155/2013/512086).
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The differential network backbone values were in turn
summarized into a quantitative measure of NPA score for the
entire network. The NPA is computed as a (semi-)Sobolev-
type norm on the signed directed graph underlying the
network (𝑁), (which can be expressed as a quadratic form).
In summary, the NPA algorithm considers two main input
components. First the “cause-and-effect” network model
describing the mechanism and second, the gene expression
dataset from a well-designed experiment.

In addition to the confidence intervals of the NPA
scores, which account for the experimental error (e.g., the
biological variation between samples in an experimental
group), companion statistics were derived to describe the
specificity of the NPA score to the biology described in the
network. BecauseNPA is a quadratic formof the fold changes,
its variance can be computed based on the fold-change
estimated variances. A confidence interval is subsequently
derived using the central limit theorem. Two permutation
tests were implemented [43], whereby first, to assesses if
the results were specific to the underlying evidence (i.e.,
gene fold-changes) in the model, leading to a permutation 𝑃
value (denoted by ∗𝑂 in the figures when 𝑃-value < 0.05).
Second, to assess whether the “cause-and-effect” layer of the
network significantly contributed to the amplitude of the
network perturbation (denoted by 𝐾∗ in the figures when 𝑃
value < 0.05). The network was considered to be specifically
perturbed if both 𝑃 values mentioned before were <0.05, and
the perturbation was called significant when the confidence
interval was greater than 0.

2.6. Cytochrome Activity Assay. We measured the activity
of CYP1A1 and CYP1B1 using nonlytic P450-Glo assays
(CYP1A1 assay cat number V8752; CYP1B1 assay cat number
V8762; Promega) based on luminescence at the 48 h after
exposure on the human organotypic nasal and bronchial
models. The assay was performed according to the manufac-
turer’s recommendations. Briefly, both nasal and bronchial
epithelia models were incubated in medium with lumino-
genic CYP-Glo substrate, such as luciferin-CEE for 3 h
(CYP1A1 and CYP1B1), to produce a luciferin product that
can be quantified in the supernatant by a light-generating
reaction upon the addition of luciferin detection reagent.

3. Results and Discussion

3.1. Comparison between Xenobiotic Metabolism Responses in
Bronchial and Nasal Epithelia In Vivo upon CS Exposure.
Another group has reported that alterations of xenobiotic
metabolism in the bronchial epithelium obtained from
human donors are similar to those in the nasal epithelium
[21]. This observation supports the field of tissue injury
hypothesis, in which changes in the respiratory tract of
smokers precede the development of CS-associated lung
diseases [21]. To further examine this hypothesis, we used the
NPA approach and the xenobiotic networkmodel to compare
the differential network backbone values derived from the
bronchial and nasal samples in the in vivo dataset GSE16008
(smokers versus nonsmokers). This approach was taken to

compare the biological mechanisms associated to xenobiotic
metabolism that were perturbed by CS exposure in these two
tissues.

We have reported before that the xenobiotic metabolism
network model can capture the common perturbation from
several independent datasets [22, 23]. In this study, the
publicly available dataset (GSE16008) was used to compare
the xenobiotic responses in the human bronchial and nasal
epithelia upon CS exposure. The GSE16008 dataset contains
gene expression from nasal and bronchial epithelial cells
obtained from healthy current smokers and nonsmokers.The
bronchial epithelial cells were collected by bronchoscopy,
whereas the nasal epithelial cells were collected by brushing
the inferior turbinate [18]. Because we have not analyzed
GSE16008 before, we first probed the comparability of this
particular dataset to other publicly available datasets (i.e.,
GSE7895, GSE19667, and GSE14633). These datasets contain
gene expression of bronchial epithelial cells obtained by
bronchoscopy from smokers and nonsmokers (GSE7895,
[20]), (GSE19667, [44]), and (GSE14633, [45]). Figure 3 shows
the correlation of the differential network backbone values
in the xenobiotic metabolism network model (the model
is depicted in Figure 1) using the NPA approach between
GSE16008 and the aforementioned datasets.

Figure 4(a) shows that the differential network backbone
values were well correlated between the in vivo bronchial and
nasal brushing epithelia. Furthermore, we illustrated how the
backbone AHR was computed from the gene expression data
(Figure 4(a), inset). Figure 4(a) shows a correlation of the dif-
ferential network backbone values derived from the bronchial
and nasal samples in the in vivo dataset GSE16008 (smokers
versus nonsmokers) computed using the NPA approach in
the xenobiotic metabolism network model. Each data point
represents a backbone node in the xenobiotic networkmodel.
Representative node labels are shown. The blue line is the
linear regression line computed by least squares fit with
significant 𝑃 value < 0.05. The 95%-confidence intervals of
the differential backbone values are shown for the two per-
turbations (axes). The differential network backbone values
generated from the in vivo bronchial data were in general
greater than those from the in vivo nasal data (inferred from
the regression line), with the exception of aryl hydrocarbon
receptor (AHR) (Figure 4(a)).

Figure 4(b) captures the differential network backbone
values in the xenobioticmetabolismnetworkmodel using the
in vivo bronchial (left) and nasal (right) data. The different
colors reflect the quantification of the backbone nodes (i.e.,
the “differential network backbone values”) derived from the
NPA algorithm that demonstrate the biological mechanism
pertaining to xenobiotic metabolism. The values less than
0 indicate downregulation of the backbone node activity;
whereas, the values more than 0 indicate upregulation of
the backbone node activity. ∗𝑃 values < 0.05. Furthermore,
the nature of the network perturbation, which was reflected
on the differential network backbone values, was similar
between the bronchial and nasal epithelia. For example,
cigarette smoking was associated with decreased activation of
the aryl hydrocarbon receptor repressor (AHRR) in both the
bronchial and nasal samples (Figure 4(b)). AHRR is known
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Figure 3: Comparability of GSE16008 dataset to other publicly available datasets. Correlations among the differential network backbone
values from different human datasets in the xenobiotic metabolism network were shown. The human datasets comprise smoker versus
nonsmoker data. Each data point represents a backbone node in the network. The 95%-confidence intervals of the differential network
backbone values are shown for the two perturbations (axes). Blue lines show the linear regression lines computed by least squares fit. All
the regression models were significant (𝑃 value < 0.05). Insets illustrate the correlation of the fold change of gene expressions.

to inhibit the binding of AHR to xenobiotic-responsive
elements (XRE), thus, suppressing the transcription of AHR-
dependent genes, including CYP1A1, CYP1A2, and CYP1B1
[46]. Consistently, we observed the upregulated differential
network backbone values for these aforementioned CYPs
(Figure 4(b)). Despite the expression of AHR falls farther
away from the regression line (Figure 4(a) as mentioned
before); interestingly, the differential network backbone val-
ues of the AHR node were similar between the bronchial and
nasal, indicating that the activity of AHR upon CS exposure
was increased to the same extend in both bronchial and
nasal (Figures 4(a) and 4(b)). This result supports the notion
that AHR plays an important role in the activation of CS
toxicants not only in the lower respiratory tract but also
in the upper respiratory tract. Studies have indicated that
AHR is a promiscuous receptor that is capable in binding to
diverse chemicals, leading to their activations [1]. In regard to
smoking, this observation further supports that CS exposure
generates a field of tissue injury throughout the respiratory
tract [21].

Figure 4(c) shows the bar plot of the NPA scores for the
entire networks along with their companion statistics along
with their companion statistics ∗𝑂 and 𝐾∗ as described
in Section 2 (𝑃 values < 0.05). These significant statistics
suggest that both in vivonasal and bronchial samples from the
dataset significantly demonstrate the biological mechanisms
represented in the xenobiotic metabolism network model
(described in Section 2). These results suggest that the nasal
as a surrogate tissue of the bronchial epithelium elicits similar
xenobiotic responses uponCS exposure, whichwere reflected
by the similar changes of the differential network backbone
values in the xenobiotic metabolism network model. This
result also supports the overall CS exposure-related impact
on the tissues lining the respiratory tract [21].

Moreover, unlike the correlation at the backbone levels
(i.e., functional layer) (Figure 4(a)), a correlation between
the gene expression generated from the dataset GSE16008
(i.e., transcriptional layer) was not observed (Figure 4(d)).
These results indicate that the utilization of our NPA
approach using the network model, which comprised these
two layers (i.e., functional and transcriptional layers), could
facilitate a high-resolution comparison of high-throughput
transcriptomic data and to understand the biological insight
ingrained in the data.

3.2. Comparison between Xenobiotic Metabolism Responses
in Organotypic Bronchial and Nasal In Vitro Models upon
CS Exposure. We further determined whether the same
information could be observed in vitro. Development of a
reliable in vitro system that mimics the in vivo condition has
been challenging. Recently, organotypic culture models of
human cells have been developed and utilized to understand
biological processes [30–33, 47]. In this present study, we
compared the network perturbations that occurred in in vitro
organotypic bronchial and nasal epithelia models that were
exposed to whole CS (see Section 2). The gene expression
from these tissue models was measured in cells that were
immediately harvested after the last exposure (0 h after
exposure). Figure 5(a) shows that the differential network
backbone values were well correlated between the in vitro
bronchial and nasal epithelia. This comparability at the
functional layer was in agreement with what was observed
using the data generated from the in vivo dataset. Each data
point represents a backbone node in the xenobiotic network
model. The blue line is the linear regression line computed
by least squares fit with significant 𝑃 value < 0.05. The 95%-
confidence intervals of the differential backbone values are
shown for the two perturbations (axes). Figure 5(a), inset
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Figure 5: Comparison between xenobiotic metabolism responses in organotypic bronchial and nasal epithelia in vitro models upon CS
exposure.

illustrates the correlation between the fold changes of the
gene expression (correlation at the transcriptional layer).The
NPA scores (bar plot) indicating the statistical significance
of the perturbation of the xenobiotic metabolism network
model in response to smoking are shown: ∗indicates signif-
icance of NPA scores of the entire network level generated
from the in vitro bronchial and nasal datasets as well as their
companion statistics ∗𝑂 and 𝐾∗ as described in Section 2
(𝑃 values < 0.05). The bar plot (Figure 5(a)) shows the NPA
scores for the entire networks along with their companion
statistics. These significant statistics suggest that both in
vitro nasal and bronchial samples from the dataset signifi-
cantly demonstrate the biological mechanisms represented
in the xenobiotic metabolism network model (described in
Section 2).

Furthermore, to investigate how our analysis using the
xenobioticmetabolismnetworkmodel was comparable to the
commercially available data analysis and interpretation tool
(Ingenuity Pathways Analysis (IPA)), the same datasets gen-
erated from the in vitro organotypic samples were uploaded
to IPA. Within the IPA’s knowledge base, the “Xenobiotic
Metabolism” canonical pathways are comprised of two sig-
naling pathways: the “Aryl Hydrocarbon Receptor Signal-
ing” and the “Xenobiotic Metabolism Signaling.” Figure 5(b)
shows significant associations between the datasets and the
two IPA’s canonical pathways within the category of “Xeno-
biotic Metabolism” (𝑃 value < 0.05). The 𝑦-axis displays
the ratio calculated as follows: the number of genes in the
associated pathways that meet cutoff criteria, divided by the
total number of genes that make up that specific pathway.
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The taller the bars, the more genes were associated with the
pathway. Representative pathways overlayed with the two
datasets generated from the organotypic bronchial and nasal
models are shown. Interestingly, the bronchial and nasal data
were associated to the two signaling pathways in a similar
manner, which was indicated by the similarity of the ratios
(Figure 5(b), top). This observation was in agreement with
our approach using the NPA analyses and the networkmodel
(Figure 5(a)).

Additionally, we examined the effects of various postex-
posure time points to assess the ability of cells to recover
fromCS exposure.We hypothesized that the longer the dura-
tion of postexposure, the less perturbed the xenobiotic
metabolism would be. The differential network backbone
values continue to be correlated between the bronchial
and nasal at the 4, 24, and 48 h after exposure time
(Figure 5(c)). Nevertheless, the correlations were reduced as
the duration of the postexposure increased (Figure 5(c) and
Table 1). Each data point represents a backbone node in
the xenobiotic network model as indicated with the node
labels. The blue line is the linear regression line computed
by least squares fit with significant 𝑃 value < 0.05. The
95%-confidence intervals of the differential backbone values
are shown for the two perturbations (axes). Figure 5(c),
inset, illustrates the correlation between the fold changes
of the gene expression (correlation at the transcriptional
layer, Table 1). The reduced responses that were inferred
from the reduced correlations between the differential net-
work backbone values, were also reflected from the analysis
using IPA, in which decreased ratios (i.e., the association
between the datasets with the two pathways) were observed
in the datasets at the later time point of postexposure
(Figure 5(d), left bar plot).The results from IPA analysis were
also in agreement to those reflected by the NPA scores for
the entire network (Figure 5(d), right bar plot), in which the
later time point of postexposure had reduced scores. Taken
together, this data suggests that the shorter the postexposure
time, the more perturbed the xenobiotic metabolism in both
bronchial and nasal tissues. This observation is consistent
with a previous study in which a transient induction of phase
I xenobiotic metabolism enzymes (e.g., cyp1A1 and aldh3A1)
is observed in CS-exposed lung tissues of Sprague-Dawley
rats [48]. Furthermore, this could offer a likely explanation
for why we observed a better correlation of the differential
network backbone values between the in vitro organotypic
bronchial and nasal models with shorter postexposure time
(Figure 5(c) and Table 1).

3.3. In Vivo and In Vitro Comparison between Xenobiotic
Metabolism Responses in Bronchial and Nasal Epithelia upon
CS Exposure. We further examined whether in vitro organ-
otypic models could reveal a similar xenobiotic response
uponCS exposure as compared to that observed in vivo.Thus,
we determined whether the differential network backbone
values generated from the in vivo datasets were correlated to
those from the in vivo. The NPA approach that quantifies the
changes at the backbone levels (i.e., the differential network
backbone values) could indicate the potential biological
mechanisms that were perturbed upon exposure to CS.

Therefore, whether similar biological responses occurred in
in vivo situation were comparable to those in in vitromodels
can be inferred from the correlation between the differential
network backbone values. Figures 6(a) and 6(b) show the
correlations, in bronchial and nasal samples, respectively,
between the differential network backbone values generated
from in vivo dataset to those generated from in vitromodels.
This observation is in agreement with our other publication,
in which a similar biological alteration was observed in in
vivo bronchial epithelial cells as compared to an in vitro
organotypic bronchial epithelial model (EpiAirway system,
MatTeK Corporation) [31]. Nonetheless, this present study
further suggests that the in vitro organotypic nasal model
would also be useful to investigate the mechanisms occur in
the in vivo nasal situation upon smoking.

Moreover, we compared the data derived from organ-
otypic in vitromodels at various postexposure time to the in
vivo datasets at the backbone nodes level in the xenobiotic
metabolism network model; the xenobiotic responses were
better correlated (Table 2) in the bronchial (Figure 6(a))
as compared to the nasal samples (Figure 6(b)). The dif-
ferential network backbone values were derived from the
bronchial and nasal data in the in vivo dataset GSE16008
(smokers versus nonsmokers) and from the data generated
from CS-exposed in vitro organotypic bronchial and nasal
models computed using the NPA approach in the xenobiotic
metabolism network model. Each data point represents a
backbone node in the xenobiotic network model. The blue
line is the linear regression line computed by least squares fit
with significant 𝑃 value < 0.05.The 95%-confidence intervals
of the differential backbone values are shown for the two
perturbations (axes). The insets illustrate the correlations
between the fold-changes of the gene expression (corre-
lation at the transcriptional layer). Zhang and colleagues
have previously reported that the effect of smoking is less
pronounced in the nasal epithelium when compared to
bronchial epithelium obtained from smokers [18], which
could explain why the correlation observed in the nasal
samples was weaker. Moreover, to better assess the in vitro
organotypic nasal model, we tested the effects of CS exposure
on the enzymatic activity of CYP1A1 and CYP1B1. We
found that CS exposure significantly increased the activity
of both CYP1A1 and CYP1B1 measured in the nasal epithe-
lium in vitro model (Figure 6(c)), supporting the potential
of the nasal model to be utilized for toxicity assessment
against airborne exposure.The CYP activities (luminescence,
RLU) of the CS-exposed nasal tissues as compared to the
air-exposed tissues were measured at 48 h after exposure
(see Section 2). Shown are CYP1A1 and CYP1B1 activities
obtained from triplicate measurements (𝑁 = 3), ∗𝑃 <
0.05 as compared to the air-exposed tissue. Additionally,
although the xenobiotic responses generated from the in
vitro organotypic models at the later time of postexposure
were reduced (Figure 5(d) and Table 2), the differential net-
work backbone values remained well correlated as compared
to those generated from the in vivo datasets (Figure 6(d)
and Table 2). However, the in vivo/in vitro correlations of
the gene expression (Figure 6(d), insets and Table 2) were
weak.
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Figure 6: Correlations between the differential network backbone values in response to CS exposure generated from in vivo datasets and in
vitro organotypic models in the xenobiotic metabolism network model.

4. Conclusion

Here we show that our quantitative systems-level approach
utilizing the xenobiotic metabolism network model allowed
a robust comparison derived from transcriptional data. This
approach could provide a mechanistic insight that occurred
in response to CS exposure, which is reflected from the
differential network backbone values. The quantification of

the xenobiotic network model perturbation using the NPA
approach not only could compare the responses observed
from datasets generated from in vivo samples and in vitro
organotypic models but also from bronchial and its surrogate
nasal epithelia. Furthermore, our results suggested that the
organotypic nasal in vitro model could be useful as a risk
assessment tool in understanding biological mechanisms
leading to lung diseases associated to airborne exposure. Our
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Table 1: Statistical correlation between the bronchial versus nasal in vitro data.

Between the backbone values Between the fold change of genes expression

Comparison group Pearson
correlation

Spearman
correlation

Pearson
correlation

Spearman
correlation

Bronchial in vitro versus nasal in vitro (4 h after exposure) 0.97 0.95 0.72 0.55
Bronchial in vitro versus nasal in vitro (24 h after exposure) 0.93 0.94 0.62 0.49
Bronchial in vitro versus nasal in vitro (48 h after exposure) 0.77 0.86 0.39 0.37
P values < 0.05 for all comparisons.

Table 2: Statistical correlation between the in vivo versus in vitro data at various postexposure times.

Between the backbone values Between the fold change of genes expression

Comparison group Pearson
correlation

Spearman
correlation

Pearson
Correlation

Spearman
Correlation

Bronchial
In vivo versus 4 h after exposure in vitro 0.73 0.77 0.25 0.13
In vivo versus 24 h after exposure in vitro 0.81 0.83 0.37 0.29
In vivo versus 48 h after exposure in vitro 0.77 0.80 0.35 0.30
Nasal
In vivo versus 4 h after exposure in vitro 0.57 0.76 0.35 0.27
In vivo versus 24 h after exposure in vitro 0.71 0.74 0.31 0.09
In vivo versus 48 h after exposure in vitro 0.65 0.73 0.26 0.14
P values < 0.05 for all comparisons.

results are consistent with an overall CS exposure-related
impact on the tissues lining the respiratory tract, and thus
supporting the field of tissue injury theory [21].

Studies have reported that CS exposure is associated
with increased expression of genes encoding the xenobiotic
metabolism enzymes, such as CYP1A1 and CYP1B1 in both
the nasal [17, 18] and buccal epithelia [49, 50]. Similar to
the nasal epithelium, buccal epithelium has been postulated
as a suitable surrogate tissue for the lung, which could be
useful to determine disease risk biomarkers [51]. Because
collections of both nasal and buccal epithelial samples are
relatively simpler and less invasive as compared to the collec-
tion of bronchial epithelium, these tissues become attractive
surrogate tissues for toxicology assessment in response to CS
exposure. Sampling of the lung is usually done by brushing
or biopsy [52]. However, these methods are invasive, thus,
unfeasible for large clinical studies [51]. Additionally, the use
of in vitro organotypic models provides an attractive tool
for toxicology assessments of specific airborne exposures. In
this study, we also demonstrated that the perturbation of the
xenobiotic metabolism in the CS-exposed organotypic nasal
in vitro epithelia models resembled that in the nasal epithelial
cells obtained by brushing from smoker donors. Nonethe-
less, whether similar results would be observed in organ-
otypic model derived from different donors is unknown.
Donor-dependent variability is expected [36] and should
be addressed in future studies. Furthermore, future studies
should also investigate whether other bronchial surrogate
tissues (e.g., buccal epithelial in vivo samples and organotypic
in vitro models) could be utilized to assess and compare
the perturbation in the xenobiotic metabolism upon CS

exposure. Such data would further highlight the relevance
and practicality of in vitro organotypic models for toxicology
assessment.

Our present work provided a useful example for the
utilization of transcriptomic data for impact assessment that
focuses on xenobiotic responses against airborne exposure.
However, theories have been developed supporting how the
entire respiratory tract exhibits genomic, epigenomic (e.g.,
methylation of genes encoding the xenobiotic metabolizing
enzymes), transcriptomic, and proteomic modifications [17,
53, 54]. Additionally, CS exposure has often been associated
with adduct formation not only in the lung tissue but
also in the blood circulation [55–62]. Figure 7 depicts how
transcriptomic data could be leveraged into various systems
approaches that implement the larger spectrum of “omics”
technologies. Although this present study described the
utilization of transcriptomic data, further information from
genome and its derivatives, including proteins, metabolites,
and adducts would be useful for the overall assessment of CS
exposure on the metabolism of xenobiotic.
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Since proteins carry out their functions through interactionswith othermolecules, accurately identifying the protein-ligand binding
site plays an important role in protein functional annotation and rational drug discovery. In the past two decades, a lot of algorithms
were present to predict the protein-ligand binding site. In this paper, we introduce statistical depth function to define negative
samples and propose an SVM-based method which integrates sequence and structural information to predict binding site. The
results show that the present method performs better than the existent ones. The accuracy, sensitivity, and specificity on training
set are 77.55%, 56.15%, and 87.96%, respectively; on the independent test set, the accuracy, sensitivity, and specificity are 80.36%,
53.53%, and 92.38%, respectively.

1. Introduction

With the development of the technology to solve the protein
structures, the rate of deposition of protein structure in the
PDB [1] grows very fast. Unfortunately, there are still a lot of
resolved proteins with unknown function. For the proteins
always carry out their functions through interactions with
othermolecules, such as other proteins, peptides, nucleotides,
compounds, and so forth, identifying the residues involved
in these interactions is an important step towards character-
izing protein function. The protein functional sites consist
of various types of binding site including protein-ligand
binding site, protein-protein binding site, and protein-DNA
binding site. Since the ligands (here we refer to small organic
compounds as ligands) constitutemost of the drugs approved
by FDA [2], the prediction of protein-ligand binding site also
plays an important role in rational drug discovery.Therefore,
we focus on the protein-ligand binding site in this study.

In the past 15 years,manymethodswere developed to pre-
dict protein-ligand binding sites.There aremainly two type of
methods, geometry- and energy-basedmethods.The energy-
based methods identify the binding site using model of

energetics [3–6], such as PocketFinder [5] and Q-SiteFinder
[6]. Most of the algorithms are based on geometry, for the
binding sites always locate on the concave surface, which likes
a pocket or a cleft. Actually, many methods were proposed to
detect the pocket on protein surface using geometric criteria,
and the pocket with largest volume is often returned as
prediction of binding surface. POCKET [7] and Ligsite [8]
map the entire protein structure to 3D grid and cluster the
grids with special event, like protein-solvent-protein event
or surface-solvent-surface event. Surfnet [9] places empty
spheres which separate any two atoms of protein, and cluster
these spheres to describe the pocket. PASS [10] uses sphere
probes to fill the cavities layer by layer and detect the
pocket. CASTp [11] applies the alpha shape theory [12] from
computational geometry to detect and measure the pockets.
The approaches mentioned above often use pure geometric
criteria without additional information like conservation or
physic-chemical information. Ligsitecsc [13], ConSurf [14],
and ConCavity [15] made a big progress after combining the
evolutionary conservation to pocket detections.

Besides methods based on geometry or energy,
researchers also developed algorithms based on machine
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learning model for functional sites prediction. Zhang et al.
[16] predict catalytic site using SVMbased on sequence infor-
mation. Ansari and Raghava [17] identify the NAD interact-
ing residues in proteins using SVM. Cheng et al. [18] also use
SVMs to predict RNA-binding sites of proteins. Ofran and
Rost [19] use neural networks to identify the protein-protein
interaction sites. In contrast to the geometry- or energy-
based algorithm, the prediction made by machine learning
always employed only sequence information and a few
structural information like content of secondary structure.

Our study in this paper has two motivations. First,
although existent geometry-basedmethods provided consid-
erable accurate prediction of binding site, improvement could
be made by integrating other information, such as evolution-
ary conservation. Many pure geometry-based methods only
return the largest pocket, which is not always true for ligand-
binding pocket. Ligsitecsc and ConSurf rerank the pockets
by conservation and perform better than previous methods,
which rank the pockets by volume. It implies that additional
information should be took into account to bind site predic-
tion. On the other hand, machine learning based approaches
only focus on sequence information. Here we want to build a
method based on comprehensive features which are available
and useful for identifying binding site. Not only sequence
information but also structural informationwill be combined
together. Second, it is inherently difficult to define negative
samples no matter which method employed. It is easy to
define positive samples from the interactions of protein-
ligand complexes which are experimentally approved. Not all
interactions are known, so it is hard to say which residue
cannot bind ligands. In this paper, we introduce statistical
depth function (details in Section 2) to define the negative
samples. The idea is from intuition that binding residues are
always locate on concave protein surface and the residues on
convex surface are unlikely (not impossible) to bind ligands.

In this paper we present a novel method base on SVM
model integrating both sequence and structural information
to predict protein-ligand binding site. To test and validate
our method, a benchmark dataset including 373 complexes is
built from PDBbind [20]. The validation on the independent
test set shows that the accuracy of our method is about
80.36%. For the top 3 pockets provided by Ligsitecsc and
CASTp, we rerank them according to our prediction. Then
top1 success rate is improved from 41.6% to 75.3% (for
Ligsitecsc) and from61.0% to 77.9% (forCASTp), respectively.

2. Material and Methods

2.1. Dataset. The PDBbind [20] database provides a collec-
tion of experimentally measured binding affinity data exclu-
sively for the biomolecular complexes available in the PDB.
We select the “refined set” in PDBbind, which is compiled to
provide a high quality set of protein-small ligand complexes.
There are 1741 entries in the “refined set” of PDBbind.
After removing the redundancy complexes with more than
30% sequence similarity, 373 nonredundant complexes are
remained as our dataset.

We divided these 373 entries into two datasets randomly,
one is training set and the other is test set. The training

set consists of 296 complexes, and the test set contains
77 complexes. The training set is divided into five subsets
(each one has about 60 proteins) randomly for 5-fold cross-
validation. The PDB ids of the training set and test set are
shown in Support Information STable 1, available online at
http://dx.doi.org/10.1155/2013/409658.

2.2. Statistical Depth Functions. We employ the statistical
depth function to measure the depth of the residue on
the protein surface. The statistical depth function gives the
residues in the pocket deeper depth values; and for the
residues on convex protein surface, it gives them lower depth
values. Statistical depth functions assign a point its degree of
centrality with respect to a dataset. They are “order statistics”
in higher dimension space (≥2). In statistics, statistical depth
functions have become increasingly pursued as a useful
tool in nonparametric inference for multivariate data. The
statistical depth functions have been used to measure the
residue depth and analyze the protein structure. There are
several statistical depth functions to measure the degree of
centrality of a point. In this study, we use half-space depth
function to measure the depth of the residues because the
concept and the definition of the half-space depth are simple
and easy to implement.

Half-Space Depth.Tukey [21] introduced the half-space depth
to order the high dimensional data. The half depth (HD) of a
point 𝑥 in 𝑅𝑑 with respect to a probability measure 𝑃 on 𝑅𝑑
is defined as the minimum probability mass carried by any
closed half space containing 𝑥; that is,

HD (𝑥, 𝑃) = inf {𝑃 (𝐻) : 𝐻 is a closed half space, 𝑥 ∈ 𝐻} ,

𝑥 ∈ 𝑅𝑑.

(1)

For a probability measure 𝑃, the half-space depth of any
point in 𝑅𝑑 with respect to 𝑃 can be defined. For a dataset,
such as all the atoms in a protein, we can use the empirical dis-
tribution to estimate the probability𝑃(𝐻). We consider every
point in dataset is equiprobable; then 𝑃(𝐻) = ∑𝑃(𝑥), 𝑥 in𝐻,
where 𝑃(𝑥) = 1/𝑛, 𝑛 is the number of the points in dataset.
For simplifying, we define 𝑃(𝑥) = 1; then 𝑃(𝐻) represents
the number of the points in𝐻. In addition, we define𝐻 by an
open half space.Thus, the depth of the points at the boundary
of dataset is zero and the point which has the maximal
depth value is the center of the dataset. Figure 1 shows some
examples in 1 and 2 dimensions. Figure 2 shows the depth
function is applied to measure the depth of protein atoms.

Depth and Relative Accessible Surface Area (RSA). According
to the definition of half-space depth above, the depth values of
buried residues are always greater than zero. And the residues
with small depth values locate on the convex of the protein.
It is notable that not all the residues with depth values greater
than zero are buried, that is, the depth values of the points b, c,
d, and e in Figure 1(d). These residues locate in the “pockets”
on the protein surface and their RSAs are greater than 0, too.
On the other hand, the residues the depth values of which are
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Figure 1: An illustration of the concept of half-space depth for 1- and 2-dimensional datasets.

Figure 2: An illustration of the half-space depth function. The
protein surface (PDBID: 10 gs) is colored by the statistical depth
value of the residues. The color is gradually change from blue to red
according to the depth values of the residues. The deepest residues
are red, and the convex residues are blue. All the figures of the
protein surface are created by Pymol.

zero andRSAs ofwhich are greater than zerowill locate on the
protein surface and will not locate in “pockets” on the protein
surface. In addition, using both depth and RSA, the residues

in the pockets can be found easily, too. Thus, the residues on
the protein surface can be divided into two types according to
the RSA and depth value. The first class includes the residues
whose RSAs are greater than 0 and depths close to 0, which
means these residues locate on the convex of the protein. And
the second class includes the residues whose RSAs and depths
are both greater than 0, whichmeans the residues in this class
locate in pockets on the protein surface.

2.3. Sample Selection. Firstly, we introduce some concepts to
define the samples. We remove the buried residues and only
consider the residues on the protein surface. The residue is
considered as being on the surface if its RSA is greater than
10%. For a given residue on the surface, its neighbors are the
residues on the surface with distance to the given residue
<10 angstroms. We call a residue on the protein surface and
its neighbors together a patch. As a result, each residue on
protein surface has a patch. A sample just refers to a residue
on protein surface or its corresponding patch. In this study,
we have three types of samples: positive samples, negative
samples, and the others (we call this kind of samples as not
positive and not negative samples, NP & NN for short).

For each residue on the surface, if the distance between
any nonhydrogen atom of the residue and any atom of the
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Figure 3: The framework of samples selection.

ligand is less than 7 angstroms, this residue is kept as a positive
sample candidate; otherwise, the residue is kept as a negative
sample candidate. For any positive sample candidate, if more
than 30% neighbors of this residue are the positive sample
candidates, the sample is considered as a positive sample;
otherwise, it is considered as a NP & NN sample.

The negative samples are not easy to define like posi-
tive samples. The proteins of complexes might bind some
ligands somewhere and we cannot distinguish the potential
functional binding residues from the others. We consider the
fact that the residues which locate on the protein surface and
not in a “pocket” or “cavity” are hard to bind a ligand. So
the residues on the convex protein surface are regarded as
negative samples in our study. Here we use statistical depth
function (which is defined above) to distinguish whether the
residue is or is not on the convex surface. Firstly, we remove
the residues with half-space depth greater than 5 from the
negative sample candidates. The negative sample candidate
is defined as negative sample if the average depth value of
its neighbors is less than 8 and the number of its neighbors
is greater than 5. Figure 3 shows the framework to select the
samples.

Here, the standard of negative samples is a little strict.
There are two reasons. One is that we want to make sure our
negative samples would not bind to a ligand.The other reason
is that the definition can balance the positive samples and
negative samples to avoid the training bias. After the samples
selection, the radio of positive samples to negative samples is
about 1 : 2 in the training set and 1 : 3 in the test set.

2.4. Feature Design. There are totally 330 features for each
sample. These features include two-aspect information of
protein: global information and local information. We
explain every feature as follows.

Global Information. The global information of the sample
includes the length of the protein sequence, the distance to 𝑃

terminal, the distance to𝑁 terminal, the residue components,
and the global secondary structure content. The secondary
structures of proteins are calculated by DSSP [22]. We use a
four-dimensional binary vector to represent the length and
the two distances, which are discredited in four intervals [0,
60), [60, 120), [120, 240), and ≥240. A 20-dimensional vector
and a 3-dimensional vector are used for residue components
and secondary structure content, respectively. So we have
4 ∗ 3 + 20 + 3 = 35 features of global information.

Local Information.The local information of the sample comes
from two aspects: sequence information and structure infor-
mation. A sliding window is used for the residue to describe
the properties of the neighbors on the protein sequence. Each
position in the sliding window includes 30 features. The first
20 features are from position (PSSM-specific scoring matrix)
and the 21th is conservation score. The 22th–24th are the
3-dimensional binary vector for the secondary structure of
the residue. Then the 25th–29th are positive charge, negative
charge, PI value, polarity, and hydrophobicity. The last one
is an indicator. If the data do not exist (the side is out of
window), all the features are zero and the last feature is
assigned 1. We use a window with length 9; thus we have
30 ∗ 9 = 270 features about sequence information for the
central residue in the sliding window.

The structure information of the sample comes from the
patch of this sample. The patch includes the central residue
and its neighbors. Because the number of neighbors is not
equal, it is impossible to describe every neighbor as the
features. As a simplification,we use theminimum,maximum,
and the average of the patch properties, which include posi-
tive charge, negative charge, PI vale, polarity, hydrophobicity,
hydrogen bond tendency, the conservation score, and the
secondary structure content. Besides the hydrogen bond
tendency, which we use four features to describe (minimum,
maximum, average, and the value of the central residue), the
secondary structure content needs 3 features to describe and
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other properties also have three values (minimum,maximum
and average of the patch); the total features of local structure
information are 4 + 6 ∗ 3 + 3 = 25.

Totally, we have 35 + 270 + 25 = 330 features for each
sample.

The charges, polarity, and hydrophobicity of amino acid
are extracted fromAAIndex [23] database. Sarkhel andDesir-
aju [24] calculated the frequency distribution of hydrogen
bonds for amino acids which act as donors or acceptors
between proteins and ligands. We use these frequencies as
hydrogen bond tendency. The conservation score of the
residue is calculated using Shannon Entropy from PSI-blast
[25] profile.

2.5. Perform the Training and Prediction. Aswementioned in
dataset subsection, we divide the dataset into training set and
test set. Every feature is normalized to [0, 1]. Using Libsvm
[26] package and selecting RBF (Radial Basis Function) as the
kernel function of SVM, we select 30 proteins from training
set to train the SVM parameters using a grid method. Then
we train the SVM with the best parameters on training set
and predict the functional surfaces on test set. On the training
set, we do 5-fold cross-validation to train our model. Figure
4 shows the framework of the proposed prediction system.

3. Results and Discussions

3.1. Binding Sites Predictions. Using Libsvm package and
selecting RBF as the kernel function of SVM, we train
SVM model based on the sequence and structural features
mentioned above. Totally, we get 15385 positive samples and
31663 negative samples based on the training set (the ratio
between positive samples and negative samples is about 1 : 2).
Similarly, we get 3510 positive samples and 12201 negative
samples based on the test set (the ratio is about 1 : 3).

The accuracy, precision, sensitivity, specificity, and MCC
are used to validate the performance of our method. Then

these five indices of training set and the test set are shown
in Table 1. We do 5-fold cross-validation to avoid overfitting
problem. And the accuracy of the train set is shown similar
to the accuracy of the test set. It can also be observed in the
case of precision, sensitivity, specificity, and MCC.

CASTp returns the exact binding residues and the
residues forming the pocket mouth. We can compare the
binding prediction between our method and CASTp directly,
which is shown in Table 1. Our method clearly outperforms
CASTp.

Unfortunately different approaches always return the
predictions in different ways. For example, Ligsitecsc only
returns the geometry center coordinates of the pocket. To
compare our method with other algorithms, we have to
evaluate them using the same standards.Therefore, we define
the residues close enough to the pocket center as the binding
site/binding residues returned by Ligsitecsc. The distance
threshold to pocket center ranges from 1A to 75A, because
the binding residues will not increase after the threshold
greater than 75A. We can also obtain the ROC curve of
the Ligsitecsc (Figure 5) by this way. Since the SVM model
returns a real value range from 0 to 1, the ROC curve of
our method is also shown in Figure 5. From the comparison
of ROC curves, our method performs much better than
Ligsitecsc. The AUC value of our method is 0.71 greater than
0.63 which is the AUC vale of Ligsitecsc.

3.2. Rerank the Pockets. Although our method can identify
the binding sites more accurately than CASTp and Ligsitecsc,
we cannot provide a pocket-level comparison. Unlike CASTp
and Ligsitecsc, we do not detect pocket. However, we can
also apply our model in the postprocess of geometry-based
models to improve the rank of the pockets. The motivation is
that using conservation score not pocket volume has made a
big progress in the search of pocket.

We focus on the top 3 pockets obtained from CASTp
and Ligsitecsc. For Ligsitecsc, it only gives three pockets per
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Table 1: The values of five indices on the training set and test set for well-trained SVM.

Dataset Accuracy Precision Sensitivity Specificity MCC
Train set 77.55% 69.38% 56.15% 87.96% 49.68%
Test set (our method) 80.36% 75.88% 53.53% 92.38% 50.85%
Test set (CASTp) 56.49% 20.81% 41.67% 60.21% 2.0%

Table 2: Top 𝑛 success rates for test set.

Methods Top 1 Top 2 Top 3
Ligsitecsc 40.3% (31/77) 71.4% (55/77) 83.1% (64/77)
Ligsite + our method 75.3% (58/77) 81.8% (63/77) 83.1% (64/77)
CAStp 60.0% (47/77) 88.3% (68/77) 92.2% (71/77)
CAStp + our method 77.9% (60/77) 90.9% (70/77) 92.2% (71/77)
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Figure 5: The ROC curves of our method and Ligsitecsc. The blue
line is ROC curve of Ligsitecsc, and the red line is of our method.

protein and ranks them using the conservation score.The top
1 pocket in Ligsitecsc means the most conservative pocket
in three of them. The CASTp provides more pockets than
Ligsitecsc, but the pockets are not ranked and many of them
are too small to bind ligand.We rank them using volume and
select the three largest ones as the top 3 pockets returned
by CASTp. The pocket from prediction is considered as a
functional or binding pocket when the distance between the
pocket geometry center and any atom of ligands is less than
8A. We define the top 𝑛 (𝑛 = 1, 2, 3) success rates as the
number of functional pockets in top n divided by the number
of proteins. On our test set, we have 77 proteins and 231
prediction pockets in total.

Our method is combined to pocket detection algorithm
by a simple way. For each pocket from prediction, we only
count the residues which are predicted as binding sites by our
SVM model. Then this number is used to rank the pocket.
The result is shown in Table 2. Top 3 success rates among

the four methods are the same according to the definition,
but the top 1 success rates are totally different. The methods
combined with our model gain a much improvement from
the CASTp or Ligsitecsc. It implies our method included the
complementary information for CASTp and Ligsitecsc. And
the model can be applied in other geometry-based pocket
detection methods.

4. Conclusion

In this paper, we introduce statistical depth function to define
the negative sample of the protein-ligand binding site. The
further analysis shows negative sample defined by this way
is reasonable and helpful for the model training (shown in
Support Information Sections 2–4). Then we propose an
SVM model including sequence and structural information;
the results show the method significantly outperforms the
existing methods based on pure geometry or only combining
evolutionary conservation. Our method can also provide the
complementary information for geometry-based methods
such as CASTp and Ligsitecsc in the postprocess.
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Sperm morphology is an important technique in identifying the health of sperms. In this paper we present a new system and
novel approaches to classify different kinds of sperm images in order to assess their health. Our approach mainly relies on a one-
dimensional feature which is extracted from the sperm’s contour with gray level information. Our approach can handle rotation
and scaling of the image. Moreover, it is fused with SVM classification to improve its accuracy. In our evaluation, our method has
better performance than the existing approaches to sperm classification.

1. Introduction

With the development of modern computer technology,
medical imaging has played an important role in clinical
diagnosis and treatment. Medical image analysers are facing
the challenge of precisely extracting information from the
medical image with the help of computer-assisted systems.
Since people have become more and more concerned about
the health of the next generation, morphology would be one
important technique to identify the health of sperms. To
examine whether or not the sperms are healthy, it is essential
to inspect the sperms to assess their appearance. Currently,
sperm quality is mostly judged by experts and doctors.
Because of the numerous types of sperm shape, the efficiency
and accuracy relying on human assessment are not ideal.
As computer morphology technology develops, quantitative
analysis of sperm morphology is demanded to assist doctors
in their diagnoses. Thus, this research is intended to design a
helpful sperm classification system.

Sperm morphology is an image classification problem
in sperm imaging. It first detects a segment of the sperm
image, after which feature extraction and analysis is possible,

for example, sperm length, width, and size, followed by
further classification according to sperm features [1]. As a
result, solving the problem of sperm image recognition and
classification can be valuable for aspects of sperm diagnosis.

Our spermmorphology system is equippedwith amicro-
scope connected to a computer to observe the real-time
sperm image.Themicroscope helped us to take photos of the
sperm images and input them into our computer. With the
input we managed to obtain all the results and conclusions.
The system and its equipment are shown in Figure 1.

In addition to system implementation, this research has
made the following contributions.

(1) We proposed two approaches to transform the sperm
contour into a one-dimensional waveform as an anal-
ysis feature.The first algorithm takes advantage of the
distance between two points on the edge to produce
a waveform. The second computes the distance from
the geometric centre to the edge as the vertical value
of the waveform.

(2) After extraction, we proposed an SVM classification
on these waveforms with rank and grey level features.
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Figure 1: The sperm morphology diagnosis system with a micro-
scope.

According to our comprehensive survey, this has not
yet been used in sperm classification.

(3) We also conducted a complete comparison. We com-
pared our approaches with the K-nearest neighbour,
Scale-Invariant Feature Transform (SIFT), and the
elliptic model. The experiment results show better
performance than previous methods.

In our evaluation, we applied our approach to a sperm
database. The results show that our idea is feasible and gives
better performance than the existing approaches.

The rest of this paper comprises four parts. Section 2
introduces some other research studied to help ourwork. Sec-
tion 3 proposes the architecture and algorithm, introducing
the details of our algorithm which leads to a more detailed
understanding of our approach. Section 4 provides the results
and discussion proving that our work is feasible, and finally,
the conclusion is given in Section 5.

2. Related Works

For this research on sperm morphology, we reviewed the
related works on segmentation, extraction, shape descriptor,
and the classification algorithm, as shown in Figure 2.

2.1. Segmentation. First, segmentation takes place, so we have
to look at several pieces of the literature [2–6] related to
image segmentation. The first article [3] presents a method
for optic nerve head segmentation and its validation. The
method is based on theHough transform and anchored active
contour model. The results were validated by comparing
the performance of different classifiers and showed that this
approach is suitable for automated diagnosis of and screening
for glaucoma.

Considering that there is no guarantee that the sperms we
observed will appear with the posture and position we need,
it is absolutely necessary for us to investigate how to deal with
active contours. In research [2], they introduce a geometrical,
variation frame that uses active contours to segment and
obtain features from images at the same time.

To obtain a better result of image segmentation, paper
[4] enhanced the lane for interactive image segmentation by
incremental path map construction, a modified version of

Related work

Segmentation

Nerve head
segmentation [6]

Image segmentation
[5, 9]

Heart segmentation
[10]

Bone
segmentation [11]

Extraction

Sperm morphology
assessment [3]
Snakes: active

contour model [4]
T-snakes: topology
adaptive snakes [7]

United snakes [8]

Shape
descriptor

Symmetry auto-
detection [2]

Classification

Analysis of human
heartbeat [13]

K-nearest neighbor

SIFT [22]

Elliptic model
[23, 24]

Shape feature
extraction [12]

SVM methods
[14, 15]

[16, 17, 18, 19, 20,
21]

Figure 2: Related work.

the live lane that can extract objects from an image interac-
tively with efficiency and repeatability. It guarantees a strictly
bounded response time and follows the target boundary with
little digression.

Furthermore, in paper [5], a new method was proposed
for the local assessment of boundary detection by a simu-
lated search. Its boundary detection can be optimized per
landmark during model training. The success of the method
was demonstrated for cardiac image segmentation and it was
shown to improve the capture range and accuracy of the
boundary detection. Another paper, [6], evaluated various
image features and different search strategies for fitting active
shape models (ASMs) to bone object boundaries in digitized
radiographs. It proposed an improved search procedure that
is more robust against outlier configurations in the boundary
target points.

2.2. Extraction. The next topic is extraction. Because the
results of the sperm-head contour extraction have an essential
influence on the classification, we studied some issues which
provide further information. As it is of great importance
to obtain the sperm-head contour precisely, we studied
articles on how to abstract contours. The first was “Sperm
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morphology assessment using David’s classification” [7].This
paper aimed to compare assessment of spermmorphology by
using David’s classification (DC) based on the strict criteria
(computer-assisted sperm analysis (CASA) SC) for their
ability to predict fertilization in a selected in vitro fertilization
(IVF) population. Their results showed that the DC sperm
morphology analysis was less indicative of fertilization than
CASA SC.

After the DC analysis, we reviewed the paper on the
technology of extracting objects’ edges. The first article [8],
“Snakes,” is an energy-minimizing spline guided by external
constraint forces and influenced by image forces that pull it
towards features such as lines and edges. Snakes are active
contour models; they lock onto nearby edges, localizing
them accurately. Scale-space continuation can be used to
enlarge the capture region surrounding a feature. Snakes
provide a unified account of a number of visual problems,
including detection of edges, lines, and subjective contours;
motion tracking; and stereo matching. We have used snakes
successfully for interactive interpretation, in which user-
imposed constraint forces guide the snake near features of
interest.

As the snake may not do its job well enough for current
research, we reviewed some improved algorithms such as
T-snakes [9], topology adaptive snakes. In this paper, they
present a new class of deformable contours (snakes) and are
applied to the segmentation of medical images. They enable
topological flexibility among other features. The resulting
topology adaptive snakes, or “T-snakes,” can be used to seg-
ment some of the most complex-shaped biological structures
from medical images in an efficient and highly automated
manner.

Moreover, other authors [10] present a framework called
united snakes, which has two key features. First, it unifies the
most popular snake variants, expanding the range of object
modelling capabilities. Second, it embodies the idea of the
technique known as live wire or intelligent scissors. The two
techniques can be combined advantageously by introducing
an effective hard constraint mechanism. They apply united
snakes to several different medical image analysis tasks,
demonstrating the generality, accuracy, and robustness of the
tool.

2.3. Shape Descriptor. The third topic, the most related work,
is called shape descriptor. We focused on how to transform
it into a one-dimensional feature. To achieve the goal we
studied further related articles. The first, paper [11], presents
a new symmetry autodetection approach. The symmetry can
be detected automatically by using corner detection. During
the process, the contour can be transferred to a waveform.

For additional study of the shape descriptor, paper [12]
focused on presenting the existing approaches of shape-based
feature extraction. Paper [13] introduced the extraction of
waveform features by reduced binary features, used to reduce
complexity and storage.

2.4. Classification. Another common image matching
approach, the K-nearest neighbour method as a compared

target, proposes a method to fuse real-value K-nearest
neighbour classifiers by feature grouping [14]. The real-value
K-nearest neighbour classifier can approximate continuous-
valued target functions. In addition, it is sensitive to feature
perturbation. Therefore, when the multiple real-value K-
nearest neighbour classifier is fused by feature grouping,
the performance of the fusion will be better than the
single classifier. Another K-nearest neighbour method [15]
presents a novel improvement to the K-nearest neighbour
mean classifier (K-NNMC). K-NNMC finds the K-nearest
neighbours for each class of training patterns separately and
finds the means for each of these K-neighbours (class-wise).
Classification is undertaken according to the nearest mean
pattern. In experiments using several standard datasets, it
has been shown that the proposed classifier provides better
classification accuracy over the conventional K-nearest
neighbour method, and thus, it is a suitable method to be
used in data mining applications.

As we have been using the SVM as an advanced method
to improve the performance of our approach, in order to
achieve a deep understanding of SVM, we paid attention to
related SVM research. Research work [16] presents a new
valid edge detection algorithm based on an SVM to avoid the
disadvantages of traditional image edge detection methods.
In another SVM related work [17], the authors compared the
performance of artificial-immune-system- (AIS) based algo-
rithms to a Gaussian kernel-based SVM.Their experimenta-
tion indicates that the AIS-based classification paradigm has
the intrinsic property of dealing more efficiently with highly
skewed datasets. In addition, research [18] takes advantage of
SVM to characterize the sperm population structure related
to freezability. The SVM was generated using sperm motility
information captured by CASA from thawed semen. This
SVM method was used to characterize the motile sperm
subpopulations for Iberian red deer.

Research [19] provided more information on the effect of
SVM on sperm research. An automated, quantitative method
that objectively classifies five distinct motility patterns of
mouse sperm using the SVM method, was developed. Its
parameters are associated with the classified tracks and were
incorporated into established SVM algorithms to generate a
series of equations. These equations were integrated into a
binary decision tree that sequentially sorts uncharacterized
tracks into distinct categories.

Once we had finished reading about the sperm related
SVM, wemoved on to research [20] which reveals the advan-
tages of the proposed mixed-feature model and presents
the capability of identifying human facial expressions from
static images. The subsequent framework is a multistage
discrimination model based on global appearance features
extracted from two-dimensional principal component anal-
ysis (2DPCA) and local texture represented by a local binary
pattern (LBP). The experimental results indicate that the
proposed mixed-feature model is feasible and outperforms
the single-feature model.

We then tried to look for research on feature extraction
and the SVM classifier [21]. This paper introduces a new
method for the early detection of colon cancer using a com-
bination of feature extraction based on wavelets for Fourier
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Figure 3: The flow chart of the sperm classification system.

transform infrared spectroscopy (FTIR) and classification
with SVM.

One popular robust image-matching approach is SIFT. In
paper [22], it performs a reliable matching between different
views of an object or scene. Its features are invariant to image
scale and rotation. In that sense, its images can be matched
with high reliability against a large database of features from
many images.

With regard to the elliptic model, it tried to estimate the
contour of a sperm by an ellipse shape. Research work [23]
used an ellipse to classify sperm. Another article, [24], pro-
posed a new method of sperm morphological classification
using the elliptic shape parameterized by the discrete Fourier
transform and reconstructed with dyadic data points. The
enclosed area of boundaries as a classification feature was
calculated and transformed by wavelet transform.

Although some researchers focused on sperm classifica-
tion, none has used our approach for sperm imaging. This
paper presents a system and a novel approach which uses a
one-dimensional contour and gray level features to diagnose
different sperms according to their characteristics.

3. Proposed Approaches

3.1. Overall Procedure. In this section, we present the algo-
rithm of our work. First of all, we provide the flow of
our approach as Figure 3. After image segmentation, the
sperm head contour is extracted; we transform the edge of

the sperm image into separated coordinate points and divide
the coordinate into two vectors.

3.2. Proposed Algorithms. For the classification, we applied
two methods. In the first, the bilateral symmetrical function
of (𝑛), for the continuous situation, is defined as follows:

𝑆 (𝑛) = ∫
𝐶
1

𝑃𝑛𝑃

2

𝑑𝑠 − ∫
𝐶
2

𝑃𝑛𝑃

2

𝑑𝑠, (1)

where𝐶
1
denotes the arc on the left of the axis while𝐶

2
is the

right arc.
The symmetry function is proposed as follows:

Percentsym (𝐴
𝑛
(𝑘)) = 1 −

∑ abs (𝐴 (𝑖) − 𝐴 (2𝑘 − 𝑖))

∑ 2 ∗ sqrt (𝐴 (𝑖) ∗ 𝐴 (2𝑘 − 𝑖))
.

(2)

𝐴
𝑛
(𝑘) denotes the corner point array while the 𝑘th point is

the smallest value of 𝑆(𝑛).
In our secondmethod, the geometric centre is calculated.

We used the following equation to compute the horizontal
coordinate:

𝑥mid =
∑
𝑛

𝑖=1

𝑥
𝑖

𝑛
, (3)

where 𝑥mid represents the horizontal coordinate of the geo-
metric centre, 𝑥

𝑖
represents the horizontal coordinate of each

point on the contour, and 𝑛 represents the number of points
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on the edge.The vertical coordinate could be calculated in the
same way.

To obtain the distance from edge to the centre, we take
advantage of the following format:

𝑑 (𝑖) = √(𝑥
𝑖
− 𝑥mid)

2

+ (𝑦
𝑖
− 𝑦mid)

2

. (4)

Considering the difficulty in choosing the starting point,
we had to avoid the problem. Therefore, we took rank algo-
rithm [13] which ignores where to start into consideration in
order to classify the results. The rank algorithm transforms
a sequence of numbers {𝑥

1
; 𝑥
2
; 𝑥
3
; . . . ; 𝑥

𝑛
} into a sequence

composed of 1 and 0. The transform format is as follows:

𝐼
𝑛
= {

0; if 𝑥
𝑛
≤ 𝑥
𝑛−1

;

1; if 𝑥
𝑛
> 𝑥
𝑛−1

.
(5)

Therefore, we achieved a binary system with 1 and 0.
We transformed 5 consecutive numbers in 𝐼

𝑛
into decimal

numbers. By computing the times each decimal number
appeared, we ascertained the rank and the probability of the
original sequence. Taking advantage of rank and probability,
we calculated the similarity between two sequences. The
format is as follows:

𝐷
𝑚
(𝑆
1
, 𝑆
2
) =

∑
2

𝑚
−1

𝑘=0

𝑅1 (𝑤𝑘) − 𝑅
2
(𝑤
𝑘
)
 𝑝1 (𝑤𝑘) 𝑝2 (𝑤𝑘)

(2𝑚 − 1)∑
2
𝑚
−1

𝑘=0

𝑝
1
(𝑤
𝑘
) 𝑝
2
(𝑤
𝑘
)

.

(6)

By calculating the 𝐷
𝑚

we distinguished the ten most
representative sequences and took them as the criteria.

Using the rank algorithm [13], we achieved another
binary system with 1 and 0. Then we transformed 8 con-
secutive numbers in 𝐼

𝑛
into decimal numbers and finally

we obtained the rank and the probability of the sequence.
With format (6) we obtained the similarity among the
sequences. Similar to the previous method, we achieved
another criterion.

To avoid the problem of a single criterion being too
lopsided, we took the gray level value of the sperm into
consideration. First, we calculated the gray level value of all
points within the sperm using the following format:

𝐺 =
𝑛

∑
1

𝑔
𝑖
, (7)

where 𝐺 represents the summation of the gray level value of
each point,𝑔

𝑖
represents the gray level value of each point, and

𝑛 represents the total number of points within the sperm.
Then we computed the gray percentage using the follow-

ing format:

𝑃 = 1 −
𝐺

𝑛 ∗ 255
, (8)

where 𝑃 represents the level of darkness.

3.2.1. Joint Rank Difference and Gray Level Method. By cal-
culating the average rank difference of normal and abnormal

sperms, we found the dividing line between them. Thus, the
rank difference itself can work as a judgment as to whether
or not the test sperm is normal. We combined the two rank
differences originating from the distance from centre to the
contour and the grey level value of the pixels in a sperm by
calculating the sum of the test sperm’s distance average rank
difference and the average grey level value rank difference
while each of them takes a certain weight. The format is as
follows:

𝐶 = 𝛼 ∗ dARD + (1 − 𝛼) ∗ 255 ∗ 𝑃. (9)

𝐶 represents the value that is the combination of the two
standards; 𝛼 represents the weight of average rank difference;
dARD represents the average rank difference of distance from
the centre to the contour.

With the combination value we enhanced the original
judgment by considering more elements and the importance
of each. To find the dividing line, we collected all the
combination values of the sperms and chose one of their
average values to provide the best accuracy for the dividing
line.

3.3. Fused SVM Method. To achieve a better result, we fused
the SVM method as an advanced classifier. SVM Methods
are supervised learning models with associated learning
algorithms that analyse data and recognize patterns and are
used for classification and regression analysis.The basic SVM
takes a set of input sperm features and predicts, for each given
input, the possible class form, normal or abnormal, making it
a nonprobabilistic binary linear classifier.

Given a training dataset {(𝑥
1
, 𝑦
1
), (𝑥
2
, 𝑦
2
), . . . , (𝑥

𝑛
, 𝑦
𝑛
)}

where 𝑥
𝑖
∈ R and 𝑦

𝑖
is either 1 or −1 indicating the class

to which the point 𝑥
𝑖
belongs, let x = [𝑥

1
, 𝑥
2
, . . . , 𝑥

𝑛
]𝑇.

The construction of the hyperplane for a linearly separable
problem is w𝑇x + 𝑏 = 0, where w is the normal vector
to the hyperplane and the parameter 𝑏/‖w‖ determines the
offset of the hyperplane from the origin along the normal
vector w. Thus, the margin between the hyperplane and the
nearest point is maximized and can be posed as the following
problem:

min
w,𝑏,𝜉

1

2
w𝑇w + 𝐶

𝑛

∑
𝑖=1

𝜉
𝑖

subject to 𝑦
𝑖
(𝑤𝑇𝑥
𝑖
+ 𝑏) ≥ 1 − 𝜉

𝑖
, 𝑖 = 1, 2, . . . , 𝑛,

𝜉
𝑖
≥ 0,

(10)

where 𝐶 is a user-defined constant as the penalty parameter
of the error term.

The SVM requires the optimal solution. We use the
LIBSVM[25] to solve this optimization problemwith the user
guide given in [26].

As for the input of the SVM approach, we fused the grey
level value and dARD as well. First of all, it extracts grey level
value of the pixels within the sperm head. It starts from the
centre of the sperm, and then it computes the following grey
level values in a square roundabout path. The path map is
shown in Table 1 as the sequence of numbers.
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Table 1: Grey level value extraction path.

43 42 41 40 39 38 37 64
44 21 20 19 18 17 36 63
45 22 7 6 5 16 35 62
46 23 8 1 4 15 34 61
47 24 9 2 3 14 33 60
48 25 10 11 12 13 32 59
49 26 27 28 29 30 31 58
50 51 52 53 54 55 56 57

Original sperm Sperm head

Figure 4: Extract sperm head from normal sperm.

When the path collides with the contour, the sequence
of grey level values takes advantage of the Rank algorithm
in transforming 8 consecutive numbers 𝐼

𝑛
into the decimal

numbers during the ends of extraction. Then we achieved
rank sequences and 𝐷

𝑚
between every pair of images which

can represent their similarities. As a result, we can tell which
image represents the rest of the images the best by calculating
the sum of the 𝐷

𝑚
value from one image to all the other

images. Thus we can put the rank sequences in order as well.
With the rank sequences, we added the dARD sequences

at the end of corresponding rank sequence. The new
sequences consist of the training samples and test samples.
The ten training samples include five most representative
sequences of normal sperms and five ones of abnormal
sperms. The rest sperms are the test samples.

4. Fundamental Evaluation

In this fundamental evaluation, we have undertaken various
experiments on 80 normal and 80 abnormal sperms. They
are from a hospital; the images are provided on https://code
.google.com/p/support-vector-machine-for-sperm-morphol-
ogy-diagnosis/ as Supplementary material. See Supplemen-
tary Material available online at http://dx.doi.org/10.1155/
2013/687607. Before the classification of sperms, the
segmentation is done by two steps. (1) We pick the area
where sperms do not overlay manually. (2) We segment the
sperms by reading the gray scale value of the picked area.
With knowing the location of the sperms we copy them from
the area and build a new image to store each one of them.
With a single sperm in an image, it can cut off its tail easily.

Figures 4 and 5 present an example of our segmentation
result.

In this way, we segmented all the 80 normal and 80
abnormal sperm heads from 80 pieces of sperm images.

4.1. Results of Our Waveform Extraction Methods. In this
section, we present part of the results of the steps in our

Original sperm Sperm head

Figure 5: Extract sperm head from abnormal sperm.

experiments which explain how we made a choice and
their performances. In Table 2, the column Number lists the
number of each image.The columns Symmetry andMid show
the result of each transformation from image into waveform.

Table 3 presents the waveform obtained by the first
method using four different starting points for the same
image. With the differences among four waves, the problem
arises from choosing one for the classification. The result
of the second approach avoids the problem of picking the
starting point. Thus, we take the second result to classify
sperms.

4.2. Average Rank Difference. In Figure 6, the horizontal
axis represents the serial number of each sperm image. The
vertical axis represents the average difference of rank among
the 80 normal or 80 abnormal sperms and the ten model
sperms. As the result did not provide a clear dividing line
between normal and abnormal sperms, we adopted another
method to examine their differences. We calculated the
difference in rank between the ten normal sperms and the
other sperms. Taking a look at Figure 6, if we take horizontal
value 181 as the dividing line between normal and abnormal,
meaning when the value of the average rank difference of a
sperm is below 181, we take the sperm as normal, otherwise
we take it as abnormal. In this case, the accuracy could reach
55%.

4.3. Grey Level Feature. Then we focused on the influence of
the grey level value. Parts of the results are as shown in Figures
7 and 8.

In Figures 7 and 8, the horizontal axis represents the serial
number of each sperm image. In Figures 7(a) and 8(a), the
vertical axis represents the average grey level value of the
points of the sperms in the images. In Figures 7(b) and 8(b),
the vertical axis represents the grey level percentage of the
segmentation of the sperms.

According to the percentage results, we can ascertain
the percentage dividing line between normal and abnormal
sperms to be 0.268228785. With the division we can achieve
72.5% accuracy.

4.4. Joint Average Result. We then tried to combine the
two aspects as a judgment. First of all, we found the new
parameter through format (7). By setting different 𝛼, we
determined the different weight of each aspect. The new
parameter is as in Figure 9. It contains the new crite-
ria produced with rank and gray level values of normal
and abnormal sperms. 𝛼 is the argument that represents
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Table 2: Waveform extraction from both methods.

Num Normal Symmetry Mid

1

0
100
200
300
400
500
600
700
800

1 7 13 19 25 31 37 43 49 55 61 67 73 79 85 1 7 13 19 25 31 37 43 49 55 61 67 73 79 85

25

20

15

10

5

0

2

0
100
200
300
400
500
600
700
800

1 9 17 25 33 41 49 57 65 73 81 89 97
0

5

10

15

20

25

1 9 17 25 33 41 49 57 65 73 81 89 97

3

0
100
200
300
400
500
600
700
800
900

1 9 17 25 33 41 49 57 65 73 81 89
0

5

10

15

20

25

1 9 17 25 33 41 49 57 65 73 81 89

4

0
100
200
300
400
500
600
700
800
900

1 9 17 25 33 41 49 57 65 73 81 89
0

5

10

15

20

25

1 7 13 19 25 31 37 43 49 55 61 67 73 79 85 91

5

0
100
200
300
400
500
600
700

1 7 13 19 25 31 37 43 49 55 61 67 73 79 85
0
2
4
6
8

10
12
14
16
18
20

1 7 13 19 25 31 37 43 49 55 61 67 73 79 85

6

0
100
200
300
400
500
600
700

1 7 13 19 25 31 37 43 49 55 61 67 73 79 85 0

5

10

15

20

25

1 7 13 19 25 31 37 43 49 55 61 67 73 79 85 91

7

0

100

200

300

400

500

600

1 7 13 19 25 31 37 43 49 55 61 67 73 79 85
0

5

10

15

20

25

1 9 17 25 33 41 49 57 65 73 81 89 97

8

0
100
200
300
400
500
600
700
800

1 7 13 19 25 31 37 43 49 55 61 67 73 79 85 0

5

10

15

20

25

1 7 13 19 25 31 37 43 49 55 61 67 73 79 85

9

0

100

200

300

400

500

600

1 7 13 19 25 31 37 43 49 55 61 67 73 79 85 0

5

10

15

20

25

1 9 17 25 33 41 49 57 65 73 81 89
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Table 2: Continued.

10

0
100
200
300
400
500
600
700

1 7 13 19 25 31 37 43 49 55 61 67 73 79 85
0

5

10

15

20

25

1 9 17 25 33 41 49 57 65 73 81 89

Num Abnormal Symmetry Mid

81

0
100
200
300
400
500
600
700
800
900

1 7 13 19 25 31 37 43 49 55 61 67 73 79 85
0

5

10

15

20

25

30

1 11 21 31 41 51 61 71 81 91 10
1

11
1

12
1

82

0
100
200
300
400
500
600
700

1 7 13 19 25 31 37 43 49 55 61 67 73 79 85 0

5

10

15

20

25

1 9 17 25 33 41 49 57 65 73 81 89

83

0

5

10

15

20

25

1 7 13 19 25 31 37 43 49 55 61 67 73 79 85
0
5

10
15
20
25
30
35

1 13 25 37 49 61 73 85 97 10
9

12
1

13
3

84

0

100

200

300

400

500

600

1 7 13 19 25 31 37 43 49 55 61 67 73 79
0

10
20
30
40
50
60
70

1 7 13 19 25 31 37 43 49 55 61 67 73 79

85

0
50

100
150
200
250
300
350
400

1 7 13 19 25 31 37 43 49 55 61 67 73 79
0
2
4
6
8

10
12
14
16
18
20

1 7 13 19 25 31 37 43 49 55 61 67 73 79

86

0
50

100
150
200
250
300
350
400
450

1 7 13 19 25 31 37 43 49 55 61 67 73 79
0
2
4
6
8

10
12
14
16
18

1 7 13 19 25 31 37 43 49 55 61 67 73 79

87

0
50

100
150
200
250
300
350
400
450

1 7 13 19 25 31 37 43 49 55 61 67 73 79
0
2
4
6
8

10
12
14
16
18
20

1 7 13 19 25 31 37 43 49 55 61 67 73 79

88

0
200
400
600
800

1000
1200
1400
1600
1800

1 7 13 19 25 31 37 43 49 55 61 67 73 79
0
5

10
15
20
25
30
35

1 7 13 19 25 31 37 43 49 55 61 67 73 79
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Table 2: Continued.

89

0
200
400
600
800

1000
1200
1400

1 7 13 19 25 31 37 43 49 55 61 67 73 79
0

5

10

15

20

25

30

1 7 13 19 25 31 37 43 49 55 61 67 73 79

90

0
100
200
300
400
500
600
700
800
900

1 7 13 19 25 31 37 43 49 55 61 67 73 79
0
2
4
6
8

10
12
14
16
18
20

1 7 13 19 25 31 37 43 49 55 61 67 73 79

Table 3: The waveform of different starting points from the first method.

Start
point Result

Start 1

0
100
200
300
400
500
600
700

1 7 13 19 25 31 37 43 49 55 61 67 73 79 85
0

100
200
300
400
500
600
700

1 7 13 19 25 31 37 43 49 55 61 67 73 79 85
0

100
200
300
400
500
600
700
800

1 7 13 19 25 31 37 43 49 55 61 67 73 79 85
0

100
200
300
400
500
600
700
800

1 7 13 19 25 31 37 43 49 55 61 67 73 79 85

Start 2

0

200

400

600

800

1000

1200

1 7 13 19 25 31 37 43 49 55 61 67 73 79 85 91 97
0

100
200
300
400
500
600
700
800
900

1000

1 7 13 19 25 31 37 43 49 55 61 67 73 79 85 91 97
0

100
200
300
400
500
600
700
800

1 7 13 19 25 31 37 43 49 55 61 67 73 79 85 91 97
0

100
200
300
400
500
600
700
800

1 7 13 19 25 31 37 43 49 55 61 67 73 79 85 91 97

Table 4: Dividing line of C.

𝛼 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
DL 177 165 160 149 134 123 114 101 95

Table 5: Accuracy of different 𝛼.

𝛼 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Acc 0.61 0.62 0.64 0.66 0.69 0.72 0.74 0.77 0.73

the weighted average rank difference taken in the criteria.
With the new parameter we can calculate its dividing line
(DL) as a threshold.

In Table 4, row DL represents the dividing line of each
𝛼 value. With the dividing line we can classify the sperms.
Assuming we have already known the exact classification of
each sperm, we can tell how many of them are correctly
classified and thus, we can come up with the accuracy. The
accuracy (Acc) of the different 𝛼 is as shown in Table 5.

In Table 5, the row Acc represents the accuracy of each 𝛼
value. According to the result, we chose the value 0.8 for 𝛼. In
this case, the accuracy can reach 76.875%.

4.5. Fused SVM Result. With all the data provided above,
we took advantage of the SVM method to undertake the

classification and used LIBSVM Software from http://
www.csie.ntu.edu.tw/∼cjlin/libsvm. As for the parameters,
the default values are used in the implementation, and the
SVM type is C-SVC; the kernel function type is RBF function:
𝑒−𝛾(𝑢−V)

2

= 1/𝑘; cost = 1; cache size = 40; eps = 0.001;
shrinking = 1; weight = 1.

We input the training samples and test samples as men-
tioned in Section 3.3. With ten training samples and test
samples of 160 sperms which consist of 80 normal and 80
abnormal ones, we obtain accuracy with 88.9%.

5. Comparison Evaluation

In this section, we introduce the three methods we used
as comparisons to our method: K-nearest neighbor method
works quite effective as well, the other two fail to satisfy us.

5.1. Compared K-Nearest Neighbour Approach. TheK-nearest
neighbour method showed the following differences.

We took the 160 images of sperms as the original clas-
sifications, and then we input the test image, transformed
all the images into gray, and then calculated the difference
between the test image and the original images. Then we
picked the ten images with the smaller differences. After
counting the classifications of the ten images, we specified the
one occurring most often to be the classification of the test
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(a) Normal sperms
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Figure 6: Normal and abnormal sperms and their corresponding data.
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Figure 7: Grey level value and percentage of normal sperms.
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Figure 8: Grey level value and percentage of abnormal sperms.

image. The classification of the top ten nearest neighbours is
as in Figure 10.

Taking the sperms whose sum value is larger than 3 as
normal and the sperms whose sum value is smaller than 4
as abnormal, we can tell that only 39 sperms are mistakenly
classified, providing accuracy of 75.625%.

5.2. Compared SIFTApproach. Lowe summed up the existing
feature detection method based on invariants technology,
in 2004, and formally proposed an image scaling, rotation,
and even affine transformation for invariant image with local
feature description operator based on scale space SIFT [22].

The SIFT algorithm first undertakes feature detection in scale
space and defines the key points’ positions and the scale of
the key points, and then it uses the main direction of the
neighbourhood gradient of the key points as the direction
features of the points in order to achieve the operator
independence of scale and the direction. The format which
produces the scale space is as follows:

𝐿 (𝑥, 𝑦; 𝑡) = ∫
∞

𝜉=−∞

∫
∞

𝜂

1

2𝜋𝑡
𝑒−(𝜉
2
+𝜂

2
)/2𝑡𝑓 (𝑥 − 𝜉, 𝑦 − 𝜂) 𝑑𝜉 𝑑𝜂.

(11)
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Figure 9: The result of joint rank and gray level features of normal and abnormal sperms.
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Figure 10: The classification of the top ten neighbours of (a) normal and (b) abnormal sperms.

Rectangular
segment

Segmentation after
rotation

Ellipse

Figure 11: The ellipse model to estimate the contour of the sperm.

In format (11), t represents the scaling parameter. By
undertaking convolution in the whole domain with a two-
dimensionalGaussian kernel and input image, we can achieve
scaling correspondent to t.

The SIFT feature vector has the following features: (a) it is
the local feature of an image which maintains invariance not
only on rotation, scale, and brightness variation but also on
the viewing angle, the affine transformation, and the noise;
(b) it is distinctive and informative and suitable for fast,
accurate matching in a mass signature database; (c) it can
produce a large number of SIFT feature vectors with few
objects; (d) it is of high speed.

Matlab source code of SIFT is fromhttp://www.vlfeat.org/
index.html [27]. We used the SIFT method to extract feature
points of all the sperm images and achieved the ten normal
and ten abnormal sperm images as in the training model.
Then, we calculated the difference between the training
models and the other 70 normal and 70 abnormal sperm
images. With the dividing line we came up with accuracy
of 50%. The result turned out to be bad because the input
data are simple sperm images and the SIFT algorithm cannot
extract enough feature descriptors for classification.

5.3. Compared Ellipse Model Approach. With the image of
a single sperm, we can use the ellipse model to estimate
the contour of the sperm. First of all, we used a rectangular
segment to cut out the sperm. In order to make the rectangle
close to the sperm edge, we needed to choose the rectangle
with the smallest area; we rotated the sperm so that the
segmentation would be easier. We calculated the left-most,
upper-most, downward-most, and right-most points on the
edges and built the rectangular segment based on them as
depicted in Figure 11.

76.88%
88.90%

75.63%

50.00%

66.25%

0.00
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50.00
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80.00
90.00

100.00
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average

K-neighbor SIFT Elliptic
model

Fused
SVM

(%
)

Figure 12: Accuracy comparison of all methods.

With the rectangle we achieved an ellipse to estimate
the sperm whose long axis radius is half the length of the
rectangle’s long side and whose short axis radius is half the
length of the rectangle’s short side. As a result, we ascertained
the ovality, which is the ratio of the length of the long axis
to the short axis. Through our experiment on 80 sperms, we
could tell whether the sperm was too close to a circle, whose
ratio is close to 1, and whether the sperm was too slim, whose
ratio is close to 2 or even larger than 2. We took those whose
ratio was larger than 1.2 and smaller than 1.8 as normal, and
thus we achieved accuracy of 66.25%.

6. Conclusion

As shown in Figure 12, we have presented an approach
for the classification of sperm images with one-dimensional
waveform and gray level features. In the comprehensive
evaluation, the joint average approach method was applied
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to 160 sperm image samples and provided 76.875% accuracy
of judgment. We then applied the fused SVM method to
the images and reached accuracy of 87.5%. The result proves
that the proposed approach is superior to the previous
approaches.
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advantage of the use of supervised learning methods for
characterization of sperm population structure related with
freezability in the Iberian red deer,”Theriogenology, vol. 77, no.
8, pp. 1661–1672, 2012.

[19] S. G. Goodson, Z. Zhang, J. K. Tsuruta, W. Wang, and D.
A. O’Brien, “Classification of mouse sperm motility patterns
using an automatedmulticlass support vectormachinesmodel,”
Biology of Reproduction, vol. 84, no. 6, pp. 1207–1215, 2011.

[20] D. T. Lin and D. C. Pan, “Integrating a mixed-feature model
and multiclass support vector machine for facial expression
recognition,” Integrated Computer-Aided Engineering, vol. 16,
no. 1, pp. 61–74, 2009.

[21] C. G. Cheng, Y. M. Tian, and W. Y. Jin, “A study on the early
detection of colon cancer using the methods of wavelet feature
extraction and SVM classifications of FTIR,” Spectroscopy, vol.
22, no. 5, pp. 397–404, 2008.

[22] D. G. Lowe, “Distinctive image features from scale-invariant
keypoints,” International Journal of Computer Vision, vol. 60, no.
2, pp. 91–110, 2004.

[23] V. R. Nafisi, M. H. Moradi, and M. H. Nasr-Esfahani, “Sperm
identification using elliptic model and tail detection,” World
Academy of Science, Engineering and Technology, vol. 6, pp. 205–
208, 2005.

[24] W. J. Yi, K. S. Park, and J. S. Paick, “Parameterized charac-
terization of elliptic sperm heads using Fourier representation
and wavelet transform,” in Proceedings of the 20th Annual
International Conference of the IEEE Engineering in Medicine
and Biology Society, vol. 20, pp. 974–977, 1998.

[25] C. C. Chang andC. J. Lin, LIBSVM—a library for support vector
machines, Version 3.12, http://www.csie.ntu.edu.tw/∼cjlin/
libsvm/.

[26] C.W. Hsu, C. C. Chang, and C. J. Lin, “A practical guide to sup-
port vector classification,” 2010, http://www.csie.ntu.edu.tw/∼
cjlin.

[27] A. Vedaldi and B. Fulkerson, “VLFeat: an open and portable
library of computer vision algorithms,” 2008, http://www.vlfeat
.org/.



Hindawi Publishing Corporation
BioMed Research International
Volume 2013, Article ID 742835, 8 pages
http://dx.doi.org/10.1155/2013/742835

Review Article
Advanced Systems Biology Methods in Drug Discovery and
Translational Biomedicine

Jun Zou, Ming-Wu Zheng, Gen Li, and Zhi-Guang Su

Molecular Medicine Research Center, State Key Laboratory of Biotherapy, West China Hospital, West China School of Medicine,
Sichuan University, Chengdu 610041, China

Correspondence should be addressed to Zhi-Guang Su; zhiguang su@hotmail.com

Received 17 June 2013; Accepted 26 August 2013

Academic Editor: Bing Niu

Copyright © 2013 Jun Zou 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.

Systems biology is in an exponential development stage in recent years and has been widely utilized in biomedicine to better
understand the molecular basis of human disease and the mechanism of drug action. Here, we discuss the fundamental concept
of systems biology and its two computational methods that have been commonly used, that is, network analysis and dynamical
modeling.The applications of systems biology in elucidating human disease are highlighted, consisting of human disease networks,
treatment response prediction, investigation of diseasemechanisms, and disease-associated gene prediction. In addition, important
advances in drug discovery, to which systems biology makes significant contributions, are discussed, including drug-target
networks, prediction of drug-target interactions, investigation of drug adverse effects, drug repositioning, and drug combination
prediction. The systems biology methods and applications covered in this review provide a framework for addressing disease
mechanism and approaching drug discovery, which will facilitate the translation of research findings into clinical benefits such
as novel biomarkers and promising therapies.

1. Introduction

Advances in biological sciences over the past several decades
have led to the generation of a large amount of omics molec-
ular data at the level of genome, transcriptome, proteome,
andmetabolome.While identifying all the genes and proteins
provides a catalog of individual molecular components, it is
not sufficient by itself to understand the complexity inherent
in biological systems. We need to know how individual
components are assembled to form the structure of the
biological systems, how these interacting components can
produce complex system behaviors, and how changes in
conditions may dynamically alter these behaviors. As a
result, systems biology has emerged as an important new
discipline that addresses the current challenge of interpreting
the overwhelming amount of genome-scale data on a systems
level.

Yet remaining in its infancy in many ways, systems biol-
ogy is in an exponential development stage in recent years and
has been widely used in pharmacology to better understand
molecular basis of disease and mechanism of drug action [1].

It has become apparent that many diseases such as cancer
are much more complex than initially anticipated, because
they are often caused by a combination of multiple molecular
abnormalities, which supports a novel network perspective
of complex diseases [2]. In addition, many drug candi-
dates failed clinical phases because the mechanisms of the
cellular pathways they target are incompletely understood.
These have significant implications in the drug discovery
process because the molecular components that need to
be targeted must change from single proteins to entire
cellular pathways [3]. By considering the biological context
of drug target, systems biology provides new opportunities
to address disease mechanisms and approach drug discovery,
which will facilitate the translation of preclinical discoveries
into clinic benefits such as novel biomarkers and therapies
[4].

In the following sections, we will first describe systems
biology methods that have become commonplace; then we
will examine their various applications in drug discovery
and translation medicine; finally brief discussions on future
directions are given.
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2. Systems Biology Methods

Systems biology focuses on developing an understanding
of how the phenotypic behavior of biological system as a
whole emerges from individual molecular components and
their interactions that constitute the biological system [5].
Thus a key feature of systems biology is that interactions
among many components are studied, rather than simply
the characteristics of individual molecules. Another fea-
ture is that systems biology uses a range of computational
approaches to generate predictions that can be tested exper-
imentally. Systems biology thus relies on a combination of
experiments that measure multiple cellular components and
computational approaches that allow the analysis of various
data sets. As an iterative process, computational modeling
is performed to propose nonintuitive hypotheses that can
subsequently be experimentally validated, and the newly
acquired quantitative experimental data can then be used
to refine the computational model that recapitulated the
biological system of interest.

In general, two complementary computational ap-
proaches are used in systems biology, namely, data-driven
and hypothesis-driven methodologies (also called top-
down and bottom-up modeling) [6]. The data-driven
approaches involve the gathering of large-scale omics
data sets and subsequent analyses of these data using
statistical modeling techniques. Network modeling, one of
the most frequently used data-driven approaches, provides
insights into the interactions among hundreds or even
thousands of molecular components. On the other hand,
the hypothesis-driven approaches are generally applied to
relatively small systems with fewer molecular components.
A major challenge to this approach is that the quantitative
details of the interactions are unknown and so it is necessary
to hypothesize relevant forms of the equations that govern
the interactions and estimate the values of the associated
parameters [6]. Dynamical modeling, the major hypothesis-
driven approach, can be employed to characterize the
quantitative relations between molecular components and
the emergent behaviors that arise from their interactions.
Choosing the appropriate modeling approaches depends on
the nature of the data and the level of understanding of the
studied biological system.

3. Network Modeling in Biological Systems

A “network” refers to a collection of “nodes” and a collection
of “edges” that connect pairs of nodes. Network represen-
tation of biological molecular systems typically considers
molecular components as nodes and their interactions or
relationships as edges. In biological networks, molecular
components can be genes, proteins, metabolites, drugs, or
even diseases and phenotypes; interactions can be direct
physical interactions,metabolic coupling, and transcriptional
activation. Different types of biological networks can be
constructed, such as protein-protein interaction networks,
cellular signaling networks, gene regulatory networks, disease
gene interaction networks, and drug interaction networks
[7, 8].

Network analysis of biological systems is increasingly
gaining acceptance as a useful method for data integration
and analysis. Assembling a network to represent the complex-
ity of biological systems is just recognized as the beginning of
the analysis. A series of advances in graph-based theory are
also relied on to provide insights into the topology properties
and organizational principles of biological networks, which
include information about the properties of nodes and edges,
global (i.e., the entire network) topological properties, hubs,
motifs, and modules [2, 7]. Properties of nodes include
degree (also called connectivity degree), node betweenness
centrality, closeness centrality, and eigenvector centrality.
Properties of edges include edge betweenness centrality,
relationship types (i.e., activation or inhibition), and edge
directionality. Global topological characteristics of networks
include connectivity distribution, characteristic path length,
clustering coefficient, grid coefficient, network diameter, and
assortativity [7].

The degree of a node is the number of edges that
connect to it; for example, the degree of a protein could
represent the number of proteins with which it interacts.
An important realization is that networks in biological
systems, including protein-protein interaction andmetabolic
networks, are scale-free, which means that the degree dis-
tribution (i.e., the fraction of nodes with a given degree)
has a power-law tail. By contrast, for a random network,
most nodes have approximately the same number of edges
(i.e., fits a Poisson distribution). The scale-free architec-
ture makes biological networks robust to random failures
[7].

Network motifs are recurring small subnetworks com-
posed of a few nodes and their edges, and the topology types
of these subnetworks appear in biological networks much
more frequently than expected by chance [8]. Somemotifs are
particularly important because they are likely to be associated
with some optimized biological function; examples include
negative feedback loops, positive feed-forward loops, bifans,
or oscillators. Another characteristic of networks is their
modularity (i.e., network clustering), implying the existence
of ‘modules’, which are network neighbourhoods with locally
dense connectivity segregated by regions of low connectivity
[8]. In biological networks, a module could correspond to a
group of molecules that tend to interact with each other to
achieve some closely related cellular functions.

Highly connected nodes in a network are called hubs.
The biological role of hubs allows for their classification into
“party” hubs and “date” hubs [2]. Party hubs, also called
intramodule hubs, are highly coexpressed with their inter-
acting molecules and preferentially function inside modules.
While date hubs, also called intermodule hubs, appear to
be more dynamically regulated relative to their interact-
ing molecules and preferentially link different functional
modules to each other. For example, Chang et al. have
recently identified modules enriched in closely connected
“party hubs” that all participate in the same biological process
“ribosome biogenesis and assembly” [9]. Whereas CDC28,
predicted as a “date hub,” serves as an intermodule coordi-
nator and performs important functions in the regulation of
both “cell cycle” and “DNA damage” [9].
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4. Dynamical Modeling in Biological Systems

Dynamicalmodeling, also namedmechanisticmodeling, can
be viewed as translations of familiar pathway maps into
mathematical form [10]. Equations in dynamical models,
derived from established physicochemical theory (e.g., the
law of mass action and Michaelis-Menten kinetics), seek
to describe biomolecular processes (such as intermolecular
association, catalysis and covalentmodification, and intracel-
lular localization). Kinetic parameters in dynamical models
have physicochemical interpretations that define the reaction
rate and binding affinity.

Provided that reasonable values for kinetic parameters
and initial concentrations of cellular components can be
obtained, simulation of the dynamical models yields the con-
centrations of each component at subsequent times, thereby
facilitating comparison of simulated and experimental time
courses [5]. Thus dynamical modeling uses prior knowledge
to make specific predictions and works best with pathways
in which components and connectivity are relatively well
established. Used appropriately, dynamical modeling is much
more powerful in analyzing molecular events in a cellular
context, revealing the principles of biological systems, and
generating novel and useful hypotheses.

The correct mathematical form for a dynamical model
depends on the properties of the systembeing studied and the
goals of the modeling effort. Ordinary differential equations
(ODEs) and partial differential equations (PDEs) are the
most commonly used forms. ODEs represent the rates of
production and consumption of individual biomolecular
component in terms of mass action kinetics, which is an
empirical law stating that rates of a reaction are proportional
to the concentrations of the reacting components [11]. Each
biochemical transformation is therefore represented by an
elementary reaction with forward and reverse rate constants.
One fundamental assumption of ODEs is that the cellular
compartment is well mixed; that is, the concentration of each
component is high and transports instantaneously within a
compartment [12]. If this assumption is not satisfied, then it
is necessary to use PDEs to explicitly simulate the changes
in component concentrations with respect to space. Defining
a PDEs model requires assigning components and reactions
to the appropriate cellular compartment where they occur,
diffusion rules and constants governing the transfer of com-
ponents among different compartments, and the boundary
constraints of each compartment [12].

Dynamical systems can be in either deterministic or
stochastic form [5]. A dynamical system is deterministic
if its trajectory is uniquely determined by the initial state
and a given parameter set, while a stochastic dynamical
model can go to different states with different probabilities
even at a given initial state. Stochastic simulations include
effects arising from random fluctuation around the average
behavior, such as small molecules number of given com-
ponent, sufficiently low elementary reactions, or cell-to-cell
variability due to intrinsic noise.

To develop a dynamical model, there are approximately
four steps. (1) Model design: one of the initial stages is to
specify the model scope and establish the reaction scheme of

all of the molecular components of interest. This may involve
a connectivity diagram listing all of the components (includ-
ing their biochemically modified versions), their connections
(such as stimulatory or inhibitory connections and physical
interactions), and their appropriate subcellular location [12].
(2) Model construction: according to the physicochemical
theory, the connectivity diagram must be converted into
appropriate biochemical reactions, which are mathematically
represented by differential equations [13]. Once these reac-
tions have been established, the experimental data needed
for the kinetic parameters and initial concentrations are
implemented [12]. (3)Model calibration also known asmodel
regression, is the process by which unknown kinetic param-
eter values in a model are estimated so as to match model
performance to experimental measurements. The parameter
estimation is generally based on data-fitting techniques that
involve an iterative process of adjusting kinetic parameter
values to minimize the difference between the model pre-
dicted value and the corresponding experimental data [14].
(4)Model validation is the process of evaluating the goodness
of a calibrated model. This includes making predictions that
can be subjected to experimental test. If the simulation results
of the dynamical model recapitulate experimentally defined
input-output relations, then the model can be considered
to be accurate. The input-output relations may be time-
course and dose-response experimental data in the presence
or absence of additional perturbations [13].

For many biological systems, there are insufficient kinetic
parameters for the biochemical reactions, which have posed
an obstacle for the application of quantitative dynamical
models based on ODEs or PDEs. To address this issue,
discrete dynamical modeling has been used to provide an
alternative way to qualitatively describe complex biological
systems with many unknown kinetic parameters. In these
models, the states of the cellular components are qualitative,
and the time variable is often considered to be discrete. The
main types of discrete dynamical models include Boolean
networks and Petri nets [15]. Boolean networks, whose node
is described by only two qualitative states (i.e., ON and OFF),
have been successfully applied in modeling gene regulatory
networks and signaling networks [16, 17]. Petri nets, which
contain two types of nodes representing the cellular compo-
nents and the biochemical reactions, are particularly suited
for modeling metabolic networks and analyzing metabolic
disorders [18].

5. Systems Biology Methods to
Human Disease

Compared with traditional reductionist approach that
attempts to explain complex diseases by studying individual
gene, systems biology is characterized by the view that the
underlying mechanism of complex diseases is likely to be the
dysregulation of multiple interconnected cellular pathways.
Therefore, biological network analyses and dynamical
modeling have been increasingly used to underlie the
genotype-phenotype relationships in human disease [8].
Here, we attempt to cover four recent advances in this area:



4 BioMed Research International

(1) studies of global relationships between human disease
and associated genes, (2) predictions of treatment response,
(3) investigations of the underlying mechanism of diseases,
and (4) predictions of new disease-associated genes.

5.1. Human Disease Networks. Most previous studies have
focused on the association between a single gene and a single
disease, whereas systems biology approaches using network-
based tools enable a better understanding of the relationships
among multiple genes and diseases. Goh et al. used the
collected gene-disease associations to build the first human
disease network by linking diseases that share one or more
disease genes, and it shows that similar pathophenotypes have
a higher likelihood of sharing genes than do pathophenotypes
that belong to different disease classes [19]. They also found
that most disease genes are nonessential and are not encoded
by hub proteins. Linghu et al. explored the relationships
between diverse diseases and disclosed hidden associations
between disease pairs having dissimilar phenotypes [20].
Suthram et al. present an integrated network approach to
identify significant similarities between diseases and reveal
common disease-state modules significantly enriched for
drug targets [21]. Such systematic approaches have also
provided a foundation for a genome-scale network analysis
of complex diseases, such as cancer [22], neurodegenerative
disease [23], inflammatory disease [24], and also pathogen
responses [25].

5.2. Treatment Response Prediction. An important area in
which systems biology approaches have been applied is
biomarker discovery. Several groups have begun to integrate
gene and protein expression profiles with system-wide maps
of the pathways to identify biomarkers able to diagnose
disease severity and predict disease outcomes. A recent study
illustrated how the network-based approach that identifies
subnetworks with coherent expression patterns can be used
to identify novel markers for breast cancer metastasis [26].
The subnetwork-based analysis of gene expression profiles
has also successfully been used to predict the relative risk
for disease progression and patient survivability [27–30]. In
all cases, the goal is to identify biomarkers not as lists of
individual genes or proteins but as functionally related groups
of genes or proteins whose aggregate properties account for
the phenotypic differences between the different populations
of patients [31]. Unlike conventional expression diagnostic
markers based on individual genes, these network-based
diagnostic markers should be inherently more reliable since
they provide the biological interpretation for the association
between the subnetwork biomarker and the particular type of
disease [32].

5.3. Investigation of Disease Mechanisms. Based on the con-
struction of gene regulatory networks from large-scale
molecular profiles, systems biology approaches have been
valuable for elucidating themechanisms of both physiological
regulation [33] and pathological processes in complex dis-
eases [32]. Recent observations have shown that the wiring
of biological networks can change from healthy to diseased

states. For instance, inflammatory and immune signaling
pathways show different functional wiring when compar-
ing normal and transformed hepatocytes [34]. Rozenblatt-
Rosen et al. systematically examined host interactome and
transcriptome network perturbations caused by DNA tumor
virus proteins [35].The resulting integrated viral perturbation
data reflects rewiring of the host biological networks and
highlights pathways, such as Notch signaling and apoptosis,
that go wrong in cancer. Zhang et al. constructed gene regu-
latory networks to characterize molecular systems associated
with Alzheimer’s disease [36]. Their network-based integra-
tive analysis not only highlighted the strong association of
immune pathways with the pathophysiology of the disease
but also identified the key network regulators that may serve
as effective targets for therapeutic intervention. Another
thrust in systems biology involves combining dynamical
modeling of regulatory pathways with molecular and cellular
experiments as a means to understand the precise regulatory
mechanisms of networks that are altered in diseases [37–39].

5.4. Disease-Associated Gene Prediction. The search for
disease-causing genes is a long-standing goal of biomedical
researches. Systems biology is playing an increasing role in
this area through the computational integration of multiple
genome-scale measurements. It is assumed that if biological
networks underlie genotype-phenotype relationships, then
network properties should be able to predict unidentified
human disease-associated genes. In an early example, net-
work modeling strategies have been successfully used in
tumor research. Starting with known genes encoding tumor
suppressors of breast cancer, Pujana et al. generate a network
containing genes linked by potential functional associations,
and the analysis of this network permitted identification of
novel genes potentially associated with higher risk of breast
cancer [40].Mani et al. introduce a systems biology approach,
based on the analysis of the network ofmolecular interactions
that become dysregulated in specific tumors, to decipher the
human B-lymphocyte interactome, which helped to identify
causal oncogenic lesions in several B-cell lymphomas [41].
Similar network-based computational frameworks have been
proposed to reliably predict disease-associated genes [42, 43].
It is thus suggested that studying dysregulation at a biological
network level, rather than in a “gene centric” manner, can
provide a highly efficientmethod for addressing the problems
of identifications of genes playing a role in human disease.

6. Systems Biology Methods in Drug Discovery

Systems biology approaches have long been used in phar-
macology to understand drug action. The application of
computational and experimental systems biology methods
to pharmacology allows us to introduce the definition of
“systems pharmacology” [44], which describes a field of
research that provides us with a comprehensive view of
drug action rooted in molecular interactions between drugs
and their targets in a human cellular context. Advances in
systems pharmacology will, in the long term, assist in the
development of new drugs and more effective therapies for
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patient treatment management. There are several important
clinically motivated applications in drug discovery to which
systems biology approaches make significant contributions.
Here, we attempt to discuss five recent advances in this
field: (1) drug-target networks, (2) predictions of drug-
target interactions, (3) investigations of the adverse effects
of drugs, (4) drug repositioning, and (5) predictions of drug
combination.

6.1. Drug-Target Networks. Analysis of drug-target networks
in a systematic manner shows a rich pattern of interac-
tions among drugs and their targets in which drugs often
bind to multiple rather than single molecular targets—
a phenomenon known as “polypharmacology” [45, 46].
Topological analyses of this network quantitatively showed
an overabundance of “follow-on” drugs, that is, drugs that
target already-targeted proteins. Likewise, many proteins are
targeted by more than one drug containing distinct chemical
structures. This new appreciation of the role of polyphar-
macology has significant implications for drug development.
Although the single-target approach remains the main strat-
egy presently, some remarkable efforts are being put into
the development of “promiscuous” drugs (also called “dirty
drugs”) that can bind to multiple targets.

Integrating systems biology and polypharmacology holds
the promise of expanding the current opportunities to
improve clinical efficacy and decrease side effects and tox-
icity. Advances in these areas are creating the foundation
of the next paradigm in drug discovery, that is, “net-
work pharmacology” [47]. Keiser et al. related receptors to
each other quantitatively based on the chemical similarity
among their ligands [48]. They have shown that targets
that have no obvious sequence or structure similarity are
linked quantitatively based on their bioactive ligands. The
unexpected relationships between drug targets could be used
to predict their biological function. Li et al. developed a
computational framework to build disease-specific drug-
protein network, which can help study molecular signature
differences between different classes of drugs in specific
disease contexts [49].

6.2. Predictions of Drug-Target Interactions. In recent years,
the observation of polypharmacology that drugs often bind
to more than one molecular target has gained attention.
To fully understand the actions of a drug, knowledge
of its polypharmacology is clearly essential. Keiser et al.
report a computational tool that generates predictions of
the pharmacological profile of drugs [50]. Unlike conven-
tional approaches based on sequence or structural similarity
between targets, the “similarity ensemble approach” defines
each target by its set of known ligands, searches for drugs
with chemical structure similar to the known ligands, and
then predicts new drug-target associations. Campillos et al.
used phenotypic side-effect similarities to infer whether two
drugs share a therapeutic target. Applied to marketed drugs,
a network of side-effect-driven drug-drug relations became
apparent. Several unexpected drug-drug relations are formed
by chemically dissimilar drugs from different therapeutic

indications, which implies new drug-target relations [51].
Integrating side-effect and pharmacogenomic similarities,
Takarabe et al. made a comprehensive prediction and sug-
gested many potential drug-target interactions that were not
predicted by previous approaches [52]. Cheng et al. compared
three supervised inference methods and found that network-
based inference performed best on prediction of drug-target
interactions [53].

6.3. Investigations of Drug Adverse Effects. Accurate predic-
tion of the safety and toxicology of drugs in the early stage of
drug development pipelines is one of the major challenges in
the pharmaceutical industry. Integrating biological data and
systems biology approaches could introduce a fundamental
change in the way drug candidates are assessed. Lounkine
et al. use a similarity ensemble approach, which calculates
whether a drug will bind to a target based on the chemical
features it shares with those of known ligands, to predict
the activity of marketed drugs on unintended “side-effect”
targets [54]. Approximately half of their predictions were
confirmed by experimental assays. An associationmetric was
developed to prioritize those new off-targets that explained
side effects better than any known target of a given drug,
creating a drug-target-adverse drug reaction network. Kuhn
et al. recently report a large-scale analysis to systematically
predict and characterize proteins that cause drug side effects
[55]. They integrated clinical phenotypic data with known
drug-target interactions to identify overrepresented protein-
side effect relations. The results show that a large fraction of
complex drug side effects aremediated by individual proteins.
Yang et al. have constructed an in silico chemical-protein
interactome, which mimics the interactions between drugs
known to cause at least one type of serious adverse effects
and a panel of human proteins [56, 57]. It is revealed that
drugs sharing the same adverse effects possess similarities in
their chemical-protein interactome profiles. By investigating
the associations between drug and off-targets, their research
has explored the molecular basis of several adverse events.
Other studies that integrate systems biology with structural
or chemoinformatics analysis have also been conducted to
successfully predict drug adverse effects [58, 59].

6.4. Drug Repositioning. Drug repositioning, also called drug
repurposing, is a potential alternative for drug discovery by
identifying new therapeutic applications for existing drugs.
The main advantage of drug repositioning is that it should
drastically reduce the risks of drug development and facilitate
repositioned drugs to enter clinical phases more rapidly. As
one example of this utility, Iorio et al. developed an approach
that exploits similarity in molecular activity signatures of
all drugs to compute pair-wise similarities in drug effect
and mode of action [60]. Drugs were organized into a
network using the resulting similarity scores. Network theory
was then applied to partition drugs into groups of densely
interconnected nodes (i.e., communities). The resulting drug
communities are significantly enriched for compounds with
similar mode of action, which often shared the same targets
and pathways. Through this approach, drug repositioning is
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revealed by colocation of drugs within the network com-
munities, which predicts a shared molecular activity with
other drugs in the drug communities. Gottlieb et al. proposed
“PREDICT” algorithm that can handle both approved drugs
and novel compounds [61]. This new method is based on
the observation that similar drugs are indicated for sim-
ilar diseases and utilizes the chemical similarity of drugs
and disease-disease similarity measures for the prediction
of novel drug indications. Furthermore, numerous systems
biology approaches based on gene expression data for in silico
drug repositioning have been published [62, 63]. Iskar et al.
identified a large set of drug-induced transcriptionalmodules
from genome-wide microarray data of drug-treated human
cell lines [64].The identifiedmodules reveal the conservation
of transcriptional responses towards drugs, thereby providing
a starting point for drug repositioning.

6.5. Predictions of Drug Combination. Combination thera-
pies, which modulate multiple targets simultaneously, are
essential to achieve greater therapeutic benefit than using
a single drug [65]. Systems biology methods have been
applied to explain and predict potential drug combina-
tions [66]. Computational approaches utilizing dynamical
modeling have already been used to simulate the effect
of drug combinations and generate experimentally testable
interventions [67, 68]. But due to the incomplete knowledge
about the kinetic values of biochemical reactions, these
dynamical models are currently restricted to a small scale
and only suitable for investigating the action mechanisms
of drug combination. Considering target information which
is usually accessible, the combination effect of drugs might
be evaluated by analyzing the interaction pattern of their
targets from a network perspective [69]. Lehár et al. used
large-scale simulations of bacterial metabolism to simulate
the inhibitory effects of drug combinations and provided
evidence that synergistic combinations are generally more
specific to particular cellular phenotypes than are single
agents [70]. Kwong et al. recently explored a gated signaling
model that offers a new framework to identify nonobvious
synergistic drug combination in NRAS-mutant melanomas
[71]. Lee et al. reveal how the progressive rewiring of
oncogenic signaling networks over time following EGFR
inhibition leaves breast tumors vulnerable to a second and
later hit with DNA-damaging drugs, demonstrating that
time- and order-dependent drug combinations can be more
efficacious in killing cancer cells [72].

7. Perspective

Systems biology is dramatically advancing our mechanistic
understanding of disease progression and the discovery of
novel therapeutics. Its continued success will depend on
critical progress in both experimental and computational
techniques. No single technique is sufficient to uncover the
whole spectrum of gene-disease and drug-target relations
in the context of biological systems. The main challenges
that systems biology will confront over the next decade are
the incompleteness of the available interactome data and the

limitation of the existing computational tools. Our vision is
that integrating the interactomewith genome, transcriptome,
proteome, and metabolome might offer a direction for the
future advance of systems biology. New methodologies are
also required to integrate diverse tools from systems biology,
heterogeneous omics studies, chemoinformatics and bioin-
formatics. An integrated network that completely describes
the underlying global paradigm of a cellular network should
provide us with a deeper understanding of biological system.
Clearly, there is much to do before systems biology can
adequately demonstrate its usefulness in drug discovery and
translational biomedicine, but the examples discussed here
have provided a glimpse of the potential of systems biology.
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Tounderstand themechanisms of liver regeneration better to promote research examining liver diseases andmarine biology, normal
and regenerative liver tissues of Chiloscyllium plagiosum were harvested 0 h and 24 h after partial hepatectomy (PH) and used to
isolate small RNAs for miRNA sequencing. In total, 91 known miRNAs and 166 putative candidate (PC) miRNAs were identified
for the first time in Chiloscyllium plagiosum. Through target prediction and GO analysis, 46 of 91 known miRNAs were screened
specially for cellular proliferation and growth. Differential expression levels of three miRNAs (xtr-miR-125b, fru-miR-204, and hsa-
miR-142-3p R-1) related to cellular proliferation and apoptosis were measured in normal and regenerating liver tissues at 0 h, 6 h,
12 h, and 24 h using real-time PCR. The expression of these miRNAs showed a rising trend in regenerative liver tissues at 6 h and
12 h but exhibited a downward trend compared to normal levels at 24 h. Differentially expressed genes were screened in normal and
regenerating liver tissues at 24 h by DDRT-PCR, and ten sequences were identified. This study provided information regarding the
function of genes related to liver regeneration, deepened the understanding of mechanisms of liver regeneration, and resulted in
the addition of a significant number of novel miRNAs sequences to GenBank.

1. Introduction

Cartilaginous fish are jawed vertebrates that diverged from
the common ancestor of humans and teleost fish approxi-
mately 530 million years ago [1]. Similar to teleost fish, car-
tilaginous fishes possess complex physiological systems, such
as an adaptive immune system and a pressurized circulatory
system [2]. The white spotted bamboo shark (Chiloscyllium
plagiosum) is a cartilaginous fish that is widely distributed in
cold seas along the coasts of the eastern Pacific. Economically,
this shark is one of the most important marine animals,
possessing both scientific and commercial food values. The
liver of C. plagiosum, accounting for 75% of the weight of the
viscera, possesses immune regulatory functions and contains
bioactive substances. Several investigators have isolated and
cloned stimulatory factors related to liver regeneration and
immune regulation from Chiloscyllium plagiosum [3–6], but
there have not yet been miRNAs reported for this species.

MicroRNAs (miRNAs) are a family of small, noncoding,
and single-stranded RNAs that consist of approximately
19–25 nucleotides derived from the stem regions of hairpin
transcripts (referred to as “pre-miRNAs”). These small RNAs
act as regulators, leading to either mRNA cleavage or transla-
tional repression by complementarily hybridization to the 3-
untranslated regions (3 UTRs) of their target mRNAs. The
formation of mature miRNAs involves several steps. First,
most miRNAs are transcribed as long primary transcripts
(pri-miRNAs) by RNA Pol II, although a minor group of
miRNAs associated with Alu repeats can be transcribed by
RNA Pol III. The primary transcript is processed by the
RNase III enzyme Drosha in the nucleus to give one or more
60–100 nt long hairpin precursor sequences (pre-miRNAs).
Together with DiGeorge syndrome critical region gene 8
(DGCR8), Drosha forms a large complex known as the
Microprocessor complex;DGCR8 interacts with pri-miRNAs
and assists Drosha in cleaving the substrate. The hairpin
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precursor is then exported by Exportion-5 to the cytoplasm,
where the mature miRNA is excised by another RNase
III enzyme, Dicer. Following Dicer cleavage, the resulting
≈22 nt RNA duplex is loaded into the Ago protein to create
the effector complex, RISC. One strand of the ≈22 nt RNA
duplex remains with Ago as a mature miRNA and targets
the 3 UTR complementary pairing area of the target gene
to approximately 2–8 bases of the 5 end of the miRNA [7–
9]. Negative posttranscriptional regulation by miRNAs has
been observed in various biological processes, including viral
disease [10], lipid metabolism [11], and cellular proliferation
and differentiation [12].

Research into the mechanisms of liver cell growth
and apoptosis has focused on individual signal molecules,
important transcription factors, and related target genes and
signaling pathways. Research has been less comprehensive,
however, regarding the more analytical aspects of gene
expression regulation. A substantial body of evidence has
indicated that miRNAs are abundant in the liver and play an
important role in liver development, disease, and regenera-
tion [13–15]. In this study, we carried out deep sequencing in
combination with bioinformatics and genomic sequencing to
identify miRNAs in Chiloscyllium plagiosum liver. Although
sequencing of Chiloscyllium plagiosum genome has not yet
been completed, the Callorhinchus milii genome was recently
proposed to be a model for cartilaginous fish genomes
[16]. Therefore, we used the Callorhinchus milii genome to
predict pre-miRNA hairpin structures. In this study, we
characterized small RNAs and identified miRNAs in the C.
plagiosum liver. We further analyzed miRNA clusters and the
expression of Chiloscyllium plagiosum miRNAs. Our results
may contribute to liver miRNA research not only for fish
but also for other species. This is the first comprehensive
report about the miRNA of cartilaginous fish and adds
several novel miRNAs to the database, which will help to
identify homologs in other species. In addition, screening
differentially expressed genes in normal and regenerating
liver tissues by DDRT-PCRwill provide valuable information
for further study of the newly discovered functional genes
related to liver regeneration and the relationship between
differentially expressed genes and miRNAs. We have laid
the foundation for further understanding of the function of
miRNAs in liver regulation in Chiloscyllium plagiosum.

2. Materials and Methods

2.1. Sample Preparation and Liver Excision. A live Chiloscyl-
lium plagiosum was purchased from a Guangdong aquatic
product market. Two-thirds of the liver was surgically
removed, using a 2% chloral hydrate solution (300mg per
Kg weight of shark) as an anesthetic. The wound was then
sutured, and the shark was placed into seawater to continue
feeding. Regenerating liver tissues were obtained 0 h and 24 h
after the partial hepatectomy (PH) by opening the suture and
removing the cut border of the left liver. These experiments
complied with the relevant national animal welfare laws and
were conducted under guidelines approved by the China
Wildlife Conservation Association.

2.2. Small RNA Library Construction and Deep Sequencing.
The total RNA of the liver was extracted using the mirVana
miRNA IsolationKit (Ambion,Austin,USA) according to the
manufacturer’s protocol. Small RNAs were size fractionated
and ligated to the SRA 5 adapter. This step was followed
by SRA 3 adapter ligation and size fractionation to isolate
RNAs of 64–99 nt. The RNAs were then converted to single-
stranded cDNA using Superscript II reverse transcriptase
(Invitrogen, CA, USA) and Illumina’s small RNA RT Primer.
This pool was once again size fractionated to isolate cDNA
in the 80–115 bp range that contained miRNAs. Next, the
cDNAwas PCR-amplified for 20 cycles using Illumina’s small
RNA primer set and Phusion polymerase (New England
Lab, USA). The PCR products were size fractionated and
recovered for sequencing on a Genome Analyzer GA-II
(Illumina, San Diego, USA) following the vendor’s recom-
mended protocol for small RNA sequencing. Following real-
time sequencing, image analysis and base calling by Illu-
mina’s Real-Time Analysis version 1.8.70 (RTA v1.8.70), raw
sequencing reads were obtained using Illumina’s Sequencing
Control Studio software version 2.8 (SCS v2.8).The extracted
sequencing reads were then used for standard data analysis.

2.3. Standard Data Analysis. Following the removal of
adapter sequences and low-quality reads, clean reads between
15 and 30 bases in length were processed for bioinformatic
analysis. A proprietary pipeline script, ACGT101-miR v4.2
(LC Sciences) [17, 18], was used for the sequencing data
analysis. Various “mappings” were performed with unique
sequences against pre-miRNAs andmature miRNAs sequen-
ces from selected species (Danio rerio, Fugu rubripes, Oryzias
latipes, Xenopus laevis, Xenopus tropicalis, Homo sapiens,
and Mus musculus) listed in the miRBase v19.0 (http://
www.mirbase.org/) as well as the genome of Callorhin-
chus milii (http://esharkgenome.imcb.a-star.edu.sg/resources
.html). The mapping process is presented in Figure 1. Flank-
ing sequences of mapped reads were subjected to secondary
structure analysis to predict pre-miRNA sequences using
Mfold software. The criteria used for miRNA annotation
and hairpin structure determination are presented in Table 1
[19, 20].

2.4. Target Prediction for miRNAs and GOAnalysis. We com-
pared 1839 ESTs of Chiloscyllium plagiosum with 1344 ESTs
with 98% similarity using the cd-hit-454 program [21, 22].
Ninety-one mature miRNA sequences were used as custom
sequences to search ESTs and perform target prediction using
the program miRanda v1.0b [23] with the following parame-
ter settings: Gap Open Penalty: −8.0; Gap Extend:−2.0; Score
Threshold: 50.0; Energy Threshold: −20.0 kcal/mol; Scaling
Parameter: 2.0. The target sequences were annotated using
BLAST to the GO database (http://www.geneontology.org/),
thus predicting which processes the miRNAs participate in.

2.5. Stem-Loop RT-PCR. Seven candidate miRNAs were cho-
sen for verification of expression using stem-loop RT-PCR.
Four PC miRNAs were randomly selected (PC-3p-186 7748,
PC-5p-970 1302, PC-5p-108 13860, and PC-5p-14 74120),
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Table 1: Criteria used for miRNAs annotation and hairpin structure determination.

miRNAs annotation
The miR name is composed of the known miR name in a cluster, an underscore, and a matching annotation such as
L−𝑛means that the miRNAs seq (detected) is 𝑛 base less than known rep miRSeq in the left side;
R−𝑛means that the miRNAs seq (detected) is 𝑛 base less than known rep miRSeq in the right side;
L+𝑛means that the miRNAs seq (detected) is 𝑛 base more than known rep miRSeq in the left side;
R+𝑛means that the miRNAs seq (detected) is 𝑛 base more than known rep miRSeq in the right side;
2ss5TC13TA means 2 substitutin (ss), which are T → C at position 5 and T → A at position 1.
The miRNAs seq (detected) is exactly the same as known rep miRSeq; miRNAs name is the name of representative miRNAs.
Hairpin determination
Definition of MFEI: MFEI = −𝑑𝐺 ∗ 100/mirLen/CG%.
Criteria:
(1) free energy (𝑑𝐺 in kCal/mol) ≤ −15,
(2) length of hairpin (up and down stem + terminal loop) ≥50,
(3) number of basepairs (bp) in stem region ≥16,
(4) length of terminal loop ≤20,
(5) number of basepairs (bp) in mature or mature ∗ region ≥12,
(6) percentage of small RNA in stem region (pm) ≥80%,
(7) number of allowed errors in mature region ≤7,
(8) number of allowed errors in one bulge in stem ≤12,
(9) number of allowed errors in one bulge in mature region ≤8,
(10) number of allowed biased errors in one bulge in mature region ≤4,
(11) number of allowed biased bulges in mature region ≤2,
(12) MFEI ≥ 0.7.

and 3 knownmiRNAswere also analyzed: fru-miR-204a, hsa-
miR-142-3p R-1, and fru-miR-126. Total RNA was extracted
using Trizol reagent and reverse transcribed using a Reverse
Transcription System (Promega). The 5 𝜇L reactions con-
tained 250 ng of RNA sample and 2 𝜇M of stem-loop RT
primer (0.5 𝜇L). The reactions were incubated for 45min
at 42∘C and 5min at 95∘C and then held at 4∘C. 20𝜇L
PCR reactions (2× Taq PCR Master Mix, Lifefeng) were run
using 0.5𝜇L of cDNA product by incubating for 5min at
95∘C, followed by 40 cycles of 94∘C for 30 sec, 60∘C for
30 sec, and 72∘C for 30 sec. The PCR products were detected
with gel electrophoresis. The positive control was 18s rRNA
[4]. All of the primers that were used for RT-PCR are
listed in Table 2. The reverse primers for PC-3p-186 7748
and fru-miR-204a weremiR-Reverse1, and fru-miR-126miR-
Reverse3, respectively, while the remaining 4 miRNAs used
miR-Reverse2.

2.6. Real-Time PCR Analysis. According to our literature
search, the small RNA sequencing results,miRNA target gene
results, and GO analysis, three known miRNAs (hsa-miR-
142-3p R-1, xtr-miR-125b, and fru-miR-204) related to liver
regeneration and liver diseases were assayed in normal and
regenerating liver tissue at 0 h, 6 h, 12 h, and 24 h using real-
time PCR. A FastStart Universal SYBR Green Master (ROX)
fluorescence quantitative PCR reaction kit (Roche) was used,
and a 20𝜇L reaction system was designed according to

the kit instructions. Each sample was repeated 3 times,
and the cycling conditions were as follows: 95∘C for 2min
followed by 40 cycles of 95∘C for 15 s and 60∘C for 30 s. A
melting curve analysis was used to ensure the specificity of
real-time PCR primers.

2.7. DDRT-PCR. The total RNA of normal and regenerating
liver tissues at 24 h was extracted using Trizol and was reverse
transcribed using a Reverse Transcription System (Promega).
The 25 𝜇L reactions contained 1250 ng of RNA and 50 𝜇M
of anchor primer (2.5𝜇L). The reactions were incubated for
45min at 42∘C and 5min at 95∘C and then held at 4∘C.
10 𝜇L PCR reactions (2× Taq PCRMasterMix, Lifefeng) were
performed using two anchor primers and twenty random
primers. All of the primers used for DDRT-PCR are listed
in Table 3. The 10 𝜇L reactions contained 5 𝜇L of 2× Taq
PCR Master Mix, 0.1 𝜇L 50 𝜇mol/L anchor primer, 0.5 𝜇L
10 𝜇mol/L random primer, 0.5𝜇L cDNA, and 3.9 𝜇L ddH

2
O.

The reactions were incubated for 5min at 95∘C, followed by
40 cycles of 95∘C for 30 sec, 40∘C for 2min, and 72∘C for
1min. The PCR products were detected by nondenaturing
polyacrylamide gel electrophoresis and silver staining.

2.8. Cloning and Sequencing. The target fragments were
recovered using the crushing and soaking method. The
screened differential genes were used as templates, and the
corresponding anchor primers and random primers were
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Figure 1: Procedure for mapping reads to database sequences. (1) specific species, that is, Callorhinchus milii; (2) selected species: Fugu
rubripes, Oryzias latipes, Xenopus laevis, Xenopus tropicalis, Homo sapiens, andMus musculus.

used as primers for PCR. The PCR reaction system and
procedure were the same as the previous ones. After assaying
for and recovering the target differential fragments, they
were cloned into the pMD18-T simple vector to construct
recombinant plasmids. The differential genes were tested
through bacterial PCR. The 10𝜇L reactions contained 5𝜇L
2× Taq PCR Master Mix, 0.4 𝜇L 10𝜇mol/L PCR Forward
Primer, 0.4𝜇L 10 𝜇mol/L PCR Reverse Primer, 0.5𝜇L cDNA
and 3.9 𝜇L ddH

2
O. The reactions were incubated for 5min

at 95∘C, followed by 40 cycles of 95∘C for 30 sec, 40∘C for

2min, and 72∘C for 1min. DNA sequencing was performed
by Shanghai Sunny Biotechnology Co., Ltd. The obtained
target differential genes were matched to NCBI EST library
sequences through BLAST.

3. Results

3.1. Screening miRNAs in Chiloscyllium plagiosum Liver. Raw
reads in which the 3 adapters were not found and those
with fewer than 15 bases after the 3 adapters were deleted;
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Table 2: Primers used in RT-PCR experiment.

Gene Primer

PC-3p-186 7748-RT 5-GTCGTATCCAGTGCAGGGTCCGAG
GTATTCGCACTGGATACGACATAGGC-3

PC-5p-108 13860-RT 5-CTCAACTGGTGTCGTGGAGTCGGC
AATTCAGTTGAGAGCTTT-3

PC-5p-14 74120-RT 5-CTCAACTGGTGTCGTGGAGTCGGCA
ATTCAGTTGAGATTCTC-3

PC-5p-970 1302-RT 5-CTCAACTGGTGTCGTGGAGTCGGCAA
TTCAGTTGAGGGACAT-3

hsa-miR-142-3p R-1-RT 5-CTCAACTGGTGTCGTGGAGTCGGCA
ATTCAGTTGAGCCATAA-3

fru-miR-126-RT 5-CTCAACTGAATTGCCGACTCCACGACACCAGTTGAGGCATTA-3

fru-miR-204-RT 5-GTCGTATCCAGTGCAGGGTCCGAGG
TATTCGCACTGGATACGACATGCCT-3

PC-3p-186 7748-Forward 5-GCACTTGTCCCAGCCTATGTC-3

PC-5p-108 13860-Forward 5-CCGTGTAAACATCTGTAACTGAAAG-3

PC-5p-14 74120-Forward 5-GCGAGCACTGTCTAACCTGAG-3

PC-5p-970 1302-Forward 5-GGTCCAACCTCTTATGTCCCTC-3

hsa-miR-142-3p R-1-Forward 5-GGCTTTAGTGTTTCCTACTTTATGG-3

fru-miR-126-Forward 5-TCCTACCGTGAGTAATAATGCC-3

fru-miR-204-Forward 5-CGTGTTCCCTTTGTCATCCTATC-3

18s rRNA-Forward 5-GACTCAACACGGGAAACCTCA-3

18s rRNA-Reverse 5-CAGACAAATCGCTCCACCAA-3

miR-Reverse1 5-AGCAGGGTCCGAGGTATTC-3

miR-Reverse2 5-GTGTCGTGGAGTCGGCAAT-3

miR-Reverse3 5-AACTGAATTGCCGACTCCAC-3

Table 3: The primers of DDRT-PCR.

Primer Sequence Primer Sequence
Anchor primer 1 5-AGCTTTTTTTTTTTVA-3 Anchor primer 2 5-AGCTTTTTTTTTTTVC-3

Random primer 1 5-GCTAACGATG-3 Random primer 2 5-TGGATTGGTC-3

Random primer 3 5-CTTTCTACCG-3 Random primer 4 5-TTTTGGCTCC-3

Random primer 5 5-GGAACCAATG-3 Random primer 6 5-AAACTCCGTC-3

Random primer 7 5-TCGATACAGG-3 Random primer 8 5-TGGTAAAGGG-3

Random primer 9 5-TCGGTCATAG-3 Random primer 10 5-CTGCTTGATG-3

Random primer 11 5-TACCTAAGCG-3 Random primer 12 5-CTGCTTGATG-3

Random primer 13 5-GTTTTCGCAG-3 Random primer 14 5-GATCAAGTCC-3

Random primer 15 5-GATCCAGTAC-3 Random primer 16 5-GCTCACGTAG-3

Random primer 17 5-GATCTGACAC-3 Random primer 18 5-GCTATCAGAC-3

Random primer 19 5-GATCATAGCG-3 Random primer 20 5-GATCAATCGC-3

junk reads were removed. Following these changes, 15,361,801
and 10,146,583 reads remained in theChiloscyllium plagiosum
normal and regenerating livers at 0 h and 24 h after PH. The
length distribution of the small RNA reads ranged from 15
to 30 nt (Figure 2).Through mapping analysis, 15,361,801 and
10,146,583 reads could be distributed into the groups that are
presented in Table 4.

Two hundred and fifty-seven miRNAs were identified
in Chiloscyllium plagiosum, including 91 known miRNAs
and 166 Chiloscyllium plagiosum putative candidate (PC)
miRNAs. In addition, 31 PC miRNAs were found only

in 24 h (after PH) regenerative liver tissue, and 49 PC
miRNAs were found only in normal liver tissue. A total of
76 unique miRNA reads were mapped to the pre-miRNAs
of selected species in the miRBase, and these pre-miRNAs
were further mapped to the Callorhinchus milii genome
(group 1b). Additionally, 15 miRNA reads mapped to pre-
miRNAs of the selected species but not to the Callorhinchus
milii genome. These 15 miRNA reads were mappable to
the Callorhinchus milii genome, and the extended sequences
could potentially form hairpins (group 2a). Additional 166
PC miRNAs that were identified did not map to any
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Table 4: Distribution of small RNA among LN and LR24.

Category Total RNAs in LN Percent Total RNAs in LR24 Percent
Total small RNAs 15361801 100% 10146583 100%
Group 1a 0 0.00% 0 0.00%
Group 1b 1600835 10.40% 985411 9.70%
Group 2a 56020 0.40% 39787 0.40%
Group 2b 25388 0.20% 12569 0.10%
Group 3a 2300528 15.00% 1113914 11.00%
Group 3b 72334 0.50% 40956 0.40%
Group 4a 310150 2.00% 153216 1.50%
Group 4b 301238 2.00% 195545 1.90%
Group 5 6032607 39.30% 4341986 42.80%
Group 6 4662701 30.40% 3263199 32.20%
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Figure 2: Length distribution of small 15-to-30 nucleotide RNAs in
LN and LR24. The nucleotide (nt) lengths of the reads are indicated
on the 𝑥-axis, and the number of total reads are indicated on the
𝑦-axis.

known pre-miRNAs, either in the mRNA, Rfam, or Rep-
base databases. These reads could map to the Callorhinchus
milii genome, however, and exhibited the potential to form
hairpin structures (group 4a). The predicted stem-loop
secondary structures of 5 pre-miRNAs (fru-miR-126, hsa-
miR-142-3p R-1, ola-miR-1388-3p R+5/ola-miR-1388-5p R-
1, PC-5p-14 74120/PC-3p-525510 1, and fru-miR-204a) from
the Mfold database are presented in Figure 3. Information
about all of these miRNAs is presented in supplementary
Table 1; see in Supplementary Material available online at
http://dx.doi.org/10.1155/2013/795676.

3.2. The Expression of Chiloscyllium plagiosum miRNAs. The
average number of reads of known miRNAs in normal and
regenerating liver tissues was 8173 and 8972, respectively.The
average reads of PCmiRNAs were 1687 and 1781, respectively.
One hundred twenty-eight PC miRNA reads were less than
10 nt, which is consistent with a previous observation that
nonconservedmiRNAs are generally expressed at lower levels
and represent tissue- or development-specific expression

patterns [24]. Log
2
ratios of 116miRNAs reads in regenerating

and normal tissues were larger than 1, of which only 5
miRNAs reads were more than 10 nt, and only 8 known
miRNAs were included. Therefore, both miRNA expression
type and abundance have no obvious differences during liver
regeneration from 0 h to 24 h.

Moreover, miRNAs are often present in the genome in
clusters, where several miRNAs are aligned in the same ori-
entation and transcribed as a polycistronic message, allowing
them to act cooperatively. Based on miRBase’s definition of a
miRNA cluster (10,000 bp), we discovered a total of 34 clus-
ters in the Callorhinchus milii genome, of which 16 clusters
were generated from the 16 pre-miRNAs, and 2 mature miR-
NAs were cleaved from each pre-miRNA (Supplementary
Table 2). The largest cluster (no. 27) contained six miRNAs.

3.3. Target Predictions formiRNAs andGOAnalysis. miRNAs
are involved in a wide variety of biological processes by
binding target sites with seed sequences [25, 26]. Identifying
the total number of target sites, especially for those low-
abundance and species-specificmiRNAs, is helpful for appre-
ciating the breadth of miRNA functions [27]. We calculated
the potential binding sites between miRNAs and the ESTs
of Chiloscyllium plagiosum with miRanda to determine the
potential genes targeted by miRNAs. Of 91 known miRNAs,
86 miRNAs had targeted genes; most miRNAs have more
than one, and 144miRNAs hadmultiple predicted target sites.
Most predicted targeted genesmay be regulated bymore than
one miRNA.

The functional classification for targeted genes was ana-
lyzed using Gene Ontology analysis. The targets that were
functionally annotated in the GO database could be divided
to 38 subclasses, presented in Figure 4. Forty-six miRNAs
were related to cell proliferation and growth terms (Supple-
mentary Table 3), including the following miRNAs: xtr-miR-
34a R-1 [28], fru-miR-122 R+1 [29], fru-miR-27b R-1 [30],
fru-miR-181b R+1 [31], fru-miR-23b R-1 [32], ola-miR-144 L-
1R+2 1ss12TA [33], ola-miR-103 R+2 [29], and fru-miR-26
[34]. Based on comprehensive consideration of our literature
search, the small RNA sequencing results,miRNA target gene
results, and GO analysis, three known miRNAs (hsa-miR-
142-3p R-1, xtr-miR-125b, and fru-miR-204) related to liver
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Figure 3: Secondary structures of 5 pre-miRNAs. (a) fru-miR-126, (b) hsa-miR-142-3p R-1, (c) fru-miR-204a, (d) ola-miR-1388-3p R+5/ola-
miR-1388-5p R-1, (e) PC-5p-14 74120/PC-3p-525510 1. The underlined letters refer to the candidate miRNA sequences. For (d) and (e), the
underlined letters refer to the 5p miRNAs, and the upper-case letters refer to the 3p miRNA sequences.

regeneration and liver diseases were screened to the following
experiments, and the potential binding sites between miR-
NAs and the ESTs of Chiloscyllium plagiosum with miRanda
were presented in Figure 5.

3.4. Real-Time PCR Analysis of the miRNAs of Different Liver
Regenerative Stages. Seven candidate miRNAs were selected
for expression-level confirmation using stem-loop RT-PCR.
Figure 6 shows that all of the 7 predicted miRNAs were
expressed in theChiloscyllium plagiosum liver.With 18s rRNA
as positive control, the expression of three targetmiRNAswas
normalized and used to analyze the expression of the miRNA
at different liver regenerative stages. Figure 7 indicates that
there is a large transcriptional difference between three
known miRNAs at different stages of liver regeneration.
Significant miRNA expression was observed in regenerating
liver tissues at 6 h and 12 h. The expression level of xtr-miR-
125b was the highest in regenerating liver tissues at 6 h and
was 40 times higher than that in normal liver tissue. Levels
of fru-miR-204, xtr-miR-125b, and has-miR-142-3p R-1 in
regenerating liver tissues at 24 h were 0.685, 0.86, and 1.586
times higher than those in normal liver tissue, respectively
(Table 5). This result is consistent with the sequencing data.

3.5. Differential Gene Sequence Analysis. Forty pairs of PCR
product results were analyzed by 5% polyacrylamide gel
electrophoresis and silver staining, and the bands were clear.
Six pairs of PCR products are presented in Figure 8, of which
two obvious differential bands showed higher expression in
regenerating liver. Overall, ten differential sequences were
obtained through differential display analysis.

These ten differential sequences were run through
BLAST. Three sequences exhibited high similarity to NCBI
EST library sequences, and the other 7 sequences had no
homology to any known genes. The homology of RF1-6l with

33 Chiloscyllium griseum cDNA clone sequences was up to
100%.The homology ofNF2-2with 2 cloudy catshark embryo
cDNA library sequences was higher than 80%.The homology
of RF2-6s with dogfish shark stem cell line sequences was
88%. The matching and differential expression results are
presented in Table 6 and consist of 8 sequences ranging from
100 to 500 bp. Three sequences showed high similarity to
NCBI EST library sequences through BLAST; 5 sequences
were overexpressed, and another five were downregulated
during liver regeneration.

4. Discussions

The emergence of high-throughput sequencing technology
has greatly hastened the discovery of small expressedRNAs in
newly analyzed and rare species. Because of the high sequence
homology between miRNAs from related species and the
stem-loop structure of their precursor sequences, miRNA
precursor sequences can be used to perform homology
screens covering the entire genome of species. These target
gene sequences can be identified using RNA secondary
structure analysis software (e.g., RNAfold, MirScan, and
MFold) combinedwith dynamic analysis [35]. A combination
of deep sequencing and bioinformatics analysis allows for
the identification of new and rarely expressed nonconserved
miRNAs, especially in less frequently studied species [36, 37].

Here, we report the first complete analysis of miRNA
populations in the Chiloscyllium plagiosum liver using deep
sequencing and bioinformatics analysis. Due to the high
conservation of miRNAs between related species, we selected
pre-miRNAs/miRNAs of Danio rerio, Fugu rubripes, Oryzias
latipes, Xenopus laevis, Xenopus tropicalis,Homo sapiens, and
Musmusculus tomap the reads. In the present study, 257miR-
NAs were identified, of which 166 were specific to Chiloscyl-
lium plagiosum. These results indicate that the method was
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Figure 4: GO analysis of targeted genes. The classes are shown on the 𝑥-axis; the number of genes for each class is shown on the 𝑦-axis. The
number of genes for the three classes—biological process, cellular component, and molecular function—is 687, 608, and 612, respectively.
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Figure 5: The potential binding sites between miRNAs and the ESTs of Chiloscyllium plagiosum. Query represents the miRNAs sequence,
and Ref represents their predicted targets. (a) fru-miR-204; (b) fru-miR-204; (c) xtr-miR-125b; (d): has-miR-142-3p R-1.

Table 5: Relative quantitative data analysis of miRNA in four periods regenerative liver tissues.

Gene Average 𝐶
𝑡

value ± standard error 2−ΔΔ𝐶𝑡

LN LR6 LR12 LR24 LN LR6 LR12 LR24
18S rRNA 21.982 ± 0.116 21.982 ± 0.116 23.160 ± 0.016 23.267 ± 0.127 1.000 1.000 1.000 1.000
xtr-miR-125b 25.710 ± 0.141 25.710 ± 0.141 22.637 ± 0.354 26.400 ± 0.222 1.000 43.070 3.676 0.860
has-miR-142-3p R-1 21.035 ± 0.265 21.035 ± 0.265 21.126 ± 0.239 21.395 ± 0.202 1.000 4.803 4.623 1.586
fru-miR-204a 18.316 ± 0.383 18.316 ± 0.383 18.598 ± 0.122 19.730 ± 0.135 1.000 4.209 2.226 0.685
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ThemRNA expression of 7 miRNAs was confirmed.The sizes of the
PCR products were approximately 55 bp. 18s rRNA was used as a
positive control.M: 20 bpDNA laddermaker; 1–12: PC-3p-186 7748,
PC-5p-970 1302, PC-5p-108 13860, PC-5p-14 74120, hsa-miR-142-
3p R-1, fru-miR-204, fru-miR-126, 18s rRNA.
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Figure 7: Relative expression changes of miRNAs in four periods
of liver regeneration. The Real-time PCR results were processed by
MicrosoftOffice Excel, and 2−ΔΔ𝐶𝑡 was used to represent themiRNA
differential expression.Δ𝐶

𝑡

= 𝐶
𝑡

(target gene) − 𝐶
𝑡

(reference gene)
ΔΔ𝐶
𝑡

= 𝐶
𝑡

(experiment group) − 𝐶
𝑡

(control group). the live issues
in different periods are indicated on the 𝑥-axis, and the value of
2−ΔΔ𝐶𝑡 showed in Table 5 are indicated on the 𝑦-axis.

effective for identifying low-abundance and species-specific
small RNAs.Comparative analysis of theC.milii genomewith
the whole-genome assemblies of Danio rerio, Fugu rubripes,
and Homo sapiens suggested that (i) noncoding sequences
in Callorhinchus milii are evolving more slowly than in
teleost fishes and that (ii) the Callorhinchus milii genome
has experienced fewer chromosomal rearrangements com-
pared with teleost fish genomes. Although cartilaginous fish
diverged from the human lineage before teleost fish, a higher
proportion of regulatory elements are conserved between
cartilaginous fish and humans than between teleost fish and
humans [16, 38]. Based on conclusions that were drawn from
miRNAanalysis, our research conclusively demonstrated that

Table 6: Analysis of differential expressed sequences.

Clone Length (bp) Query coverage Max identity to the EST
RF1-6l 534 11% 100%
RF1-6s 258 novel
RF2-8 283 novel
NF2-2 173 94% 80+%
NF1-7 236 novel
NF1-19 326 novel
RF2-6s 244 78% 88%
RF2-6l 278 novel
NF2-19 77 novel
NF1-9 208 novel
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Figure 8: Results of DDRT-PCR. M: 100 bp DNA ladder marker;
Lanes 1–12: NF1-1, RF1-1, NF1-2, RF1-2, NF1-3, RF1-3, NF1-4, RF1-4,
NF1-5, RF1-5, NF1-6, RF1-6.

cartilaginous and teleost fishesmay not have as close a genetic
relationship as previously thought.

In the present study, we observed that the frequency of
most PC miRNAs was extremely low. This observation is in
accordance with the low expression observed for noncon-
servative miRNAs and for those involved in organizational
or special development periods. Moreover, miRNA genes
often form clusters in the genome. Certain miRNAs in genes
clusters share the same set of control sequences and are
found on the same transcript, whereas somemiRNAs in gene
clusters are transcribed from independent transcripts, such
as miR-433 and miR-127 [39]. An miRNA gene can produce
two different miRNAs through duplex transcription and thus
control different target genes [40]. A total of 34 miRNA gene
clusters were identified in this study, of which 16 produced 32
miRNA groups through duplex transcription. Each of these
duplex groups produced 2 miRNAs. This finding provides
important clues for probing the function of these miRNAs in
future research.

Through miRNA target prediction and GO analysis, we
focused on the relation between miRNAs and their targets,
thus focusing onmechanisms that involved cell proliferation,
immune system processes, and other biological functions.
However, as the genome of Chiloscyllium plagiosum is not
fully sequenced and annotated, it was difficult to deter-
mine whether these miRNA targets have any functional bias.
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It should be noted that many targets could not be anno-
tated in the GO database due to their low homology to
orthologs; thus, the miRNA-target network is likely more
complex than the results presented here. MiRNA target genes
were mostly predicted through bioinformatics software, and
miRNA binding sites in most species are in 3-untranslated
regions of the target gene. However, it has been reported
that siRNA-mediated translational inhibition can be induced
by an incomplete complementary site in the ORF region of
a mammalian reporter gene, which means that the target
sequence of a given miRNA is not only in the 3-untranslated
region. Because the miRNA and genome of Chiloscyllium
plagiosum have not been reported and the NCBI database
includes just 33 mRNAs, the ESTs and these 33 mRNAs of
Chiloscyllium plagiosum were used to predict miRNA target
genes. The target genes should also be tested using a dual
luciferase reporter gene assay system, western blot, or some
other experimental method. Through target predictions for
miRNAs and GO analysis, we can predict that the target
genes are related to thirty-eight biological functions related
to “molecular function,” “cellular component,” or “biological
process.” A total of 46 related miRNA were screened for
cell proliferation and growth, and only eight miRNA have
been reported in liver regeneration contexts. Our results will
greatly promote research about liver regeneration mecha-
nisms related to miRNA.

Liver regeneration involves regulation of cell prolifera-
tion, including such processes as G0/G1 and G1/S transitions
of the cell cycle and cell division.Differential expression levels
of three miRNAs related to cell proliferation and apoptosis
were tested in regenerating liver tissues at 0 h, 6 h, 12 h,
and 24 h through the real-time PCR. We determined that
three targetmiRNAs (hsa-miR-142-3p R-1, xtr-miR-125b, and
fru-miR-204) exhibited great differential transcription in
regenerating liver tissues at 0 h, 6 h, 12 h, and 24 h with higher
expression in the early timepoints of liver regeneration.
Expression of miRNAs showed a rising trend in regenerating
liver tissues at 6 h, 12 h but in the later timepoints presented
a downward trend, with normal levels in regenerating liver
tissues at 24 h. It has been reported that apoptotic activity
increases significantly in the early timepoints (0–6 h) and
late timepoints (4–7 d) of liver regeneration. Therefore, we
can speculate that the expression of these three miRNAs
increased significantly in the start-up stage of liver regener-
ation. These miRNAs may be relevant to the inhibition of
cell proliferation and DNA synthesis. After 24 h, expression
decreased to normal. This may be relevant to the S stage
of DNA synthesis, which peaks at this time. In addition, it
has been reported that the expression of miRNA showed a
rising trend in regenerating liver tissues of ratsat 3 h, 12 h,
and 18 h after two-thirds PH, and expression of 70% of
miRNAs showed a downward trend in regenerating rat livers
24 h after two-thirds PH. Expression of genes relevant to
miRNA generation began to decrease 18–36 h after PH, most
obviously 24 h after PH, including RNasen, Dgcr8, Dicer,
Tarbp2, and ect [41]. Therefore, we can speculate that this
upregulation followed by downregulation of expression may
be induced by a negative feedback mechanism involving
miRNA generation. It has been reported that miR-142-3p

controls the target gene RAC1 and inhibits liver cancer cell
proliferation and invasion [42], that miR-204a negatively
controls the target gene Bcl-2 to promote apoptosis [43], and
that miR-125b was upregulated in Taxol-resistant cells, caus-
ing a marked inhibition of Taxol-induced cytotoxicity and
apoptosis and a subsequent increase in the resistance to Taxol
in cancer cells [44]. Therefore, combining the reported refer-
ences on miRNAs in liver regeneration and the related signal
transduction network referencesmay be helpful to screen and
test the liver regeneration miRNAs and their target genes.
Researching mechanisms such as when and how the inter-
actions between miRNAs and target genes occur will deepen
the understanding of miRNA regulation in the injured liver.

5. Conclusions

This study provides the first large-scale identification and
characterization of Chiloscyllium plagiosum miRNAs, adds
a significant number of novel miRNA sequences to the
currently available database, and lays the foundation for fur-
ther understanding of miRNA function in the regulation of
Chiloscyllium plagiosum liver development. However, consid-
erable work remains to confirm the identity of these miRNAs
and their functional significance. Despite the conservation of
miRNAs, it is likely that we overlooked several Chiloscyllium
plagiosum specific miRNAs due to the unavailability of
genome sequences for this species. Moreover, the expressed
population of miRNAs can change in different tissues and
at different development stages. The identified miRNAs may
not represent all of the miRNAs that exist in Chiloscyllium
plagiosum, and more research is required to acquire a full set
of miRNAs for this species.
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A drug side effect is an undesirable effect which occurs in addition to the intended therapeutic effect of the drug. The unexpected
side effects that many patients suffer from are the major causes of large-scale drug withdrawal. To address the problem, it is highly
demanded by pharmaceutical industries to develop computational methods for predicting the side effects of drugs. In this study, a
novel computational method was developed to predict the side effects of drug compounds by hybridizing the chemical-chemical
and protein-chemical interactions. Compared to most of the previous works, our method can rank the potential side effects for any
query drug according to their predicted level of risk. A training dataset and test datasets were constructed from the benchmark
dataset that contains 835 drug compounds to evaluate themethod. By a jackknife test on the training dataset, the 1st order prediction
accuracy was 86.30%, while it was 89.16% on the test dataset. It is expected that the newmethod may become a useful tool for drug
design, and that the findings obtained by hybridizing various interactions in a network system may provide useful insights for
conducting in-depth pharmacological research as well, particularly at the level of systems biomedicine.

1. Introduction
Many drugs approved by Food and Drug Administration
(FDA) were recalled each year after some unexpected side
effects were discovered; for example, in 2010, Reductil/Meri-
dia, Mylotarg, and Avandia were withdrawn. According to
the “Drug Recall” (http://www.drugrecalls.com/drugrecalls
.html), about 20 million people had taken the drugs in 1997
and 1998 that were later withdrawn.The drug side effects may
have seriously harmful consequences to human beings [1].
For instance, the antiobesity drug fenfluramine/phenterm-
ine, also known as fen-phen, may cause heart disease and

hypertension. Developing and producing drugs that were
later found having serious side effects would be a disaster to a
pharmaceutical company. For instance, the withdrawal of the
aforementioned antiobesity drug has cost Wyeth more than
$21 billion in America alone [2]. Therefore, it will not only
avoid causing harm to patients but also avoid wasting lots of
money if we can discover the side effects of a drug compound
in the early phase of drug discovery.

Many efforts have been made in this regard, such as
utilizing the drug perturbed gene expression profiles or biolo-
gical pathways, to predict the side effects of drugs [1, 3–7],



2 BioMed Research International

using chemical structures for the prediction of drugs side
effects [8–10]. Although, most of the methods can only
provide whether the query drug has some side effects,
they cannot determine which side effects are most likely to
happen or even the order information of the side effects. In
this study, we proposed a novel computational method to
predict the side effects of drugs based on chemical-chemical
interaction and protein-chemical interaction. Compared to
most of the previous studies, our method can provide the
order information of the side effects, that is, prioritizing the
side effects from the most likely one to the least likely one.

During the past decade, many compound databases have
been constructed, such as KEGG (Kyoto Encyclopedia of
Genes andGenomes) [11] and STITCH (SearchTool for Inter-
actions of Chemicals) [12]. KEGG provides the information
of chemical substances and reactions, while STITCH pro-
vides the interaction information of chemicals and proteins.
Thus we can acquire the properties of many compounds and
their other information from these databases. For those com-
pounds not being covered by these databases, their properties
can be inferred from the property-known compounds stored
in the databases [13–16]. Likewise, the drugs side effects can
also be inferred as elaborated below.

Recently, it was evidenced that interactive proteins are
more likely to share common biological functions [17–20],
and that interactive compounds are also more likely to share
common biological functions [13, 16]. Since the side effects
are part of biological functions of drugs, it would be feasible
to use the chemical-chemical interactions to identify the
drugs side effects. Unfortunately, some of the query drugs
cannot be predicted for their side effects by this way because
their interactive counterparts do not have any information
of the side effects. To overcome such difficulty, we proposed
to utilize the information of indirect interactions, including
both the chemical-chemical interaction and the protein-
chemical interaction, to identify the drugs side effects of
which the direct chemical-chemical interaction data are not
available. To evaluate the method, a benchmark dataset
retrieved from SIDER [21] was constructed, which consisted
of 835 drug compounds, and it was divided into one training
dataset and one test dataset. By a jackknife test on the training
dataset, the 1st order prediction accuracy was 86.30%, while
it was 89.16% on the test dataset. To confirm the effectiveness
of the method, another method based on chemical structure
similarity obtained by SMILES string [22] was also conducted
on the training and test datasets. Encouraged by the good
performance of the method and superiority to the method
based on chemical structure similarity, we hope that the
proposed method can become a useful tool to predict drugs
side effects and screen out drugs with undesired side effects.

2. Materials and Methods

2.1. Benchmark Dataset. The benchmark dataset used in
the current study was downloaded from SIDER [21] at
http://sideeffects.embl.de/, which integrated the side effects
of 888 drugs from the US Food and Drug Administration
(FDA) and other sources [21]. To obtain a high-quality, well-
defined benchmark dataset, the data were collected strictly

according to the following criteria: (i) only the 100 side effects
with most drugs listed in SIDER and the corresponding
drugs were included, and (ii) drugs without both chemical-
chemical interactions and protein-chemical interactionswere
also excluded. Finally, we obtained a benchmark dataset S
that contained 835 drugs belonging to 100 categories of side
effects.The codes of the 835 drugs in each of the 100 side effect
categories are given in Supplementary Material I available
online at http://dx.doi.org/10.1155/2013/485034.

For the convenience of later formulation, let us use the
symbols 𝐶

1
, 𝐶
2
, 𝐶
3
,. . ., 𝐶

100
to tag the 100 side effects, where

𝐶
1
represents “Nausea,” 𝐶

2
“Headache,” 𝐶

3
“Vomiting,” and

so forth, as described in the table in Supplementary Material
II, in which the number of drugs with each of the 100 side
effect tags is also given.Thus, the benchmark dataset S can be
formulated as

S = S
1
∪ S
2
∪ ⋅ ⋅ ⋅ ∪ S

100
, (1)

where S
𝑖
represents the subset that contains the drugs with

the side effect 𝐶
𝑖
(𝑖 = 1, 2, . . . , 100).

Since many drugs in S have multiple side effects that is,
they may simultaneously occur in subsets with different side
effect tags, it is instructive to introduce the concept of “virtual
drug” sample, as illustrated as follows. A drug compound
coexisting at two different side effect subsets will be counted
as 2 virtual drugs even though they have an identical chemical
structure, if coexisting at three different subsets, 3 virtual
drugs; and so forth. Accordingly, the total structure-different
drug compounds and the total number of the side-effect-
different virtual drug compounds can be described by the
following equation:

𝑁(str) = 835,

𝑁 (vir) =
100

∑
𝑖=1

𝑁(𝐶
𝑖
) = 30,114,

(2)

where 𝑁(str) is the number of the total structure-different
drug compounds, 𝑁(vir) the number of the total side-
effect-different virtual drug compounds in S, and 𝑁(𝐶

𝑖
) the

number of drugs with the side-effect tag 𝐶
𝑖
. Substituting

the numbers of 𝑁(𝐶
𝑖
) (𝑖 = 1, 2, . . . , 100) in the table in

Supplementary Material II into (2), we obtained 𝑁(vir) =
30,114 fully consistent with the results in (2) and the table in
Supplementary Material II.

It can be seen from (2) that the total number of the
side-effect-different virtual drug compounds is much greater
than that of the total structure-different drug compounds. To
provide an intuitive view about their distribution, a histogram
of the number of drugs versus the number of side effects
is given in Figure 1, from which we can see that, of the 835
drugs, only 6 have one side effect while the majority has
more than 10 side effects. Thus, the prediction of drugs side
effects is a multilabel classification problem. Like the case in
dealing with compounds withmultiple properties [13, 16], the
proposed method would provide the order information of
side effects from the most likely to the least likely.

To evaluate the methods as described below sufficiently,
we randomly selected 10% (83) samples from S to compose
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Figure 1: A histogram of the number of drugs versus the number of
side effects.

the test dataset, denoted by Ste, while the remaining 752
samples in S were used to construct the training dataset,
denoted by Str.

2.2. Chemical-Chemical Interactions and Protein-Chemical
Interactions. It was evidenced that interactive proteins are
more likely to share common biological functions than
noninteractive ones [17–20]. Likewise, it has been indicated
by some pioneer studies [13, 16] that interactive compounds
follow the similar rules. Since side effect is one part of bio-
logical functions of drugs, using the properties of interactive
compounds to identify drugs side effects is a feasible scheme.

To obtain the information of interactive compounds,
we downloaded the data of chemical-chemical interactions
from STITCH (http://stitch.embl.de/, chemical chemical.
links.detailed.v3.0.tsv.gz) [12], a well-known database con-
taining known and predicted chemical-chemical interaction
and protein-chemical interaction data from experiments, lit-
erature, or other reliable sources. In the datafile obtained each
interaction unit contains two chemicals and five scores with
titles “Similarity,” “Experimental,” “Database,” “Textmining,”
and “Combined score,” respectively. Since the last score
combines the information of other scores, we utilized the
last score to indicate the interactivity of two chemicals
in this study; that is, compounds in the interaction unit
with “Combined score” greater than zero were deemed to
be interactive compounds. The interactive compounds thus
considered here satisfy one of the following three properties:
(I) they participate in the same reactions; (II) they share
similar structures or activities; (III) they have literature
associations. These three properties always indicate that the
interactive compounds occupy the same biological pathways,
suggesting they may induce similar side effects. It is con-
firmed that using chemical-chemical interactions retrieved
from STITCH to identify drugs side effects is feasible. The
“Combined score” is termed as confidence score, because
its value always indicates the likelihood that two interactive
compounds can interact in a way that two compounds with
high “Combined score” mean that they can interact with
high probability. For any two-drug compounds 𝑑

1
and 𝑑

2
,

their interaction confidence score was denoted by𝑄𝑐(𝑑
1
, 𝑑
2
).

Particularly, if the interaction between𝑑
1
and𝑑
2
did not exist,

their interaction confidence score was set to zero; that is,
𝑄𝑐(𝑑
1
, 𝑑
2
) = 0.

Since the data of chemical-chemical interactions in
STITCH is not very complete at present; that is, some poten-
tial chemical-chemical interactions may not be reported in
STITCH, predicted methods based on chemical-chemical
interactions may have a limitation that samples without
interactive counterparts in the training dataset cannot be
processed. Thus, it is necessary to give some new schemes to
measure the interactions that are not reported in STITCH. It
is known that if two drug compounds can interact with a third
compoundor protein, these twodrug compounds are likely to
share some common functions. In view of this, we proposed
a new scheme to measure the likelihood of interaction of two
chemicals based on indirect chemical-chemical and protein-
chemical interactions.

The data for the protein-chemical interactions were
also downloaded from STITCH (http://stitch.embl.de/, pro-
tein chemical.links.detailed.v3.0.tsv.gz). Each of the inter-
action units in the datafile obtained contains one com-
pound, one protein, and four scores with titles “Experi-
mental,” “Database,” “Textmining,” and “Combined score,”
respectively. With the similar argument, we used the value
of “Combined score,” also termed as confidence score, to
indicate the likelihood of the interaction’s occurrence. For
one protein 𝑝 and one drug compound 𝑑, their interaction
confidence score was denoted as 𝑄𝑝(𝑝, 𝑑). If there was no
interaction at all between the protein 𝑝 and the drug 𝑑, it was
also set to zero; that is, 𝑄𝑝(𝑝, 𝑑) = 0.

Now, we are ready to introduce the new scheme to
measure the likelihood of interaction of two chemicals. For
two compounds 𝑑

1
and 𝑑

2
, suppose 𝐼𝑐(𝑑

1
) denote a set of

compounds that are directly interacting with the drug 𝑑
1
and

𝐼𝑐(𝑑
2
) a set of compounds directly interacting with the drug

𝑑
2
, formulated as

𝐼𝑐 (𝑑
1
) = {𝑑 : 𝑄𝑐 (𝑑, 𝑑

1
) > 0} ,

𝐼𝑐 (𝑑
2
) = {𝑑 : 𝑄𝑐 (𝑑, 𝑑

2
) > 0} .

(3)

In a similar way let 𝐼𝑝(𝑑
1
) denote a set of proteins that are

directly interacting with the drug 𝑑
1
and 𝐼𝑝(𝑑

2
) a set of

proteins directly interacting with the drug 𝑑
2
, formulated as

𝐼𝑝 (𝑑
1
) = {𝑝 : 𝑄𝑝 (𝑝, 𝑑

1
) > 0} ,

𝐼𝑝 (𝑑
2
) = {𝑝 : 𝑄𝑝 (𝑝, 𝑑

2
) > 0} .

(4)

According to the set theory, the drug compounds that are
interacting with both the drug 𝑑

1
and the drug 𝑑

2
should be

the intersection of the set 𝐼𝑐(𝑑
1
) and the set 𝐼𝑐(𝑑

2
); that is,

they will form a set given by

𝐼𝑐 (𝑑
1
, 𝑑
2
) = 𝐼𝑐 (𝑑

1
) ∩ 𝐼𝑐 (𝑑

2
) . (5)

Likewise, the human proteins that are interacting with both
the drug 𝑑

1
and the drug 𝑑

2
should be the intersection of the
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set 𝐼𝑝(𝑑
1
) and the set 𝐼𝑝(𝑑

2
); that is, they will form a set given

by

𝐼𝑝 (𝑑
1
, 𝑑
2
) = 𝐼𝑝 (𝑑

1
) ∩ 𝐼𝑝 (𝑑

2
) . (6)

Thus, the likelihood of the interaction between 𝑑
1
and 𝑑

2

can be calculated via the following equation:

𝑄ℎ (𝑑
1
, 𝑑
2
) = ( ∑

𝑑

∈𝐼
𝑐
(𝑑
1
,𝑑
2
)

(𝑄𝑐 (𝑑
1
, 𝑑) + 𝑄𝑐 (𝑑

2
, 𝑑))

+ ∑
𝑝

∈𝐼
𝑝
(𝑑
1
,𝑑
2
)

(𝑄𝑝 (𝑝, 𝑑
1
) + 𝑄𝑝 (𝑝, 𝑑

2
)))

× (2
𝐼
𝑐 (𝑑
1
, 𝑑
2
) ∪ 𝐼𝑝 (𝑑

1
, 𝑑
2
)
)
−1

,

(7)

where ∈ is a symbol in the set theory meaning “member of.”

2.3. Interaction-Based Method. It is instructive to recall that
by using the information of protein-protein interactions,
some methods have been developed to successfully predict
the properties of proteins [17–20, 23]. Actually, the underlying
idea of thesemethodswas based on the assumption that inter-
active proteins are more likely to share common biological
functions than noninteractive ones. Similarly, based on the
argument in Section 2.2 and some previous studies [13, 16],
interactive drugs are more likely to share similar side effects
than noninteractive ones. Based on such an underlying idea,
the following predicted method based on chemical-chemical
and protein-chemical interactions was developed.

For convenience, some notations are necessary. Suppose
there are 𝑛 drugs in the training set S, say 𝑑

1
, 𝑑
2
, . . . , 𝑑

𝑛
; the

side effects of the drug 𝑑
𝑖
in the training dataset is described

as

𝐶 (𝑑
𝑖
) = [𝑐
𝑖,1
, 𝑐
𝑖,2
, . . . , 𝑐

𝑖,100
]
T
(𝑖 = 1, 2, . . . , 𝑛) , (8)

where T is the transpose operator and

𝑐
𝑖,𝑗
= {
1, if 𝑑

𝑖
has the side effect 𝐶

𝑗
,

0, otherwise.
(9)

Prediction Based on Chemical-Chemical Interactions.As elab-
orated previously, interactive drugs always share similar side
effects.The likelihood that the query drug 𝑑 has the side effect
𝐶
𝑗
can be calculated by

∏
𝑐

(𝑑 → 𝐶
𝑗
) = ∑
𝑑
𝑖
∈S
𝑄𝑐 (𝑑, 𝑑

𝑖
) ⋅ 𝑐
𝑖,𝑗
𝑗 = 1, 2, . . . , 100.

(10)

According to (10), the greater score∏𝑐(𝑑 → 𝐶
𝑗
)means that

there are lots of interactive compounds of 𝑑 that have the side
effect 𝐶

𝑗
or some interactions between 𝑑 and its interactive

compounds with the side effect 𝐶
𝑗
are labeled by high

confidence scores.Thus, the greater the score∏𝑐(𝑑 → 𝐶
𝑗
) is,

the more likely the drug compound 𝑑 has the 𝑗th side effect,
with∏𝑐(𝑑 → 𝐶

𝑗
) = 0 indicating that the probability for the

drug 𝑑 having the 𝑗th side effect is zero. Since a drug usually
has multiple side effects (see Figure 1), the prediction should
provide a series of candidate side effects ranging from the
most likely one to the least likely one, rather than only giving
themost likely one.Thus, for a query drug 𝑑, suppose we have

∏
𝑐

(𝑑 → 𝐶
2
) ≥ ∏

𝑐

(𝑑 → 𝐶
4
)

≥ ⋅ ⋅ ⋅ ≥ ∏
𝑐

(𝑑 → 𝐶
90
) > 0

(11)

meaning that the highest likelihood of side effect for the drug
𝑑 is 𝐶

2
or “Headache” (cf. table in Supplementary Material

II), and the second highest is 𝐶
4
or “Rash”, and so forth. In

other words, 𝐶
2
is called the 1st order prediction, 𝐶

4
the 2nd

order prediction, and so forth. Note that the outcome of (10)
might be trivial; that is,

∏
𝑐

(𝑑 → 𝐶
𝑗
) = 0 for 𝑗 = 1, 2, . . . , 100 (12)

implying that no meaningful or direct interactive drug
compounds whatsoever can be found in the training dataset
S for the drug 𝑑. Under such a circumstance, an alternative
approach should be used for predicting its side effects, as
elaborated below.
PredictionBased onHybrid Interactions.When the query drug
𝑑 did not have any directly interactive drugs in the training
dataset S or the information of its directly interactive drugs
was trivial, the data for the indirect chemical-chemical and
protein-chemical interactions would be used to predict its
side effects. The prediction method was formulated in a
similar way as the above method. But now instead of (10), the
likelihood that the query drug 𝑑 has the side effect 𝐶

𝑗
should

be calculated by

∏
ℎ

(𝑑 → 𝐶
𝑗
) = ∑
𝑑
𝑖
∈S
𝑄ℎ (𝑑, 𝑑

𝑖
) ⋅ 𝑐
𝑖,𝑗
. (13)

By integrating the above two different approaches, the
following steps were adopted to predict the side effects of the
query drug 𝑑.

Step 1. Themethod based on the chemical-chemical interac-
tions; that is, (10), was first utilized to identify its side effects.

Step 2. If the outcomes were trivial or no meaningful results
were obtained as in the case of (12), the method based on the
hybrid interactions, that is, (13), would be utilized to continue
the prediction.

2.4. Similarity-Based Method. It is known that the com-
pounds with similar structural properties always involve
in similar biological activities [24]. The most well-known
representing system to obtain the similarity information of
two compounds is SMILES (Simplified Molecular Input Line
Entry System) [22], which is a line notation for representing
molecules and reactions using ASCII strings. Here, we also
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used this system to obtain the representations of compounds,
which were used to calculate the similarity score of two
compounds and set up a new computational method to
identify drugs side effect. The similarity score between
two compounds with their SMILES representations can be
obtained from Open Babel [25] that is an open chemical
toolbox. For two-drug compounds 𝑑

1
and 𝑑

2
, their similarity

score obtained from Open Babel was denoted by 𝑄𝑠(𝑑
1
, 𝑑
2
).

Based on the fact that the compounds with similar structural
properties always share the same biological activities, the
likelihood that the query drug 𝑑 has the side effect 𝐶

𝑗
can

be calculated by

∏
𝑠

(𝑑 → 𝐶
𝑗
) = max
𝑑
𝑖
∈S
𝑄𝑠 (𝑑, 𝑑

𝑖
) ⋅ 𝑐
𝑖,𝑗 (14)

meaning that the likelihood that the query drug 𝑑 has the
side effect 𝐶

𝑗
is formulated as the maximum similarity scores

between 𝑑 and those drugs with side effect 𝐶
𝑗
in the training

dataset S. Obviously, the greater the score ∏𝑠(𝑑 → 𝐶
𝑗
),

the more likely the drug compound 𝑑 has the side effect
𝐶
𝑗
. Following the similar procedure of the method based on

chemical-chemical interactions, we can also obtain the order
information of the query drug 𝑑 in terms of ∏𝑠(𝑑 → 𝐶

𝑗
)

(𝑗 = 1, 2, . . . , 100).

2.5. Jackknife Test. In statistical prediction, Jackknife test [16]
is often used to examine a predictor for its effectiveness in
practical application. In the jackknife test, all the samples
in the dataset will be singled out one-by-one and tested by
the predictor trained by the remaining samples. During the
process of jackknifing, both the training dataset and testing
dataset are actually open, and each sample will be in turn
moved between the two. The jackknife test can exclude the
“memory” effect, and the arbitrariness problem can also
be avoided. Thus, the outcome obtained by the jackknife
test is always unique for a given benchmark dataset [26].
Accordingly, the jackknife test has been widely recognized
and increasingly adopted to investigate the performance of
various predictors [27–36]. Thus, the jackknife test was also
adopted here to evaluate the anticipated accuracy of the
current predicted methods.

2.6. Accuracy Measurement. For a query drug, we may
identify a series of side effects with the current prediction
method. For the 𝑗th order prediction, its prediction accuracy
AC(𝑗) can be calculated by

AC (𝑗) =
𝑃 (𝑗)

𝑁
𝑗 = 1, 2, . . . , 100, (15)

where 𝑃(𝑗) denotes the number of drugs whose 𝑗th order
prediction is one of the true side effects and 𝑁 denotes
the total number of structure-different drugs in the dataset.
According to the prediction method with 100 orders of
prediction results, high AC(𝑗) with small 𝑗 and low AC(𝑗)
with large 𝑗 would indicate a good prediction [13, 16, 20].
Generally speaking, it also implies a good performance by the
predictor if its 1st order prediction has a high success rate.
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Figure 2: A plot of the prediction accuracy of two methods on the
training dataset versus the order of prediction.

3. Results and Discussion

Of the 835 drugs in the benchmark dataset S, 83 samples were
randomly selected to compose test dataset Ste, while the rest
752 samples composed the training dataset Str. The predicted
results of the interaction-based method and similarity-based
method on the training and test datasets are as follows.

3.1. Performance of the Methods on the Training Dataset.
For 752 drug compounds in the training dataset Str, the
interaction-based method and similarity-based method were
conducted to make prediction with their performance evalu-
ated by jackknife test. Listed in columns 2 and 4 of Table 1
are the first 20 prediction accuracies obtained by these
two methods, from which we can see that the 1st order
prediction accuracies of the interaction-based and similarity-
based method were 86.30% and 83.64%, respectively, while
the 2nd ones were 80.45% and 79.12%, respectively. The total
100 prediction accuracies obtained by these two methods
are given in Supplementary Material III, and two curves
with prediction accuracies as their 𝑌-axis and prediction
order as their 𝑋-axis are shown in Figure 2. It is observed
that the prediction accuracies obtained by the interaction-
based method descend generally with the increase of the
order number, and the same situation also occurred for
the prediction accuracies obtained by the similarity-based
method. All of these imply that the two methods sorted the
side effects of drug compounds in the training dataset quite
well, and they are all quite effective in identifying drugs side
effects.

3.2. Performance of the Methods on the Test Dataset. For the
83 drug compounds in the test dataset Ste, the side effects of
these samples were predicted by the interaction-based and
similarity-basedmethodbased on the drug compounds in the
training dataset Str. After processing by (15), 100 prediction
accuracies obtained by each method were obtained and were
also given in SupplementaryMaterial III. Listed in columns 3
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Table 1: The first 20 prediction accuracies of the interaction-based and similarity-based methods in identifying the side effects of drugs in
the training and test datasets.

Prediction order Interaction-based Similarity-based Difference
Training dataset Test dataset Training dataset Test dataset Training dataseta Test datasetb

1 86.30% 89.16% 83.64% 87.95% 2.66% 1.20%
2 80.45% 83.13% 79.12% 83.13% 1.33% 0.00%
3 77.13% 84.34% 75.00% 79.52% 2.13% 4.82%
4 72.61% 81.93% 71.41% 75.90% 1.20% 6.02%
5 73.40% 77.11% 68.22% 74.70% 5.19% 2.41%
6 68.75% 75.90% 66.89% 71.08% 1.86% 4.82%
7 67.69% 67.47% 64.76% 57.83% 2.93% 9.64%
8 64.23% 65.06% 59.97% 65.06% 4.26% 0.00%
9 63.70% 68.67% 58.78% 57.83% 4.92% 10.84%
10 57.71% 57.83% 57.31% 60.24% 0.40% −2.41%
11 59.18% 60.24% 56.38% 67.47% 2.79% −7.23%
12 59.18% 69.88% 56.65% 51.81% 2.53% 18.07%
13 57.31% 61.45% 54.79% 53.01% 2.53% 8.43%
14 55.85% 59.04% 53.86% 62.65% 1.99% −3.61%
15 54.12% 54.22% 50.66% 57.83% 3.46% −3.61%
16 53.86% 59.04% 52.66% 55.42% 1.20% 3.61%
17 51.33% 39.76% 50.00% 60.24% 1.33% −20.48%
18 54.52% 62.65% 51.73% 53.01% 2.79% 9.64%
19 50.00% 56.63% 50.00% 38.55% 0.00% 18.07%
20 47.21% 44.58% 47.74% 51.81% −0.53% −7.23%
aPercentages in this column were calculated by percentages in column 2 minus percentages in column 4.
bPercentages in this column were calculated by percentages in column 3 minus percentages in column 5.
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Figure 3: A plot of the prediction accuracy of two methods on the
test dataset versus the order of prediction.

and 5 of Table 1 are the first 20 prediction accuracies obtained
by these two methods, from which we can see that the
1st order prediction accuracies obtained by the interaction-
based and similarity-based method were 89.16% and 87.95%,
respectively. We also plotted two curves with prediction
accuracies as their 𝑌-axis and prediction order as their 𝑋-
axis, which are shown in Figure 3. It is observed fromFigure 3

that the accuracies also exhibit a trend of decrease with
the increase of the order number. However, two curves in
Figure 3 fluctuate more drastically and frequently than those
of Figure 2, which may be caused by the low number of the
samples in the test dataset. In any case, the interaction-based
and similarity-based methods still sorted the side effects of
samples in the test dataset reasonably well, implying again
that these twomethods are quite effective in identifying drugs
side effects.

3.3. Comparison of the Interaction-Based and Similarity-Based
Method. For 752 samples in the training dataset Str and 83
samples in the test dataset Ste, the interaction-based and
similarity-based methods were all used to identify their side
effects. Listed in columns 6 and 7 of Table 1 are the differences
of the first 20 prediction accuracies obtained by these two
methods, from which we can see that the 1st order prediction
accuracies obtained by the interaction-based method on
the training and test datasets were 2.66% and 1.20% higher
than those of similarity-based method. Furthermore, most
prediction accuracies in Table 1 obtained by the interaction-
based method are higher than the corresponding accuracies
obtained by the similarity-based method, indicating that
interaction-based method is more effective in identifying
drugs side effects. It is also confirmed from Figures 2 and
3 that the curve obtained by the interaction-based method
is always above the curve obtained by the similarity-based
method when the prediction order is low. However, with
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the increase of order number, the curve obtained by the
similarity-basedmethod keeps upwith and exceeds the curve
obtained by the interaction-based method, which may be
caused by the following two reasons: (I) the high prediction
accuracies, obtained by the interaction-based method, with
low order number cause the low number of correctly pre-
dicted samples with high prediction order; (II) the system
of using chemical similarity between two chemicals is more
complete than that in STITCH at present, which leads to
the fact that the similarity-based method can always identify
more side effects than the interaction-based method. It is
expected that the interaction-based method can be improved
as more and more chemical-chemical and protein-chemical
interactions become available in STITCH.

3.4. Discussion. It is amultitarget learning problem to predict
the side effects of drugs, just like the case in dealing with a
protein system with multiple subcellular location sites [37].
For each of the drugs investigated, we need to consider
how many different side effects it may have and what are
the probabilities these side effects may occur. To deal with
this complicated statistical systems like that, we adopted the
strategy of the multiple prediction orders, ranging from the
most likely side effect prediction order to the least one, that
is, giving the information to users, which side effect is most
likely, which one is the second likely one, and so forth.
Compared tomost of the previous studies on the prediction of
drugs side effects, ourmethod can providemore information.
The multiple prediction orders method can also be utilized
to deal with other multi-target learning problems, such as
subcellular location prediction [37] and functions of proteins
[20].

In addition to the multi-target issue, we also faced the
problem of coverage scope. Of the 835 drug compounds in
the benchmark dataset, some of themhave the information of
chemical-chemical interaction, while for the rest such infor-
mation is missing. To establish a predictor that can be used to
predict the side effects of drugs under both the circumstances,
the approach of the direct chemical-chemical interaction and
the approach of the indirect chemical-chemical interaction
were introduced. For the drug compounds belonging to the
1st circumstance, the predictions were conducted based on
the direct chemical-chemical interactions (cf. (10)); for the
rest drug compounds belonging to the 2nd circumstance, the
predictions were conducted based on the hybrid interactions
(cf. (13)). Thus, the side effects of all the 835 drugs could be
predicted.

Finally, the good performance of the interaction-based
method on the training and test datasets suggests that predic-
tions based on the indirect interactions was also quite good,
indicating that the entire interaction network—involving all
the drug compounds and their direct or indirect interac-
tions, as well as their interactions with human proteins—
determines the side effects of drug compounds.

4. Conclusions

In this study, we proposed a novel prediction method to
identify drugs side effects. For any query drug 𝑑, its side

effects were determined by the following strategy: (1) if there
exist interactive compounds of 𝑑 in the training set, only
chemical-chemical interactions were used to identify its side
effects; (2) otherwise, both chemical-chemical interactions
and protein-chemical interactions were employed to make
prediction. Good performance of the method on the training
and test datasets indicates that our method is quite effective
in identifying drugs side effects. We hope that the method
would assist in the prediction of drugs side effects during
drug development and screening out drug candidates with
undesired side effects.
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Great efforts have been devoted to alleviate uncertainty of detected cancer genes as accurate identification of oncogenes is of
tremendous significance and helps unravel the biological behavior of tumors. In this paper, we present a differential network-based
framework to detect biologically meaningful cancer-related genes. Firstly, a gene regulatory network construction algorithm is
proposed, in which a boosting regression based on likelihood score and informative prior is employed for improving accuracy
of identification. Secondly, with the algorithm, two gene regulatory networks are constructed from case and control samples
independently. Thirdly, by subtracting the two networks, a differential-network model is obtained and then used to rank
differentially expressed hub genes for identification of cancer biomarkers. Compared with two existing gene-based methods (t-test
and lasso), the method has a significant improvement in accuracy both on synthetic datasets and two real breast cancer datasets.
Furthermore, identified six genes (TSPYL5, CD55, CCNE2, DCK, BBC3, and MUC1) susceptible to breast cancer were verified
through the literature mining, GO analysis, and pathway functional enrichment analysis. Among these oncogenes, TSPYL5 and
CCNE2 have been already known as prognostic biomarkers in breast cancer, CD55 has been suspected of playing an important role
in breast cancer prognosis from literature evidence, and other three genes are newly discovered breast cancer biomarkers. More
generally, the differential-network schema can be extended to other complex diseases for detection of disease associated-genes.

1. Introduction

Treating cancer is quite difficult because more and more
evidence has revealed that cancer is a kind of complex genetic
disease that involves in multiple genes, proteins, pathways,
and regulatory interconnections. In order to provide useful
information for cancer treatment, several landmark studies
[1–3] were performed to uncover oncogenes or biomarkers of
cancer development, progression, or recurrence.

Gene-based approaches have emerged in recent years to
identify sets of tumor-related genes, such as the “top-down”
approach as defined in [4] or “minimal biological input”
in 76-gene Rotterdam signature [5]. These methods usu-
ally utilize microarray gene expression profiling technique
and differential expression analysis to identify the cancer-
associated genes whose expression levels change significantly
among patients suffering from cancer.Though they have been
applied to identification of biomarkers relevant to cancer

developing or progressing, the gene-based approaches suffer
frequently from uncertainty of tremendous candidate genes,
which limits our comprehension to the way that tumor
appears and grows.

To recognize complex interaction patterns, pathways, and
overrepresented biological processes, gene set enrichment
analysis (GSEA) [6] has been exploited repeatedly in the
gene-based approaches. The GSEA focus on groups of genes
that share common biological functions or signaling path-
ways defined, respectively, by gene ontology (GO) [7] or
KEGG [8], and so forth. Recent works also demonstrated that
the detected biomarkers based on GO analysis and pathway
information are more reproducible than individual marker
genes [9]. Those biomarkers can also improve classification
accuracy by 8% compared to the original 70 genes [1].

Increasing evidence suggests that cancer related genes
are usually organized as pathways or gene networks which
consist of a group of interacting genes at molecular level.
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Moreover, gene signatures discovered from previous studies
often enrich in common cancer-related pathways and similar
biological processes. The opinion seems to be advocated
and accepted by many researchers that only those which
can significantly enrich in tumor-induced signaling pathways
or relative biological processes are helpful and valuable for
molecular diagnostics [10].

Several network-based methods have been proposed to
identify novel oncogenes, subnetworks, or pathways involved
in tumor progression. Chuang et al. [11] applied a protein
network-based approach to identify biomarkers by extracting
subnetworks from protein interaction databases. They also
demonstrated that biomarkers detected with the network-
based method are more reproducible than individual marker
genes selected without network information. Wu et al. [12]
integrated different types of networks and known gene-
phenotype association information to compute similarity
score and predict disease genes. Fröhlich [13] constructed a
consensus signature by mapping different gene signatures on
a protein interaction network, inwhich a clustering algorithm
was performed based on shortest path distances of different
genes in a protein-protein interaction network. In addition,
Chen et al. [14] developed a network-constrained support
vectormachine approach for cancer biomarker identification.
The method results in an improved prediction performance
with network biomarkers by integrating gene expression data
and protein-protein interaction data.

Differential network analysis plays a key role for elucidat-
ing fundamental biological responses as well as discovering
important differences between the different biological states
[15]. In contrast with conventional gene-based methods, by
performing the differential network analysis, more charac-
teristic genes or subnetworks known to be related to disease
development are identified. Valcárcel et al. [16] inferred a
differential network from males with normal fasting glu-
cose (NFG) and impaired fasting glucose (IFG), in which
shrinkage estimates of the partial correlation are executed
for network construction, and then the differences were
explored by utilizing statistical tests between the two defined
groups (NFG and IFG). Gambardella et al. [17] developed a
powerful procedure named DINA to identify tissue-specific
pathways using a slightly modified information entropy
measure. Although it can discover differences across a set
of networks, DINA is not able to detect distinct network
topologies that have equal density. Iancu et al. [18] revealed
gene coexpression patterns and detected modules using a
custom differential network analysis procedure including
correlation coefficient, clustering, and permutation test. In
addition, West et al. [19] presented differential network
entropy and demonstrated that gene expression differences
between normal and cancer tissue are anticorrelated with
local network entropy changes. These findings may have
potential implications for identifying novel oncogenes.

In this paper, we present a novel differential-network
based inference framework, called network-based statistical
analysis method (netSAM) to detect oncogenes. Using differ-
ential network modeling and functional enrichment analysis
rather than purely the differential expression analysis of a
single gene or pathway, netSAM overcomes some limitations

of the gene-based methods, such as uncertainty of iden-
tification or unfitness for generalization. The applicability
and effectiveness of the netSAM algorithm are demonstrated
on simulated and real data through numerous experiments.
Our results show that the netSAM outperforms two gene-
based methods (𝑡-test and lasso) in accuracy, precision, and
overlap ratio, and so forth. Furthermore, we applied netSAM
to identify breast cancer genes from two benchmark datasets
(Wang et al. and Van De Vijver et al.) and obtained a cancer-
associated gene signature consisting of 6 genes (TSPYL5,
CD55, CCNE2, DCK, BBC3, and MUC1), which have been
proven biologically reasonable via GO and pathway analyses.
The literature mining reveals that the resulting signature
possesses higher prediction capability compared to previous
work, and it would be useful in both predicting metastasis of
breast cancer and facilitating treatment decision.

Our contributions in this paper are composed of three
aspects. First, a novel gene regulatory network construc-
tion algorithm is proposed, and its inference ability is
demonstrated accurately and efficiently. Second important
contribution is a scale-free property-based informative prior
score.Third, another important contribution of the proposed
method is the differential-network schema for the identifica-
tion of oncogenes. This framework can be extended easily to
other complex diseases.

The remainder of the paper is organized as follows. In
Section 2, we provide all details of the netSAM. Section 3
presents experimental results and analysis. Conclusions and
future works can be found in Section 4.

2. Materials and Methods

2.1. Differential Network-Based Inference Framework. We
propose a new differential network-based scheme netSAM
to evaluate the relative importance of genes based on the
linkage characteristics of the entire network. Firstly, the
netSAM explores the transcriptional regulatory mechanism
underlying distinct cancer phenotypes by filtering genes that
are differentially expressed as well as by inferring differential
network from “case” and “control” samples. Secondly, the net-
SAM selects the top-scoring interacting genes, which appear
to construct the cancer-related subnetwork, as candidate
genes of cancer susceptibility. In this process, we assume
that the higher score a gene has, the more likely it is a
cancer-associated gene. Finally, we investigate the functional
enrichment of top-ranked genes and evaluate reliability of the
biomarkers. The overall work flow for the present study is
described as follows.

Compared to the gene-based methods, the advantages
or features of the netSAM include (a) identifying onco-
genes by constructing the differential network rather than
differentially expressed analysis, (b) focusing on the “hub”
genes which provide insights into the functional modules or
pathways, and (c) uncovering gene regulatory relationships
via network inference as well as characteristic of the scale-free
network.

In general, the differential network-based detection of
cancer genes includes five steps as described in Figure 1.
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Figure 1: The flowchart of the scheme: the differential network-based identification of cancer biomarkers.

Step 1. Extracting differentially expressed (DE) genes. In
order to remove the features (genes) that show no or min-
imal discriminatory ability, gene expression data are firstly
processed with log2 transformation and then differentially
expressed genes are determined by two criteria, fold change
of expression level as well as 𝑃 value of Student’s 𝑡-test. In
this step, genes whose value of fold-change larger than 2, and
meanwhile 𝑃 value less than 0.01 are considered as DE genes.

Step 2. Inferring “case” and “control” networks. Based on
the reduced features, the individual network is inferred
respectively, upon “case” and “control” samples including
three steps as the following.

(i) Computing all regression coefficients 𝛽 that rep-
resent interactions between genes, where 𝛽

𝑖𝑗
=

x𝑇
𝑗

x
𝑖
(𝑖 ̸= 𝑗, 1 ≤ 𝑖, 𝑗 ≤ 𝑝), x𝑇

𝑗

means the transpose of
x
𝑗
and x
𝑗
is the expression profile of gene 𝑗.

(ii) Calculating a posteriori score based on likelihood
score and informative prior. To make the degree
distributions of the underlying network satisfy the
scale-free property, the netSAM employs power-law
distribution and linear correlation to construct a prior
probability distribution. Next, performing boosting
updates to obtain an optimal estimation of coefficients
𝛽.

(iii) Constructing the gene regulatory network G and
the adjacency matrix can be formulated as G

𝑖𝑗
=

{ 0, if sgn( ̂𝛽
𝑗𝑖
̂
𝛽
𝑖𝑗
)=0

1, otherwise
, where sgn(⋅) denotes the sign func-

tion.
In the network G, the weights of the edges are set to

1 when there is a connection between two genes and 0
otherwise.

Details of Step 2 are given in Algorithm 1 of appendix.
Reasons for choosing the boosting regression include (a) the
adaptability to achieve the optimal balancing of variance and
error, (b) the ability to easily identify genes, and (c) a high
computational accuracy and a low calculation time.

Step 3. Constructing the differential network. Upon the two
networks obtained from “case” and “control” samples, a dif-
ferential network is established through comparing difference
of interactions and subtracting “case” network from “control”
one.

Comparison of the “case” and “control” genetic networks
will reveal many discrepancies, for example, some interac-
tions are unique and only exist in either networks. As pointed
in [15], through network subtraction, the trivial interactions
can be removed and detection of differentially represented
pathways can be performed. Differentially genetic interac-
tions can also be used to identify novel cancer metastasis-
dependent pathways. Thus, network comparison reflects a
landscape of differential genetic interactions especially to the
genetic disease response.

Step 4. Identifying differential network hubs. After building
the differential network, the genes are ranked to identify net-
work hubs according to 𝑃 value and degree, that is, number
of interactions. With established thresholds for differential
interactions (degree ⩾ 5, 𝑃 value ⩽ 0.01), the hubs of the
differential network are identified.

The network hubs, that is, genes with many interactions,
regulate a variety of cellular functions and are essential for
gene-induced lethality or sickness. As previous investigations
have shown [17, 20], many hubs in differential interaction
network serve as key components of cancer-associated path-
ways and can be used to discover cancer-induced genes. Our
experimental results on breast cancer data also demonstrated
that two such differential network hubs,DCK and BBC3, link
to MAPK signaling pathway and metastasis, as reported in
[21, 22].

Step 5. Prioritizing the network hubs. To identify the most
potential cancer genes among the genetic interaction hubs,
prioritization of the differential-network hubs is performed.

For the network hubs discovered from the previous
Step 4, two rankingmethods are performed to select themost
promising genes that are associated with cancer. Firstly, Gen-
eRank [23] is employed as computational strategies for gene
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INPUT: 𝑛 × 𝑝 dimensional data matrix X = (𝑥
1

, . . . , 𝑥
𝑖

, . . . , 𝑥
𝑝

),
(𝑛 denotes the number of samples and 𝑝 represents the number of
genes, 1 < 𝑖 < 𝑝).
OUTPUT: An adjacency matrix of graph G.
(1) Initialize iterating counter 𝑘 = 0, coefficient of the

regression 𝛽
𝑖𝑗

= 0 for all 1 ≤ 𝑖, 𝑗 ≤ 𝑝, 𝜆 = 2, and step
size 𝜀 = 0.01, 𝑆 = 10 ⋅ 𝑝.

(2) Standardize column vector x
𝑖

to zero mean and unit
norm for gene 𝑖 (1 < 𝑖 < 𝑝). Set residual R

𝑖

(𝑘) ← x
𝑖

.
(3) Fit 𝑝 × (𝑝 − 1) regressions

𝛽
𝑖𝑗

= x𝑇
𝑗

R
𝑖

(𝑘) (𝑖 ̸= 𝑗, 1 ≤ 𝑖, 𝑗 ≤ 𝑝), where x𝑇
𝑗

means the transpose of x
𝑗

.
(4) Calculate a posteriori score based on likelihood score and

informative prior as following
log (posteriori score

𝑖𝑗

) = − log (RSS
𝑖𝑗

) + log (𝐶2)
𝐶 = 𝑟 (log𝜋 (𝑑), log (𝑑)),
𝜋 (𝑑) = 𝑑−𝜆 (𝜆 > 0), 𝑑 = ∑

1≤𝑚≤𝑝

𝛽𝑚𝑗
,

where RSS refers to (3) and 𝑟 (⋅, ⋅) denotes Pearson’s
correlation coefficient.

(5) Find the edge having the best score of posteriori
probability
(�̂�, 𝑗) = argmax

𝑖,𝑗

log (posteriori score
𝑖𝑗

)

(6) Perform the boosting update
𝛽 (𝑘+1)
̂
𝑖,
̂
𝑗

← 𝛽 (𝑘)
̂
𝑖,
̂
𝑗

+ 𝛿
̂
𝑖,
̂
𝑗

(𝑘), and
𝛿
̂
𝑖,
̂
𝑗

(𝑘) = 𝜀 ⋅ 𝛽
̂
𝑖,
̂
𝑗

⋅ sgn (x𝑇
̂
𝑗

R
̂
𝑖

(𝑘)),where 𝜀 > 0

and set R
̂
𝑖

(𝑘+1) ← R
̂
𝑖

(𝑘) − 𝛿
̂
𝑖,
̂
𝑗

(𝑘)x
̂
𝑗

and increment
counter 𝑘 ← 𝑘 + 1

(7) Repeat Steps 3 to 6 until 𝑘 = 𝑆.
(8) Calculate 𝜌

𝑖𝑗

from coefficient matrix �̂�
(𝑆)

,
if sgn (𝛽(𝑆)

𝑖𝑗

) = sgn (𝛽(𝑆)
𝑗𝑖

),

𝜌
𝑖𝑗

= min {1,√𝛽(𝑆)
𝑖𝑗

𝛽(𝑆)
𝑗𝑖

}

otherwise, 𝜌
𝑖𝑗

= 0,
where sgn (⋅) denotes the sign function.

(9) Return an adjacency matrix of network

G = {𝑒
𝑖𝑗

| 𝑒
𝑖𝑗

∈ {0, 1}} , 𝑒
𝑖𝑗

= {
0, if 𝜌

𝑖𝑗

= 0

1, otherwise

Algorithm 1: Posteriori score-based boosting regression algorithm for inferring networks as Step 2 of netSAM.

prioritization in the netSAM.The reason to apply GeneRank
is that the algorithm does not require a predefined threshold
of important genes and can provide a reordering of genes
in terms of their importance and connectivity in the entire
network. In GeneRank, a node represents a gene, and an edge
is described with expression profile correlation coefficients.
Additionally, it requires a connectivity matrix of the network,
a vector of differential expression level, and a controlling
parameter as its inputs. Specially, to acquire the ranking
result based on the connectivity of the network as well as the
differential expression level of genes, the controlling parame-
ter is set to 0.5. Secondly, the all hubs are ranked additionally
according to their degrees (i.e., number of edges) in the
differential network. As the degree can indicate connectivity
information and importance of each gene in the whole

network, a new ranking result, which is different from that of
GeneRank, will be generated by utilizing the sort of degrees.
Thirdly, the common genes are selected from the top-ranked
hubs of the two previous ranking lists. Thus, a candidate
gene-set comprised of essential regulatory hubs of the
differential network is obtained. In virtue of the candidate
gene-set, a signature consisting of cancer-associated genes is
determined finally.

In summary, since the differential network spans the vali-
dated differentially expressed genes, the cancer-related genes
discovered upon it can provide stronger predictive power
than traditional gene-based method. Based on differential
network inference framework, the netSAM can be extended
easily to a majority of currently known genetic diseases.
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2.2. Bayesian Criterion and the Posteriori Score. Our method
assumes that the individual networkG can be scored accord-
ing to its posterior probability given that data is known.
The main idea is to choose the edge with the largest score
which takes into account the likelihood as well as the prior
information of scale-free network. The notion of the most
probable network structure is made formal by the Bayesian
score criterion, which is simply the posterior probability ofG
given X:

𝑃 (𝐺 | X) = 𝑃 (𝐺,X)
𝑃 (X)

∝ 𝑃 (X | 𝐺) ⋅ 𝑃 (𝐺) , (1)

log𝑃 (𝐺 | X) ≅ log𝑃 (X | 𝐺) + log𝑃 (𝐺) . (2)

Here,X ismatrix of gene expression data,𝑃(X | 𝐺)means
the (marginal) likelihood probability, and𝑃(𝐺)means a prior
distribution over network structure G.

Based on the above discussion, the combined score mea-
sure consists of two parts: one is the approximate likelihood,
and the other is the network prior information.

Residual sum of squares (RSS) is a measure of the
discrepancy between the data and an estimation model. A
small RSS indicates a tight fit of the model to the data.
Residual sum of squares can be represented as follows:

RSS =
𝑛

∑
𝑘=1

(x
𝑘𝑖
− x̂
𝑘𝑖
)
2

=
𝑛

∑
𝑘=1

(𝑥
𝑘𝑖
−

𝑝

∑
𝑗=1,𝑗 ̸= 𝑖

𝛽
𝑖𝑗
𝑥
𝑘𝑗
)

2

, (3)

where 𝑛 denotes the number of samples and 𝑝 represents the
number of features (genes).

Accordingly, we define the approximate log-likelihood
score for connectivity strength across genes as follows:

log (likelihood) = − log (RSS) . (4)

To capture the mechanisms underlying biology systems
and complex networks, a scale-free network prior is applied.
Scale-free property means that the frequency distribution
𝜋(𝑑) of the connectivity in a network follows a so-called
power law: 𝜋(𝑑) ∼ 𝑑−𝜆, where 𝑑 equals the number of
node degrees in the network. The prior information over the
network G describing scale-free property can be encoded as
the following:

log (priori) = log (𝐶2) ,

𝐶 = 𝑟 (log𝜋 (𝑑) , log (𝑑)) ,

𝜋 (𝑑) = 𝑑−𝜆 (𝜆 > 0) , 𝑑 = ∑
1≤𝑚≤𝑝

𝛽𝑚𝑗
 .

(5)

To quantify the association or connection between genes,
we define the parameter 𝛽 as regression coefficient obtained
using boosting regression algorithm. Based on likelihood and
informative prior, we thus can rewrite (2) as the following:

log (posteriori score) = − log (RSS) + log (𝐶2) . (6)

We applied score function mentioned above to select the
fitted edge of network G by computing the largest posterior

score for all possible gene interaction. Solving this problem
leads to the following optimal estimate problem:

𝛽
𝑖
= argmax
𝛽
𝑖

posteriori score (G;X) . (7)

Here, 𝛽
𝑖
denotes all the coefficient of gene 𝑖 (1 < 𝑖 < 𝑝)

regressed upon other genes through boosting method.

2.3. Functional Enrichment Analysis of Candidate Genes.
Gene set enrichment analysis (GSEA) [6] is a computational
tool that investigates whether a predefined gene set shows sta-
tistical significance. A gene set that contains terms of biologi-
cal process of gene ontology is constructed, and then overrep-
resentedGOcategories are investigated in the detected cancer
gene signature by conducting GO analysis using the BiNGO
plug-in of Cytoscape [24]. Gene ontology functional enrich-
ment analysis is employed, in which the hypergeometric test
is used for functional overrepresentation and false discovery
rate for the multiple hypotheses testing correction. Only the
corrected 𝑃 values less than 0.05 are considered significant.

Besides, associations between differential genetic inter-
actions and known pathways are investigated. As shown in
the differential network, differential genetic interactions are
much more likely to occur among pairs of genes connecting
two different subnetworks than among pairs of genes within
the same subnetwork. On the basis of these findings, a
map of genes and their differential genetic interactions is
constructed, in which some of hubs have not been previ-
ously linked to cancer development. To validate the newly
identified oncogenes, a pathway analysis is performed using
DAVID and the parameters are set as default numbers. The
significantly enriched functional modules based on KEGG
[8] pathway are investigated.

In brief, GO and pathway analyses indicate the effective-
ness of the netSAM, which highlights potential application of
themethod thatmay be prominent when developing targeted
therapeutics. It is also reasonable to believe that the genes
detected by the netSAM are highly relevant to cancer either
by sharing common cancer-related signaling pathways or by
GO functional terms.

3. Results and Discussion

In this section, results of experiments with synthetic and
real-world data sets are included. We performed a numerical
comparison with two existing algorithms (𝑡-test [25] and
lasso [26, 27]), including GO and pathway analyses. While
they provide efficient inference for medium-scale data, 𝑡-test
and lasso typically cannot fully capture the relational com-
plexity for large-scale datasets. Experiments demonstrated
the reliability and the effectiveness of the netSAM algorithm.
Furthermore, our algorithmoccupied a higher position in the
accuracy/efficiency trade-off. In addition, validation of the
biological reasonability of detected genes as biomarkers was
done through analysis of functional enrichment and a vast
amount of independent literature.

3.1. Simulated Data Experiments. In order to estimate the
accuracy of netSAM algorithm and compare its performance
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with two commonly used gene-based algorithms, that is,
𝑡-test and lasso, we generated synthetic data sets by using
the SynTReN [28], which simulates benchmark microarray
datasets with the known underlying biological networks for
the purpose of developing and testing new network inference
algorithms. Through SynTReN, we simulated a biological
network with a known topological structure as well as the
corresponding gene expression data. Although numerous
tuning parameters can be changed to generate datasets of
different sizes and complexity in the software, we kept the
default tuning parameters controlling the complexity aspects
and only changed the ones controlling noise and the size of
dataset being generated.

We generated 100 microarray datasets that consist of
200 genes and 100 sample points (noise 𝜎 = 0.5); the
resulting graphs had approximately 500 connections. For
each generated data set, the network structure learned from
each method was then compared with the true underlying
structure. We ran each experiment 10 times and averaged the
results.

3.2. Comparison of the Accuracy and Robustness with 𝑡-Test
and Lasso. Using the synthetic dataset described above, we
evaluated the accuracy and robustness of different identifica-
tion approaches via receiver operating characteristic (ROC),
area under curve (AUC), positive predictive value (PPV), and
false discovery rate (FDR). ROC, AUC, and PPV will have a
value of 1 if themethod can perfectly identify the connections
in the genetic network.

Seen from Figure 2, the netSAM algorithm gets compar-
atively lower FDR and higher PPV for more edges than 𝑡-
test and lasso. Additionally, robustness, AUC against SNR
(signal-to-noise ratio), of biomarker identification over three
algorithms is shown in Figure 2(d). In the figure, the average
AUC of netSAM is about 0.8, which means that netSAM
can select more suited gene biomarkers than 𝑡-test and lasso.
On the contrary, lasso obtains the worst performance over
four measures against the other two algorithms. It should be
emphasized that these measures depict the inference ability
of three algorithms on the same underlying network.

3.3. Identification of Breast Cancer-Associated Genes Using
NetSAM. In real data experiment, we applied netSAM to
breast cancer gene expression microarray dataset previously
reported byWang et al. [29] and Van De Vijver et al. [1]. Only
those patients with estrogen receptor positive breast cancer
are used as “case” samples, and the remaining estrogen recep-
tor positive samples are assigned to “control” group. Both case
and control samples are included in our experiments. After
that, the netSAM is applied to the two datasets separately to
get two breast cancer gene-set candidates. Finally, they are
ranked and intersected for detection of breast cancer genes.

Wang et al. dataset was downloaded from NCBI GEO
[30] database GSE2034 [29]. It employs the expression of
22,000 transcripts from total RNA of frozen tumor sam-
ples from 286 lymph node-negative primary breast cancer
samples that contained 77 estrogen-receptor negative (ER−)
and 209 estrogen-receptor positive (ER+) samples, and gene
expression profiles were analyzed with Affymetrix Human

Genome U133A Array (HG-U133A). Van De Vijver et al. [1]
gene expression dataset consists of 295 samples, including 151
lymph node-negative disease and 144 lymph node-positive
disease. There are approximately 25,000 human genes which
were transcribed and labeled to microarrays for each sample.

Estrogen receptors (ERs) are a group of proteins found
inside cells. Once activated, the ER is able to bind to DNA
to regulate the activity of different genes. Estrogen receptor
positive tumors are the most important subtype of breast
cancer. A significant majority (about 70%) of women who
died with breast cancer have estrogen receptor positive (ER+)
tumors. In these cases, estrogen receptors are overexpressed
and referred to as “ER-positive.”While molecular biology has
broadened our understanding of breast cancer, we still lack
sufficient knowledge of estrogen receptor positive tumors.
Aiming at promoting comprehension on estrogen signaling
and regulation mechanism contributing to tumorigenesis,
we, therefore, focused on patients with estrogen receptor
positive breast cancer. In the experiments, we chose 80
samples in Wang et al. and 78 ones in Van De Vijver et al.
among the estrogen-receptor positive patients.These selected
patients had been diagnosed with metastasis during their
follow-up visits within 5 years of surgery and were labeled
as “case” group in our study. The remaining 129 and 217
samples, respectively, in the two studies, were then assigned
to “control” group.

Using netSAM, 761 and 938 differential genetic interac-
tions were identified totally on the two datasets, respectively,
among which 342 and 461 interactions were “positive,”
which indicated inducible epistasis, whereas 419 and 477
were “negative,” which indicated suppression. Moreover, we
detected 119 hub genes on Wang et al. dataset and 162 on
Van De Vijver et al. dataset. A subset of 76 genes was found
common between the two candidate gene-sets (119 and 162
genes, resp.). Results of GO and pathway enrichment analyses
for the 76 intersection genes are shown in Sections 3.5 and 3.6.

To obtain a breast cancer gene signature, we firstly
selected the top 10 ranked genes, respectively, from the
two candidate gene-sets (119 and 162). Then, an intersection
set was generated between two top 10 ranked gene sets.
Finally, six intersection genes were regarded as the breast
cancer susceptibility genes, that is, the signature consisting of
TSPYL5, CD55, CCNE2, DCK, BBC3, andMUC1.

In addition, the top 50 ranked genes identified by netSAM
from Wang et al. dataset are shown in Figure 3. Seen from
Figure 3, not only the known breast cancer metastasis genes
(BRCA1, TP53, and ERBB2) but also the novel cancer suscep-
tibility genes such as TSPYL5, CD55, CCNE2, DCK, BBC3,
and MUC1 were identified. These recognized genes interact
with many other genes to coregulate the progression and
evolvement of breast cancer. The node size is relevant to the
breast cancer susceptibility which represents the possibility of
gene relating to cancer. Figure 3 was created using Cytoscape
[24].

3.4. Overlap Analysis between Identified Signature and Lit-
erature Reference Gene Set. In this section, we compared
the netSAM with gene-based approaches (𝑡-test and lasso)
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Figure 2: Comparison of accuracy and robustness between netSAM, 𝑡-test, and lasso on 100 synthetic datasets. (a) ROC curves: true positive
rates against false positive rates. (b) FDR curves: error discovery rates against true positive rates. (c) PPV curves: precision versus recall value.
(d) Robustness values (AUC versus SNR) are calculated based on five-fold cross-validation, where standard deviations are shown in error
bars.

on the breast cancer datasets to further examine which
method would obtain better signature. To compare over-
lapped genes through literature mining, we also compiled
a list of cancer-associated genes, BCGS (breast cancer lit-
erature reference gene set), by collecting genes known to
be associated with breast cancer from literature curation
and web-based resources. BCGS includes 452 representative
cancer-associated genes. The gene symbols were searched
as well as extracted from the 1098 PubMed literatures
using keyword (breast cancer∗ gene AND Humans [mesh]

OR “Breast Neoplasm” [mesh] AND “Neoplasm Metastasis”
[mesh] biological process [go]) in PubMed [31]. These genes
form the basis of our “cancer-associated genes” dataset. We
then utilized overlap ratio between literature-published gene
set BCGS and our candidate genes as evidence of feasibility
and the effectiveness of the netSAM.

When two distinct sets share at least one element in
common, they are “intersecting” or “overlapping.” In the
genomic scenario, we utilized an overlap measure to examine
the overlapping capability between the curated gene set BCGS
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Figure 3:The breast cancer-related genetic subnetwork consisting of the top 50 ranked genes identified through netSAMmethod fromWang
et al. breast cancer dataset. Genes are represented as circles, a significant coregulation between two genes as a line.

and the cancer gene set identified with different detection
algorithms. Specifically speaking, the overlap ratio is defined
as the number of intersection genes divided by the number of
identified genes.

To validate predictive power of netSAM, the overlap ratio
and trend analysis of overlap are performed.The comparison
results among netSAM, 𝑡-test, and lasso are displayed in
Figure 4 based on Wang et al. and Van De Vijver et al. breast
cancer datasets. The comparison of overlap ratio indicates
that netSAM can identify some novel cancer-causing genes
that are not found by 𝑡-test and lasso. Only a few of known
breast cancer genes were identified correctly by 𝑡-test and
lasso. Seen from Figure 4, the netSAM can identify more
overlapped genes than those of the other twomethods, which
indicates that the netSAM obtains a better reproducibility
across different data sets in terms of biomarker identification.
Furthermore, Figure 4 also shows that a number of candidate
genes (about 60%) identified by netSAM significantly overlap
with known breast cancer genes in BCGS. Accordingly, we
can conclude that netSAM is a more effective approach for
identifying biomarkers.

Although BCGS consists of 452 genes based on the
results of searching the related articles referenced in PubMed
[31], until now, however, most of genes still have not been
proved to be breast cancer susceptibility genes with absolute
certainty. Thus, when these genes are used as true breast

cancer genes to test the performance of our method, it would
potentially cause some bias.

3.5. GO Analysis. Most cancers, including breast cancer, are
complex disorders that are generally caused bymultiple genes
and their complex interactions. By mapping the 76 intersec-
tion genes identified by the netSAM to the gene ontology
(GO) [7] terms, we found 11 GO functional categories, given
in Table 1. The obtained GO terms are consistent to those
in curated literature [32], which suggested that the above
categories largely captures the functional facets of the breast
cancer-specific gene network. Several cellular processes such
as metabolism, cell proliferation and replication, apoptosis,
inflammation, and cell cycle are known to be pivotal for
tumorigenesis. The result of GO analysis indicates that our
discovered signature has an enrichment score (ES) of 0.79,
which means that identified oncogenes contain the majority
of genes contributing to the enrichment score.

The full detail of Gene Ontology enrichment analysis is
shown in Table 1. Tumor genes identified by netSAM are
enriched in important biological processes catalogued in
the Gene Ontology. From Table 1, it can be seen that the
detected oncogenes are significantly enriched in GO terms
of apoptosis, metabolism, immune response, and cell cycle.
Inflammatory response is overrepresented and can be consid-
ered as potential candidate because chronic inflammation is
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Table 1: Significantly enriched GO terms of biological process via BiNGO functional annotation analysis for the 76 intersection genes.

GO term Hypergeometric test 𝑃 value Benjamini correction 𝑃-value Frequency of mapped genes (%) Fisher 𝑃-value
Immune system process 1.5280𝐸 − 14 1.7847𝐸 − 11 33.3 2.3𝐸 − 12

Cell cycle 3.5350𝐸 − 12 2.0645𝐸 − 9 20.4 1.3𝐸 − 12

Immune response 6.2486𝐸 − 12 2.4328𝐸 − 9 24.7 1.3𝐸 − 9

Cell division 1.5915𝐸 − 11 4.4740𝐸 − 9 18.2 1.3𝐸 − 11

Nuclear division 2.2983𝐸 − 11 4.4740𝐸 − 9 16.1 7.2𝐸 − 12

Apoptotic process 2.2983𝐸 − 11 4.4740𝐸 − 9 16.1 7.2𝐸 − 12

Metabolism 3.9513𝐸 − 11 5.7689𝐸 − 9 16.1 1.3𝐸 − 11

Cell proliferation 1.0537𝐸 − 10 1.2307𝐸 − 8 22.5 3.4𝐸 − 11

Inflammatory response 5.4845𝐸 − 8 4.2706𝐸 − 6 41.9 1.4𝐸 − 10

Response to stimulus 6.6080𝐸 − 5 1.9433𝐸 − 3 44.0 5.6𝐸 − 10

System development 5.1327𝐸 − 4 8.4436𝐸 − 3 31.1 2.3𝐸 − 11
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Figure 4: (a) Overlaps of the identified genes using netSAM, 𝑡-test, and lasso based on Wang et al. and Van De Vijver et al. breast cancer
datasets. (b) Trend of overlap: number of overlapped genes versus top-ranked genes (error bars denote standard deviation estimated over 100
tests).

widely believed to be a predisposing factor for cancer. These
results suggested that the above categories largely captured
the functional facets of the breast cancer specific gene.

3.6. KEGG Pathway Functional Analysis. Gene set enrich-
ment analysis of Kyoto Encyclopedia of Genes and Genomes
(KEGG) [8] pathway was conducted to find additional
supporting evidence as described in Table 2. The enriched
pathways were found. In the enriched pathways, TGF-beta,
p53, and Notch and JAK-STAT signaling pathways are fre-
quently reported to be related to breast tumor metastasis
[33]. Notch signaling pathway may play essential role in the
cross-talk betweenmetastasis and relapse free. Recently, it has
been found that p53 activates the MAPK pathways through

a feedback loop in human cancer. Moreover, we found that
the detected genes were enriched for many known pathways,
such as Apoptosis and Cell cycle. DAVID [34] genetic disease
class category analysis indicated that the Benjamin 𝑃 value
of Apoptosis and Cell cycle is 1.1𝐸 − 6 and 3.3𝐸 − 4,
respectively. Six hub genes (TSPYL5, CD55, CCNE2, DCK,
BBC3, andMUC1) were all proved cancer-related hub genes.
From Table 2, one can conclude that identified six genes
significantly enriched in ECM, P53, and cell cycle pathway.

The signaling pathways depicted in Figure 5 include
MAPK and JAK-STAT signaling pathways, which were high-
lighted in the top-ranked cancer-related genetic network
identified by netSAMmethod fromWang et al. breast cancer
dataset.
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Table 2: KEGG pathway functional analysis via DAVID for the 76 intersection genes.

KEGG pathway Count Frequency (%) 𝑃 value Benjamin
Viral myocarditis 10 10.4 1.6𝐸 − 8 1.0𝐸 − 6

Apoptosis 8 8.3 3.3𝐸 − 8 1.1𝐸 − 6

Type I diabetes mellitus 8 8.3 1.0𝐸 − 7 1.7𝐸 − 6

Autoimmune thyroid disease 8 8.3 4.2𝐸 − 7 5.3𝐸 − 6

Cell cycle 9 9.4 3.1𝐸 − 5 3.3𝐸 − 4

TGF-beta signaling pathway 8 8.3 1.7𝐸 − 4 1.2𝐸 − 3

Notch signaling pathway 6 6.2 3.9𝐸 − 3 2.4𝐸 − 2

ECM-receptor interaction 5 5.2 8.3𝐸 − 3 4.8𝐸 − 2

JAK-STAT signaling pathway 7 7.3 1.2𝐸 − 2 6.2𝐸 − 2

P53 signaling pathway 4 4.2 4.9𝐸 − 2 2.1𝐸 − 1

Immune network 3 3.1 8.0𝐸 − 2 3.0𝐸 − 1
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Figure 5: Signaling pathways highlighted in the identified cancer-
related genetic network by netSAMonWang et al. dataset, including
MAPK and JAK-STAT pathways.

4. Conclusions

In this paper, we proposed netSAM to identify breast cancer-
related genes from two benchmark breast cancer datasets
(Wang et al. andVanDeVijver et al). Using netSAM,we iden-
tified six novel genes (TSPYL5, CD55, CCNE2, DCK, BBC3,
andMUC1) as cancer biomarkers for predicting survival and
metastasis in patients with breast cancer. Each of 6 genes in
our signature not only has links to potential cancer relapse
through the literature, they also have been shown in most
cases to be directly linked to prognostic outcome, metastasis,
and apoptosis. Furthermore, the six novel genes identified

in our experiments are overlapped with the breast cancer
gene set BCGS of literature curation. Further functional
enrichment analysis and independent literature evidence also
confirm that our identified potential cancer-causing genes
are biologically reasonable, indicating the effectiveness of our
method. Moreover, nearly 60% of the 119 oncogenes found by
netSAM were certified as breast cancer susceptibility genes
or known cancer-associated genes through literature mining.
Our results indicate that the resulting signature possesses
higher prediction precisions compared to previous work in
the area andmight be useful in predictingmetastasis of breast
cancer and facilitating treatment decisions.

TSPYL5 (TSPY-like 5), also known as KIAA1750, is
involved in nucleosome assembly, a process which can alter
the regulatory mechanisms of a cell [35], which is likely
to occur in cancer. TSPYL5 has been previously used as a
prognostic biomarker in breast cancer [36]. In addition, it
has been noted to play a role in the circulation of luteinizing
hormone (LH), which is known to prompt tumor growth in
breasts. Moreover, the individual gene (TSPYL5) is present in
the 17 genes selected by Alexe et al. [3]. CD55 has been used
previously as a prognostic biomarker in gastric cancer. CD55
has been shown to be important in breast cancer prognosis
[37].

CCNE2 encodes a protein similar to cyclin that serves as
regulators of cyclin dependent kinase (CDK). A significant
increase in the expression level of this gene was observed
in tumor-derived cells. CCNE2 has also been conformed
to qualify as independent prognostic markers for lymph
node-negative breast tumor patients and reported to have a
predictive value in ER positive cases among breast cancer
patients [9].

The DCK (deoxycytidine kinase) gene is required for the
phosphorylation of several deoxyribonucleosides and their
nucleoside analogs. It has been used to study resistance to
chemotherapy in myeloid leukemia (AML) and breast cancer
patients [21]. In addition, this particular gene may catalyze
the metabolic activation of gemcitabine, a drug that has been
used to treat several different types of cancer. However, the
exact function of this gene is still unknown.

The BBC3 gene, also known as PUMA, is located on
human chromosome 19q13.3-q13.4 and is homologous with
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a BCL2 family member. BBC3 has a distinguished function in
regulating other genes [38]. Many tumor genes are correlated
withBBC3.Thebiological role forBBC3 is to induce apoptosis
via themitochondrial apoptotic pathway. Furthermore,BBC3
is also transcriptionally activated by the tumor suppressor
p53, which is a key regulator of apoptosis and tumor genesis
in breast cancer [22].

MUC1 gene encodes a highly glycosylated protein located
on the apical surface of mammary epithelia that is aber-
rantly overexpressed in approximately 90% of human breast
cancers [39]. However, its role in cancer metastasis is yet
less well understood.MUC1 protein overexpression has been
associated with cell adhesion inhibition as well as increased
metastatic and invasive potential of tumor cells. This over-
expression allows MUC1 to interact with members of the
ERBB family of receptor tyrosine kinases [40].

In the proposed netSAM procedure, a series of statis-
tical methods and techniques were employed. Despite the
difference in methodology, our analysis confirmed some of
previous findings. For example, we also found the correlation
of ERBB2 and MUC1 with breast cancer prognosis. Besides,
when we applied traditional gene-based methods (𝑡-test and
lasso) to the gene expression datasets, we found that only a
small part of the known tumor genes was identified as breast
cancer-related genes.

In conclusion, oncogenes found by netSAM can be used
to stratify patients for treatment of the disease as well as
extend perception to the diseasemechanism for breast cancer,
supply potential information in clinical decision-making, and
help to reduce costs of therapy. However, these genes could
not yet be fully justified with the current clinical knowledge,
and further experimental validation is urgent. Differential
genetic interaction networks have been proved very powerful
for mapping the pathways that modulate/mediate essential
cell functions. Our work demonstrated that a differential
network-based inferencemethod can provide a powerful tool
for identifying associated genes in human disease.

Future work includes exploring other procedures for
further improving accuracy and efficiency of detection, for
example, using protein interaction network information. It is
also believed that the incorporation of additional biological
data and information would acquire better biomarkers for
disease gene discovery.

Appendix

See, Algorithm 1.
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Detection of potential cross-reaction between a short oligonucleotide sequence and a longer (unintended) sequence is crucial
for many biological applications, such as high content screening (HCS), microarray nucleotide probes, or short interfering RNAs
(siRNAs). However, owing to a tolerance for mismatches and gaps in base-pairing with target transcripts, siRNAs could have up
to hundreds of potential target sequences in a genome, and some small RNAs in mammalian systems have been shown to affect
the levels of many messenger RNAs (off-targets) besides their intended target transcripts (on-targets). The reference sequence
(RefSeq) collection aims to provide a comprehensive, integrated, nonredundant, well-annotated set of sequences, including mRNA
transcripts. We performed a detailed off-target analysis of three most commonly used kinome siRNA libraries based on the latest
RefSeq version. To simplify the access to off-target transcripts, we created a SeedSeq database, a newunique format to store off-target
information.

1. Introduction

Recently, RNA interference (RNAi), a natural mechanism
for gene silencing, [1, 2] has made its way as a widely used
method in molecular and cell biology in both academics
and industry. Pharmaceutical and biotech companies have
set up libraries for large-scale screens employing thousands
of short-interfering RNAs (siRNAs) or short hairpin RNA
(shRNA) encoding vectors to identify new factors involved
in the molecular pathways of diseases [3]. The design of
RNAi reagents is the key to obtaining reliable screening
results in large-scale RNAi studies. Several recent studies
demonstrated that the degradation of intended transcripts by
siRNA (so-called “on-targets”) and unintended effects arising
from inadvertent targets (so-called “off-targets”) depend on
the sequence of the RNAi reagent and have to be computa-
tionally analyzed [4, 5]. For knock-down/screening purposes,
different companies offer sets of siRNAs targeting the whole
genome (or a subset of it) for various organisms. Typically,
they offer at least three different siRNAs, for each target gene.
These siRNAs can either be used as single siRNAs or can
be mixed and used as a pool of siRNAs. The main reason

for offering several siRNAs per target is the varying knock-
down efficiency of the individual oligos and the occurrence
of off-target effects. In our study, we focus on sequence-
dependent off-target effects that can be attributed to the
binding of the siRNA to other mRNA transcripts than their
target mRNA [6, 7]. Partial complementarity between siRNA
and mRNA seems to be sufficient to reduce the number of
silenced mRNA [6]. Based on this tolerance for mismatches
and gaps in base pairing with targets, siRNAs could have
up to hundreds of potential target sequences in the genome.
Currently, the degree of complementarity between the two
sequences needed for silencing is not well defined. Sequence
dependent off-target effects are caused inmany possible ways
(Table 1). First of all, it has been reported that off-target effects
occur with a high probability, if the siRNA shows ∼90%
complementarity (17 nucleotides out of 19) to an off-target
gene [8–10]. However, a 21-nucleotide double-stranded RNA
sharing only partial complementarity with an mRNA is still
competent to cause gene silencing via translational repression
[8, 11]. It seems that as few as 11 contiguous complementary
nucleotides or a total of 15 are sufficient to reduce the level
of mRNA transcripts [12].The complementarity of the siRNA
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Table 1: Cause for sequence-dependent off-target effects.

# Causes for off-target effects References
1 Nearly exact complementarity [8, 10]
2 15 nt in total or even 11 continuous nt match [8]
3 Seed region complementarity [9, 12, 15]
4 miRNA function (seed region-3UTR conserved region complementarity) [13]
5 Multiple occurrences of the seed region in an mRNA sequence [13, 15]
6 Complementary region at the cleavage site, center of the siRNA [11, 16]
7 Tolerance of G:U wobble [16]
8 Seed complementation frequency [12]
9 High G/C content in the seed region [15]

seed region (the first 2–8 bases of the antisense siRNA-strand)
plays a major role in the occurrences of off-target effects
[9] (see Figure 1). Further analyses showed a high tolerance
for mismatches outside the seed region, whereas differences
within this 5 end of the siRNA are barely tolerated [12–14].

The center region of the siRNA is important to stabilize
the siRNA-mRNA-duplex and to enhance mRNA degrada-
tion [11]. Alemán and colleagues analyzed this central region,
which comprises the cleavage site of the mRNA (position 8–
10 of the antisense strand; see Figure 1). They deciphered that
mismatches in this region of the siRNA seem to be critical
[16] and result in no cleavage. Additionally, they also tested
the aspect of a G:U wobble and discovered that the G:U base
pair is recognized like an authenticWatson-Crick base pair in
the antisense RNA-mRNA duplex. This wobble base pairing
expands the range of potential targets for a specific siRNA.

Design and validation of siRNAs are based on sequence-
dependent analysis (so-called “on-target analysis”). In design
process, using the sequence information, all siRNA con-
structs are computationally mapped onto RNA transcript
sequence RefSeq-RNA using homology search algorithms.
RefSeq database is a collection of taxonomically diverse,
nonredundant, and richly annotated sequences representing
naturally occurring molecules of DNA, RNA, and protein.
Included are sequences from plasmids, organelles, viruses,
archaea, bacteria, and eukaryotes. Each RefSeq is constructed
wholly from sequence data submitted to the International
Nucleotide Sequence Database Collaboration (INSDC). Ref-
Seqs provide a foundation for uniting sequence data with
genetic and functional information. They are generated to
provide reference standards for multiple purposes ranging
from genome annotation to reporting locations of sequence
variation in RNAi experiments.

In order to predict off-target effects and annotate tran-
scripts with potential off-targeting (by oligos from available
siRNA libraries) information based on latest RefSeq version, a
number of sequence similarity search methods or algorithms
can be applied. For example, the Basic Local Alignment
Search Tool (BLAST) [17] is adopted to find nearly exact
homologies. Although BLAST is an excellent tool for broad
sequence alignments, it falls short in its ability to accurately
predict small local homologies. Other bioinformatics tools,
[15, 16, 18] which do not have this shortcoming, try to predict
interactions between siRNAs andmRNAs. But unfortunately,
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Figure 1: Structure of an siRNA: 21 bp RNA duplex with 2 nucle-
otides 3 overhanging on each strand; the two strands are called
antisense or active or guide strand and sense or inactive or star
strand, respectively; the first 2–8 bases of the antisense strand are
called seed region, and at bases 8–10 of the antisense siRNA strand
is the cleavage site.

these sequence-based prediction tools frequently do not con-
sider specific off-target parameters like target site location,
3UTR conserved regions, and design specificity. Also there
is no standard format which allows for distribution of off-
target analysis results. Here, we describe a novel method
and a database, supporting the analysis of potential off-target
transcripts. We will demonstrate our approach based on
three available siRNA libraries. Our analysis enabled us to
determine potential off-target transcripts and to create new
database format called “SeedSeq.” SeedSeq aim is to provide a
data source for better design, validation of siRNA libraries,
and experiments. SeedSeq is available similar to RefSeq in
standard gene bank [19] format file, providing easy access for
bioinformatics community. SeedSeq version 1 is limited to
3 kinome libraries. Following versions will consider genome
wide off-target analysis results.

2. Results

As we described above microRNA (miRNA)-mediated gene
modulation has shown that complementary base pairing
between the seed region and sequences in the 3UTR of
mRNA is associated withmiRNA-mediated gene knockdown
[20]. As siRNAs and miRNAs are believed to share some
portion of the RNAi machinery, we investigated whether
complementarity between the seed region of the siRNA
and any region of the transcript was associated with off-
targeting. To accomplish this, we predicted off-targets for 3
kinome siRNAs libraries (Ambion designed in 2006,Thermo
Scientific Dharmacon designed in 2009; Qiagen designed in
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Table 2: Selected siRNAs and their off-target overlap with on-targets of miRNAs from tarbase.

On-target gene symbol siRNA antisense strand siRNA id Off-target gene symbol Target of endogenous miRNA
WNK3 AAAUACUGACAAACGUGAGGC s35278 ZEB1/TCF8 hsa-miR-200b
STRADB AAAUACUGAUAUCCAAUGGGC s30875 ZEB1/TCF8 hsa-miR-200b
MAPK4 UAAUGCUGAUCAACGAUCCUU SI00606011 BACH1 hsa-miR-155
MAPK4 UAAUGCUGAUC AACGAUCCUU SI00606011 TP53INP1 hsa-miR-155
WNK3 AAAUACUGACAAACGUGAGGC s35278 RERE hsa-miR-429
PLXNA3 AAAGUGCUUCCAUUGAUGAUG s30979 Cyclin D2 hsa-miR-302b
PLXNA3 AAAGUGCUUCCAUUGAUGAUG s30979 MBNL2 hsa-miR-302d
PLXNA3 AAAGUGCUUCCAUUGAUGAUG s30979 VEGF hsa-miR-372
PLXNA3 AAAGUGCUUCCAUUGAUGAUG s30979 APP hsa-miR-520c-3p
TYRO3 UUGGCACUAAAGGUCACCGUU SI00288344 Mitf hsa-miR-96
ITPKB UUGGUCCAUAGUCUCCCUCUG SI04435592 KCNQ1 hsa-miR-133a
TNK1 UAAUGCUCCAGGAUGCGCCAG SI03649674 MEIS1 hsa-miR-155
PACSIN1 UUGGUCCCUCAGAUGGGCCUG SI00127918 Pitx3 hsa-miR-133b

2008). We validated prediction of off-targets using the above
described method with two rounds of validation. Firstly, we
validated our predictions on the siRNA transfection data
from Jackson et al. [9]. Secondly, our predictionwas validated
against validated target sets of miRNAs that share the same
seed region sequence with the siRNAs in our dataset.

From the Jackson dataset, we used the expression data
after 24 hours of transfection in all the cases, and the
transcripts with a negative expression change (𝑃 < 0.01)
was regarded as off-targets. We predicted siRNA off-targets
for all the 8 + 19 = 27 siRNA sequences in the dataset
with/without filtering for conserved target sites. Without
using conservation check, 65% of the predicted off-targets
had a significantly negative expression change relative to
the mock transfection control while using the filtering for
conserved target sites marginally improved the true off-target
prediction rate (66.85%). This again shows that target site
conservation is not a significant criterion for siRNAmediated
off-targeting. The true positive versus false positive off-target
prediction by our algorithm for transcripts targeted by 19
siRNAs in Jackson dataset is presented in Figure 2.

For another validation, the validated set ofmiRNA targets
are collected from Tarbase [21] and miRecords database
[22]. We considered miRNAs from these databases which
contain same seed sequence as siRNA and were trying to find
an overlap between predicted off-targets of the siRNA and
validated targets of miRNAs.

As a result of this validation, we found 11 siRNAs (Table 2)
for which the off-target transcripts are validated targets of
miRNAs with same seed sequence (4 from TarBase version 5
and 7 from miRecords), when the off-targets were predicted
without conservation check. Here, we introduce a result from
siRNA off-target analysis which takes into account existing
kinome wide RNAi libraries using computational pipeline
described above. Our analysis of three kinome-wide RNAi
libraries for human revealed differences in genome coverage
and off-target predicted quality. The differences most likely
depend on two factors: the quality of the underlying genome
release and the factors known to influence the reagent quality
at the time of the library design. It has been reported that
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Figure 2:The number of true positive versus false positive off-target
predictions by our algorithm for 19 siRNAs from the Jackson set.
The off-target transcripts showing significant (𝑃 > 0.01) expression
change after 24 hours of siRNA transfection were treated as true
positives while transcripts not showing significant alteration in
expression were treated as false positives.

the amount of off-targets target is different for each gene and
heterogeneously distributed (Figures 3 and 4). Our report
shows that the amount of off-targets ranges from 0 to 240.

We next sought to compare 3 libraries based on which
transcripts are the most sensitive transcripts targeted by
siRNAs from those libraries. From 3 libraries we were
able to collect the most off-target sensitive transcripts
(Figure 5). Very interesting phenomenon is that both tran-
scripts NM 001030055 and NM 001173 of gene ARHGAP5
are the most sensitive off-target transcripts in both libraries,
Ambion and Dharmacon, but are targeted by different siR-
NAs. Frequent false positives siRNAs complicate the analysis
of genome-wide RNAi screens that is why it is important
to identify the candidate off-targeted transcripts in primary
screening data. Several transcripts can be particularly sus-
ceptible to off-target silencing [13, 15, 18]. Such “off-targeted”
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Figure 3: Distribution of siRNA off-targets across Dharmacon-Kinome library.
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Figure 4: Distribution of number of transcripts versus number of
siRNAs having those transcripts as off-targets based on analysis
across 3 kinome libraries. For example transcript NM 020931 of
gene KIAA1586 (Gene ID: 57691) is off-target of 7 ambion siRNAs:
s224548, s14545, s29915, s3587, s8669, s25384, and s36140.

transcripts are detected after much effort has been expended
to validate genes of interest.

Our next goals were (1) to compare siRNAs with max-
imum number of off-targets across 3 libraries and (2) to
compare transcript across 3 libraries. The distribution of
siRNAs off-targets per library is not flat; some siRNAs have
a large number of off-targets while many contain only a few.
The distribution of the efficacies of the siRNAs is shown
in Figure 6. Among the 3 libraries, Qiagen siRNAs showed
lowest number of off-targets. There are only 3 siRNAs from
Qiagen in the list of siRNAs from all 3 libraries with highest
number of off-target transcripts. Some siRNAs particularly
have many off-targets. siRNA from Qiagen designed for
CDKN2C is an outlier among all siRNAs having 1800 poten-
tial off-targets.

We selected the genes having the most off-targeted
transcripts and made a comparison across the 3 libraries
(Figure 7). Figure 8 shows that it is possible to have gene
transcripts which are unintentionally targeted by around 70
siRNAs parallel in two libraries (e.g., gene USP9X has two
transcripts which are off-targets of ∼70 siRNAs Ambion,

∼70 siRNAs Dharmacon). We also selected gene CACNA1
whose all transcripts are highly off-target sensitive.

3. Discussion

Off-target transcripts analysis results can enhance the valida-
tion rate in RNAi screens. To our knowledge, today SeedSeq
is the new format and unique collection of human mRNA
transcripts and their siRNA reagents off-target predictions
available in GenBank format. It was designed to assist
experimentalists in determining which transcripts are the
sensitive for being off-target. Our analysis revealed a record
of prominent off-targeted transcripts for several available
siRNAs libraries. It is not clear why several transcripts
behave similar to miRNA-like off-target effects. SeedSeq
may be used in the siRNA design algorithms. Usage of our
method as an additional analysis component of RNAi cell
based screens should enable researchers to counter-screen
for downregulation of sensitive transcripts and reduce the
false positive siRNAsduring the validation process.Detection
of transcripts sensitive to off-target effects will also enable
a better understanding of the rules like miRNA-like off-
targeting and improve the design quality of siRNA reagents.

4. Material and Methods

4.1. SeedSeq Format. The Seed Sequence (SeedSeq) database
is an open access (RNAiAtlas http://rnaiatlas.ethz.ch/), anno-
tated and curated collection of publicly available mRNA
transcripts and their siRNAs targeting them as off-target.
This database is built based on off-target analysis described
below, and, like RefSeq, provides only a single record for each
mRNA transcript of natural biological molecule (i.e., DNA,
RNA) at the current stage for 3 kinome siRNA libraries. It
is a unique resource because it provides a curated sequence
database linked records from siRNA to target transcripts.
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Figure 5: Highest number of siRNAs having off-targets for specific gene transcripts in 3 inome libraries. Transcripts of gene ARHGAP5 are
the most sensitive in Ambion and Dharmacon for being an off-target transcript.
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Figure 7: Transcripts distribution for being the most off-targeted genes across 3 libraries. For example transcripts USP9X are off-targets of
oligos from two libraries parallely. Those transcripts indicate high sensitivity for being off-targets. All transcripts of gene CACNA1 are shown
to be off-target sensitive.

For each target gene, SeedSeq aims to provide the
gene transcripts and the information about siRNAs (siRNA
supplier identifier, siRNAID) which potentially target those
transcripts. SeedSeq is provided in GenBank format and is
currently limited to kinases. Transcripts sequence records
are presented in a standard format and subjected to compu-
tational validation. SeedSeq similar to RefSeq contains dif-
ferent transcripts categories: NM-mRNA, NR-ncRNA, XM-
predicted mRNA model, and XR-predicted ncRNA model.
SeedSeq is accessible via BLAST, Entrez readers, andRNAiAt-
las site. SeedSeq records appear similar in format to RefSeq
and GenBank records. A sequence in GenBank sequence
format is a rich format for storing sequences and associated
annotations. It shares a feature table vocabulary and format
with the EMBL and DDJB formats. An example sequence in
GenBank format is

LOCUS GXP 170357 743 bp DNA

DEFINITION loc=GXL 141619|sym=TPH2|geneid
=121278|acc=GXP

170357| taxid=9606|spec=Homo
sapiens|chr=12|ctg=NC 000012|str=(+)|
start=70618393|end=70619135|len=743|
tss=501,632|
homgroup=4612|promset=1|descr=tryptophan
hydroxylase 2|

comm=GXT 2756574/AK094614/632/gold;
GXT 2799672/NM 173353/501/bronze

ACCESSION GXP 170357
BASE COUNT 216 a 180 c 147 g 200 t
ORIGIN

1 TTGATTACCT TATTTGATCA TTACAC-
ATTGTACGCTTGTGTCAAAATATCACAT-
GTGCCT
61 TATAAATGTGTACAACTATTAGTTATC-
CAT AAAAATTAAA AATTAAAAAA TCCG-
TAAAAT
121 GGTTTAAGCA TTCAGCAGTG CTG-
ATCTTTC TTAAATTATT TTTCTAATTT
TGGAAAGAAA
181 GCACAAAATC TTTGAATTCA CAA-
TTGCTTA AAGACTGAGG TTAACTTGCC
AGTGGCAGGC
241 TTGAGAGATG AGAGAACTAA CGT-
CAGAGGA TAGATGGTTT CTTGTACAAA
TAACACCCCC
301 TTATGTATTG TTCTCCACCA CCC-
CCGCCCA AAAAGCTACT CGACCTATGA
AACAAATCAC
361 ACTATGAGCA CAGATAACCC CAG-
GCTTCAG GTCTGTAATC TGACTGTGGC
CATCGGCAAC
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Figure 8: SeedSeq record example.

421 CAGAAATGAG TTTCTTTCTA ATC-
AGTCTTG CATCAGTCTC CAGTCATTCA
TATAAAGGAG
481 CCCGGGGATG GGAGGATTCG CAT-
TGCTCTT CAGCACCAGG GTTCTGGACA
GCGCCCCAAG
541 CAGGCAGCTG ATCGCACGCC CCT-
TCCTCTC AATCTCCGCC AGCGCTGCTA
CTGCCCCTCT
601 AGTACCCCCT GCTGCAGAGA AAG-
AATATTA CACCGGGATC CATGCAGCCA
GCAATGATGA
661 TGTTTTCCAG TAAATACTGG GCA-
CGGAGAG GGTTTTCCCT GGATTCAGCA
GTGCCCGAAG
721 AGCATCAGCT ACTTGGCAGC TCA.

The format also allows for sequence names and comments
to precede the sequences. Attributes in FEATURE section
novel to SeedSeq records include unique information about
siRNAs which potentially target this record transcript. Off-
target information is described as feature annotations. This
annotation is provided by off-target analysis. SeedSeq record
may be an essentially unchanged, validated copy of the
original RefSeq record extended with off-target features or
includes additional information supplied by siRNA on-target
analysis. The GenBank format originates from the GenBank
software package but has now become a standard in the field
of bioinformatics.The simplicity of GenBank formatmakes it
easy tomanipulate and parse sequences using text-processing
tools and languages like Java, Python, Ruby, and Perl. A
FEATURES section (Figure 8) is designed to be associated
with a sequence and can have a location on that sequence.
It is a way of describing the characteristics of a specific
part of a sequence. siRNA off-target information in SeedSeq
is saved in FEATURE section under tag “target siRNAs.”
FEATURES are in programming languages represented by
SeqFeature objects. SeqFeature objects can also have one or
more annotations associated with them. SeedSeq file can
be accessed similarly as GenBank, SwissProt, or EMBL file
using standard GenBank format readers. An example is

algorithm 

3


5
 3


5


Homology search:
∙ BLAST search
∙ Smith-Waterman algorithm with a subset of 

∙ Seed-Motif-Search and Smith-Waterman 

∙ Seed-Motif-Search on transcripts  
mRNA

∙ Extend positions on both sides
∙ Take ∼50nt long sequence and the 
siRNA and compute a local alignment

mRNAs

Seed regionsiRNA

Figure 9: General structure of the concept for analysing screening
results of off-target effects.Three variants of complementarity search
for finding potential off-target effect depending on the type of off-
targets.

a SeqIOTool25 class which contains methods for reading
GenBank, SwissProt, and EMBL files.

4.2. Off-Target Analysis Concept. Available sequence analysis
tools fail to reliably predict off-target transcripts for siRNA
sequences. Building upon current understanding for the
occurrence of off-target effects, a new modular analytic
process is applied to create SeedSeq database. This process
can be specifically adapted to a variety of options in results
interpretation to identify potential off-target transcript for
every siRNA of interest.

4.3. The Analytic Process. Potential off-target effects are pre-
dicted based on sequence complementarity regions between
siRNAs and mRNAs. For flexibility and extensibility reasons,
the process is composed of a set of steps, which must be
performed in sequence to get to an effective analysis (see
Figure 9).

The first step is to find homologies between siRNAs
and all mRNAs available in RefSeq database. This concept
contains many variants for such a complementarity search
using different algorithms to perform a sequence alignment
between siRNA and mRNA. A detailed description of the
different complementarity search strategies is given in the
next subsection.

The resulting list of a complementarity search can be too
long to find the important results just by visual inspection.
Therefore, the next step is to filter this list to reduce its size to
meaningful results.

4.3.1. Complementarity Search. In this analysis step, it can be
determined if there exists a complementary region between
the selected siRNA sequences and the mRNA transcripts.
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Many different sequence alignment algorithms are available
to perform such a complementarity search, but they are
not optimal for the purpose of this process step by default.
Therefore, alternative strategy for the use of these algorithms
has been developed to find nearly exact complementary
regions as well as small local complementarities (see also
Figure 9).

4.3.2. Smith-Waterman Algorithm. The Smith-Waterman
algorithm is an accurate algorithm used to build local
alignments between two sequences. Since its use with all
mRNAs from the RefSeq database is not practicable, a
feasible alternative is to limit the number of mRNAs to
approximately 200. On a Windows 7 system (two Intel Xeon
Quad-core 2.00GHz CPUs, 16GB RAM), the analysis of a
20-gene (4 oligonucleotides) library constructs took about 1
hour. By reducing the number of sequences, it is possible to
perform a local alignment for all the siRNAs.

4.3.3. Seed-Motif-Search Combined with the Smith-Waterman
Algorithm. Because of thementioned runtime problemwhen
performing a local alignment with the Smith-Waterman
algorithm, a feasible variant to search for complementarity
is introduced here. In this variant, an initial step reduces the
length of the mRNA sequences to enable the use of a local
alignment algorithm.This reduction ismade because the seed
region of the siRNA seems to play a significant role in causing
off-target effects. At the beginning, all occurrences of the seed
motif of every siRNA are localized in the genes. After detect-
ing this small region, a sequence of ∼50 nt around this seed
motif is cut out in themRNA.Thus, as a result of this first step,
a huge number of sequences of ∼50 nt in length are obtained
containing the seed region of each siRNA. Due to the small
length of the sequences, it is now possible to perform a local
alignment with the Smith-Waterman algorithm.

4.3.4. miRNA-Like Off-Target Prediction. Prediction of
miRNA like off-targets involves finding the seed comple-
mentarity of the siRNA with the 3UTR of a nontarget
mRNA. But considering only seed region complementarity
identifies a large number of off-targets that could not be
actually targeted. For example, for haxamer siRNA seed
sequences (2−7th base from 5 end of antisense strand),
there may be thousands (or more) predicted matches in
the 3UTRs of human mRNA transcripts [10]. So, a more
rational approach is needed for prediction of siRNA off-
targets that needs understanding of the miRNA target
recognition procedure. The Whitehead Institute siRNA
selection tool uses target site conservation information
for filtering the most probable off-targets. For endogenous
miRNA target prediction, use of target site conservation
among closely related species proved to be effective for
recognition of functional target sites. For siRNA off-target
prediction, restricting the seed-matched site search to the
sites conservedwithin orthologous locations of closely related
species (human, mouse, rat, and dog) greatly reduces the
number of predicted off-targets and also possibly increase the
chance of predicting functional target sites. For prediction of

miRNA-like off-targets, we used an algorithm that combines
the conventional 6-mer or 7-mer seed motif search with 3
compensatory rule of miRNA target prediction. To check if
target site conservation is a considerable factor in predicting
siRNA off-targets, we searched for sites conserved among
human, chimp, mouse, rat and dog.

Seed Motif Search. We used Smith-Waterman algorithm for
alignment of the siRNA sense strand with the target mRNA.
For the optimal alignment output, we considered the targets
that have (1) perfect match with the nucleotides 2–8 (for 7-
mer (m8) seed) from the 3 end of the siRNA sense strand
and (2) one mismatch in the above said seed region but
perfect match with the nucleotides 13–19 from the 3 end of
the siRNA sense strand (3 compensatory rule).

Generation of Conservation Data. Genomewide conservation
data generated using multi 46-way alignment (for 46 verte-
brate species) was downloaded fromUCSC genome browser.
Genomic regions (within human genome) conserved within
human, chimp, mouse, rat, and dog are then extracted and
mapped within the coordinates of human mRNAs (down-
loaded fromUCSCgenome browser) to get the location of the
conserved regionswithin humanmRNAs. Conserved regions
of length 8 bases or more are only considered.

4.3.5. Dataset for Validation of Predicted Off-Targets. Dataset
for off-target transcript expression change after siRNA trans-
fection was collected from the study of Jackson et al. [7] The
Jackson dataset consists of mRNA expression change data
after siRNA transfection on HeLa cells for 8 different siRNAs
designed for 8 different genes and 19 sequence variants of a
single siRNA designed for the gene MAPK14 (GSE5814). The
data included genes that displayed a significant (𝑃 < 0.01)
difference in expression level relative to mock transfection
control.

Experimentally validated miRNA targets dataset in
human was collected from TarBase and miRecords. TarBase
and mRecords both store manually curated collection of
experimentally tested miRNA targets in human, mouse,
fruitfly, worm and zebrafish. The miRNA-targets those are
tested positive or negative are marked to distinguish between
them. Each positive target site is described by the miRNA
that binds it, the gene in which it occurs, the nature of the
experiments that were conducted to test it, the sufficiency
of the site to induce translational repression and/or cleavage,
and the paper from which all these data were extracted.

List of Abbreviations

siRNA: Small interfering RNA
HCS: High content screening
RNAi: RNA interference
shRNA: Short hairpin RNA
INSDC: International Nucleotide Sequence

Database Collaboration
BLAST: Basic Local Alignment Search Tool
miRNA: MicroRNA.
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Disclosure

The SeedSeq database version 1 is available in GenBank
format from RNAiAtlas (http://rnaiatlas.ethz.ch/index/seed-
seq).
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Knowing the submitochondrial location of a mitochondrial protein is an important step in understanding its function. We
developed a new method for predicting protein submitochondrial locations by introducing a new concept: positional specific
physicochemical properties.With the framework of general form pseudoamino acid compositions, ourmethod used only about 100
features to represent protein sequences, which is much simpler than the existing methods. On the dataset of SubMito, our method
achieved over 93% overall accuracy, with 98.60% for inner membrane, 93.90% for matrix, and 70.70% for outer membrane, which
are comparable to all state-of-the-art methods. As our method can be used as a general method to upgrade all pseudoamino-acid-
composition-based methods, it should be very useful in future studies. We implement our method as an online service: SubMito-
PSPCP.

1. Introduction

Mitochondrion is a type of membrane-enclosed subcellular
organelle that can be found in most eukaryotic cells [1].
It is involved in many biological processes, such as energy
metabolism, programmed cell death, and ionic homeostasis
[2]. Every mitochondrion can be divided into four sub-
compartments, including innermembrane, outer membrane,
intermembrane space, and the matrix. The proteins in mito-
chondria can vary in different tissues and organisms. For
example, humanmitochondriamay contain about 600 differ-
ent proteins [3], while over 900 proteins were found inmouse
mitochondria [4]. Mitochondria have been reported to be
related in several human diseases and may play an important
role in the aging process [5].

Computational identification of protein subcellular loca-
tions has become a challenge in the last decade. Recently,
the research in this area focused on four different topics: (1)
the prediction of multisites protein subcellular localization
[6–9]; (2) the prediction of protein sub-subcellular locations
[10], including the prediction of protein subnuclear locations,

submitochondrial locations, and subchloroplast locations; (3)
the prediction of topology-specific protein subcellular loca-
tions [11, 12]; and (4) the prediction of conditional mislocated
protein subcellular locations [13]. Several promising results
have been achieved in these four topics. Li et al. did a serial
of interesting work to predict multisites protein subcellular
localization by introducing themultilabel classificationmeth-
ods [14–16]. Lin et al. presented a serial of impressive results
in predicting protein submitochondrial and subchloroplast
locations [17, 18].They also achieved great success in applying
computational approaches in identifying Golgi-resident pro-
tein types as well as mycobacterial membrane protein types
[19, 20].

Over the last few years, several studies focused on report-
ing computational methods to predict protein submitochon-
drial locations. Du and Li started this topic by proposing
the SubMito system and the first benchmarking dataset [21].
Nanni and Lumini introduced a genetic-algorithm-based
method to select sequence-based protein descriptors [22]. Shi
et al. introduced the wavelet-SVM method to improve the
prediction performance [23]. Fan and Li proposed a hybrid
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method using six different types of descriptors with incre-
mental diversity algorithm as a feature selection procedure
[24]. Zakeri et al. employed anther hybridmethod to incorpo-
rate sequence-based descriptors, functional domain descrip-
tors, and secondary structure information [25]. Lin et al.
proposed to use the overrepresented tetrapeptides to predict
the protein submitochondrial locations [17]. All of these
methods improved the prediction accuracy on the same
benchmarking dataset [26, 27].

With the increment of prediction accuracy, the complex-
ity of algorithms and the dimensions of the feature vector to
represent the protein sequence are also increasing. Du and Li
started this topic by using 1080 dimensional vectors. Nanni
and Lumini created 15 artificial features by combining several
hundreds of different features. Shi et al. employed the discrete
wavelet transformation and summary statistics to reduce the
dimensions of features. Fan and Li introduced thousands of
original features and used incremental diversity algorithm
to reduce them to 613 dimensions. Zakeri et al. combined
over a thousand different features in their method. Lin et al.
used 160,000 original features and reduced them to 1302
dimensions using a confidence parameter. Except, SubMito,
all the state-of-the-artmethodswere using differentmachine-
learning-based algorithms to reduce the feature dimensions.
It seems that the key to improve the prediction performance
is to choose the right dimension reduction algorithms.

Although the dimension reduction algorithms are con-
solidated based on statistics and are supported well by the
underlyingmathematical theories, it is usually difficult to rea-
son the selected dimensions in a biological sense. We admit
that the dimension reduction algorithms are effective and
useful. It should be regarded as a powerful tool to improve the
prediction performance of bioinformatics predictors. How-
ever, in this paper, we would present a method that can pro-
duce comparable prediction performancewith only about 100
dimensions of features and without using any dimensional
reduction algorithm.

2. Materials and Methods

2.1. Datasets. There are several datasets existing for predict-
ing submitochondrial locations. These datasets are always
extracted from UniProt database with several filtering pro-
cedures. Since the methods, which were proposed along with
these datasets, may have different requirement to the dataset,
there are differences in the filtering procedures. In order
to reflect the most recent advances in the available data as
well as demonstrating the prediction power of the current
method, two datasets were adopted in the current study. One
dataset was directly extracted from themost recent version of
UniProt database, and the other is the SubMito dataset that
was published by Du and Li.

The procedures for filtering the raw data from UniProt
database are described as follows: First, the reviewed
sequences in the UniProt database, which are annotated
with subcellular location “mitochondrion,” were retrieved
using the UniProt online query and retrieval system. Sec-
ondly, the sequences were screened to ensure every sequence
has a uniquely annotated submitochondrial location among

Table 1: Summary of the dataset.

Submitochondrial locations Number of proteins
SML3-317 SML3-983

Inner membrane 131 661
Outer membrane 41 145
Matrix 145 177
Total 317 983

the four locations: mitochondrial inner membrane, mito-
chondrial outer membrane, mitochondrial matrix, and mito-
chondrial intermembrane space. Due to the limited number
of multi-sites submitochondrial proteins, we do not consider
them in the current study. Thirdly, the sequences which
are fragment of other proteins are excluded. The remaining
sequences are processed using the CD-HIT program to
remove the highly homologues sequences.The identity cutoff
was set to 40% in the CD-HIT program. Finally, the submi-
tochondrial locations, which contain less than 15 sequences,
were discarded. The remaining 983 sequences compose the
dataset of this study. Among the 983 sequences, there are 661
sequences from innermembrane, 177 sequences frommatrix,
and 145 sequences from outer membrane.We use this dataset
as the basis to train and test our method. This dataset was
denoted as the SML3-983 dataset in the current study.

The dataset of SubMito was also adopted as the basis for
comparing the performance of our method to other existing
methods, as all existing methods reported jackknife test
performance on this dataset. The SubMito dataset contains
317 protein sequences from 3 submitochondrial locations,
including 131 sequences from inner membrane, 41 sequences
from outer membrane and 145 sequences from matrix. The
pairwise sequence similarity in the dataset is lower than 40%.
This dataset was denoted by the SML3-317 dataset in the cur-
rent study.The summary of both datasets is shown in Table 1.

2.2. Sequence Representations. In order to improve the per-
formance in predicting protein subcellular localizations, one
of the keys is to represent the protein sequences with an
effective discrete numerical form, which is able to reflect
the intrinsic correlation with their localizations [28]. The
PseAACs (pseudoamino acid compositions) have been com-
monly used to represent protein sequences in predicting
their subcellular locations [29]. It is also extended recently
to represent nucleotide sequences as well [30]. The basic idea
of the PseAAC is to extract the sequence order information
with the autocorrelation coefficients of the protein sequence
if every residue on the protein sequence can be represented
with a number [31].The physicochemical properties of amino
acids, like hydrophobicity and hydrophilicity values, were
used for this purpose [32].

Biology is a natural science with historical dimensions.
In the evolution history, the mutations in DNA level may
produce the changes of single residues or insertion or deletion
of several residues on the protein sequences. However, the
function and the localization of the protein may remain
unchanged. Therefore, we should investigate a group of
evolutionary related protein sequences rather than a single
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protein sequence, which will make it easy to determine which
residues are relatively more important in preserving the
function and the localization of the protein. In recent years,
the PsePSSM (pseudopositional specific scoring matrix),
which applies the pseudoamino acid composition concept
on the PSSM (positional specific scoring matrix), was widely
applied in representing protein sequences [33–36].

Next, we propose a method that replaces the physico-
chemical properties in the PseAAC with the PSPCP (posi-
tional specific physicochemical properties), which can be
derived from the PSSM and the existing physicochemical
properties.

Let 𝑃 = 𝑅
1
𝑅
2
⋅ ⋅ ⋅ 𝑅
𝐿
be a protein sequence with length L,

where𝑅
1
,𝑅
2
,. . .,𝑅
𝐿
are the𝐿 residues on the protein sequence.

By searching 𝑃 against the SwissProt database using PSI-
BLAST program [37] with three iterations and 0.001 as the
e-value threshold, a PSSM can be produced as follows:

𝐸 (𝑃) =
[
[
[
[

[

𝐸
1→1
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... d

...
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]
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]
]

]

, (1)

where𝐸
𝑖→ 𝑗

is a score generated by the PSI-BLAST.This score
described the propensity of the 𝑖th residue on the protein
sequence that is being changed to the 𝑗th type of amino acid
during the evolutionary process.

Because of the PSSM generation process in PSI-BLAST,
this number can be either positive or negative. It can also
vary in a large range. In order to make every element in (1)
within the range [0, 1], a conversion was performed to create
a standardized matrix as follows:
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, (2)

where

𝐴
𝑖→ 𝑗

=
exp (𝐸

𝑖→ 𝑗
)

∑
20

𝑗=1

exp (𝐸
𝑖→ 𝑗

)
, 𝑖 = 1, 2, . . . , 𝐿; 𝑗 = 1, 2, . . . , 20.

(3)

Let𝐻(𝑟, 𝑗) be the 𝑟th physicochemical property of the 𝑗th
type of residue.Wenowuse the 𝑟th physicochemical property
to derive a PSPCP for 𝑅

𝑖
on the protein sequence 𝑃, as given

by

𝑑
𝑖,𝑟
(𝑃) =

20

∑
𝑗=1

𝐴
𝑖→ 𝑗

ℎ (𝑟, 𝑗) , (4)

where 𝑑
𝑖,𝑟
(𝑃) is the PSPCP derived from the 𝑟th physico-

chemical property for 𝑅
𝑖
and ℎ(𝑟, 𝑗) is the normalized 𝑟th

physicochemical property of the 𝑗th type of residues. It can
be computed as follows:

ℎ (𝑟, 𝑗) =
𝐻 (𝑟, 𝑗) − 𝑚 (𝑟)

𝑠 (𝑟)
, (5)

where
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2

.

(6)

We now use the PSPCP to replace the physicochemical
properties in the amphiphilic pseudoamino acid composi-
tions (AmPseAAC) [31]. We compute the following twenty
descriptors to replace the amino acid compositions in the
AmPseAAC:

𝑓
𝑗
(𝑃) =

1

𝐿

𝐿

∑
𝑖=1

𝐴
𝑖→ 𝑗

, 𝑗 = 1, 2, . . . , 20. (7)

The pseudofactor that describes the 𝑘th tier sequence-
order effect with the PSPCP, which is derived from the 𝑟th
physiochemical property, can be formulated as (8)

𝑢
𝑘,𝑟
(𝑃) =

1

𝐿 − 𝑘

𝐿−𝑘

∑
𝑖=1

𝑑
𝑖,𝑟
(𝑃) 𝑑
𝑖+𝑘,𝑟

(𝑃) . (8)

Given the parameters, 𝑤 and 𝜆, and 𝑅 types of physico-
chemical properties, we create 20+𝜆𝑅 descriptors for protein
𝑃 as follows:
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,

𝑛 = 20 + (𝑟 − 1) 𝜆 + 𝑘,

1 ≤ 𝑘 ≤ 𝜆, 1 ≤ 𝑟 ≤ 𝑅,

(9)

where 𝑤 should be in the range (0, 1) and 𝜆 can be a positive
integer less than the length of the shortest sequence in the
benchmarking dataset.

The protein 𝑃 can be represented as a 20 + 𝜆𝑅 dimension
vector as

Q (𝑃) = [𝑞
1
(𝑃) , 𝑞

2
(𝑃) , . . . , 𝑞

20+𝜆𝑅
(𝑃)]
𝑇

. (10)

When the PSSM is not available, 𝐴
𝑖→𝑅
𝑖

= 1 would be
assumed.Thewhole sequence representationwould automat-
ically degrade to AmPseAAC.

2.3. Prediction Algorithm. We use SVM (support vector
machine) as the prediction algorithm in this study. It searches
for an optimal separating hyperplane, which maximizes the
margin in feature space [38]. We used an RBF (radial basis
function) kernel in this study, as the RBF kernel is the most
flexible and the most widely used kernel function. The RBF
kernel function can be formulated as follows:

𝐾(Q (𝑃
𝑥
) ,Q (𝑃

𝑦
)) = exp (−𝛾Q (𝑃𝑥) −Q (𝑃

𝑦
)

2

) , (11)

where 𝛾 is a parameter, Q(𝑃
𝑥
) and Q(𝑃

𝑦
) are 20 + 𝜆𝑅

dimension vectors representing proteins 𝑃
𝑥
and 𝑃
𝑦
, and “| ⋅ |”

is the operator that computes the Euclidean length of a vector.
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2.4. Performance Evaluations. The jackknife test, which is
deemed to be the most objective and rigorous protocol for
evaluating predictive bioinformatics methods, was applied in
evaluating the performance of our method [39]. The follow-
ing summary statistics were used to measure the prediction
performance:

Acc
𝑠
=

TP
𝑠

TP
𝑠
+ FN
𝑠

, 𝑠 = 1, 2, 3,

MCC
𝑠

=
TP
𝑠
TN
𝑠
− FP
𝑠
FN
𝑠

√(TP
𝑠
+ FP
𝑠
) (TP
𝑠
+ FN
𝑠
) (TN

𝑠
+ FP
𝑠
) (TN

𝑠
+ FN
𝑠
)
,

𝑠 = 1, 2, 3,

ACC =
∑
3

𝑠=1

TP
𝑠

∑
3

𝑠=1

TP
𝑠
+ FN
𝑠

,

(12)

where Acc
𝑠
is the prediction accuracy for the 𝑠th location,

MCC
𝑠
is the Mathew’s correlation coefficient [40] for the

𝑠th location, ACC is the overall prediction accuracy, and
TP
𝑠
, TN
𝑠
, FP
𝑠
, and FN

𝑠
are the numbers of true positives,

true negatives, false positives, and false negatives of the 𝑠th
location in the jackknife test, respectively.

2.5. Parameter Calibrations. There are several parameters in
our method. The value of these parameters will affect the
prediction performance of our method. These parameters
were calibrated to optimize the jackknife test overall accuracy.
Nine different types of physicochemical properties, which
are the same as the SubMito method, were applied in this
method. These physicochemical properties can be found in
Table 2. The parameters 𝑤 and 𝜆 were selected by enumera-
tions. The parameter 𝑤 was enumerated in the range 0.05 to
1.0 with step 0.05. The parameter 𝜆 was enumerated in the
range 2 to 20 with step 1. Altogether, 380 combinations of 𝑤
and 𝜆 were tested. For every combination, a grid search was
carried out using LIBSVM software package [41] to optimize
the jackknife test performance by finding the best values of
the parameters 𝛾 and 𝐶, which are the cost parameters in
training SVMmodels.

3. Results and Discussions

3.1. Prediction Performance. The jackknife test on SML3-983
dataset was shown in Table 3. The optimal performance was
achieved when 𝑤 = 0.15, 𝜆 = 11, 𝛾 = 0.125, and 𝐶 = 8. The
optimal jackknife test performance on SML3-983 was 89.01%.

Since all existing methods reported their jackknife test
performance on SML3-317 dataset, we also optimized our
method on that dataset for a performance comparison. On
SML3-317 dataset, we achieved the best performance when
𝑤 = 0.15, 𝜆 = 9, 𝛾 = 0.125, and 𝐶 = 2. The optimal
performance of ourmethod on SML3-317was listed inTable 4
with the comparison to the other existing methods.

Table 2: Physicochemical properties used in this method.

AAIndex ID Property description
BULH740101 Transfer free energy to surface
EISD840101 Consensus normalized hydrophobicity
HOPT810101 Hydrophilicity value
RADA880108 Mean polarity
ZIMJ680104 Isoelectric point
MCMT640101 Refractivity
BHAR880101 Average flexibility indices
CHOC750101 Average volume of buried residue
COSI940101 Electron-ion interaction potential values

Table 3: Prediction performance on SML3-983 dataset.

Submitochondrial location ACC MCC
Inner membrane 95.46% 0.77
Outer membrane 77.93% 0.83
Matrix 74.01% 0.73
Overall 89.01%

On SML3-317 dataset, the overall prediction accuracy
of our method achieved over 93%, which is comparable to
all state-of-the-art methods. Obviously, some other methods
have achieved about 1% higher overall accuracy than our
method. Nevertheless, no existing method achieved better
prediction accuracy on all three submitochondrial locations.
It should also be noticed that our method achieved 98%
accuracy on the inner membrane class, which is higher
than SubIdent, MitoLoc, and Fan and Li’s method. The only
method that has higher prediction accuracy on the inner
membrane class is the TetraMito. However, TetraMito has
a lower MCC value on the inner membrane class, which
indicates that the 100% accuracy on the innermembrane class
may be on the cost of decreasing accuracy of the other
locations. As anticipated, TetraMito has only 66% prediction
accuracy on the outer membrane class with a similar MCC
value to ourmethod.The only drawback of our method is the
performance on matrix. The prediction accuracy is slightly
lower than existing methods. However, the MCC on matrix
location is still higher than most of the existing methods.
Therefore, it is fair to say that our method is comparable to all
state-of-the-art methods in predicting protein submitochon-
drial locations.

To further validate the performance of our method, we
carried out an independent dataset test. For both SML3-
983 and SML3-317 datasets, 80% sequences were randomly
selected as the training dataset. The predictor was trained
with these 80% sequences. The prediction performance was
estimated using the remaining 20% sequences. These proce-
dures were repeated 20 times for every dataset. The average
prediction performance and the standard deviation of the
accuracy were shown in Table 5. The independent dataset
test performance is similar to the jackknife test performance.
These results proved that the performance of ourmethod was
not overestimated.
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Table 4: Performance comparison on SML3-317 dataset.

Methods Inner membrane Matrix Outer membrane Overall
ACC MCC ACC MCC ACC MCC

SubMito [21] 85.50% 0.79 94.50% 0.77 51.20% 0.64 85.20%
GPLoc [22] 83.20% 0.80 97.20% 0.85 78.10% 0.77 89.00%
SubIdent [23] 91.60% 0.86 97.30% 0.79 82.90% 0.88 93.10%
Predict SubMito [26] 91.80% 0.79 96.40% 0.79 66.10% 0.63 89.70%
MitoLoc [25] 97.70% 0.94 99.00% 0.93 68.30% 0.81 94.70%
Fan and Li [24] 94.70% 0.91 99.30% 0.96 80.50% 0.84 94.90%
TetraMito [17] 100.00% 0.90 96.60% 0.95 65.90% 0.79 94.00%
This work 98.60% 0.92 93.90% 0.89 70.70% 0.79 93.10%

Table 5: Independent dataset test of the current method.

Dataset Average ACC Standard deviation of ACC
SML3-317 90.24% 3.27%
SML3-983 87.17% 1.81%
The values in this table are obtained by 20 times 20% independent dataset
test.

3.2. Advantages of PSPCP. In the method section, we have
already described how to generate the PSPCP features. We
will now discuss why we use (4) to define a replacement of
physicochemical properties in the PseAAC.

The protein functions, including its subcellular locations,
are largely determined by the physicochemical properties
of the residues on the sequence. However, not all residues
contribute to the protein functions equally. Some of the
residues are important, while others are not. In the evolu-
tionary process, the important residues tend to be conserved,
or at least can only vary to limited types that possess similar
physicochemical properties. But the unimportant residues
would not be conserved. Thus, we can assume that all unim-
portant residues would have similar replacement propensity
patterns in the evolutionary history. Although it is difficult to
figure out which residue is important and which is not, based
on our assumption, the average physicochemical properties
in the evolution history would be similar for all unimportant
residues. Thus, if we compute the average physicochemical
properties in the evolution history, the important residues
would possess physicochemical properties that are much
more different to those unimportant ones.This is why we use
PSPCP, which is the average physicochemical properties of all
residues in the evolution history, to replace the conventional
physicochemical properties in the PseAAC.

Developing novel methods for predicting protein sub-
mitochondrial locations is not only a race of prediction
performance. There are many different quality terms other
than prediction accuracy that can be used to describe how
good a prediction method is.There are twomajor advantages
of our method, the simpleness and the potential to improve
all existing PseAAC-based methods.

The feature vectors in all state-of-the-art methods usually
have several hundreds to over a thousand dimensions, which
is a number much larger than the number of the samples in
the benchmarking dataset. In the general concept of machine
learning, a feature vector with lower dimensions is usually

preferred when a similar performance can be achieved when
other conditions are the same. Our method uses only about
100 dimensions feature vectors, which is lower in dimension
than all existing methods except SubIdent.

Our method also has the potential to improve all existing
PseAAC-based methods. Actually, the current method only
replaces the physicochemical properties in the SubMito
method with the PSPCP, which is derived from the same
physicochemical properties in SubMito and the PSSM infor-
mation.This simple replacement resulted in 8% performance
improvement, which proved that the PSSM information is
very useful in classifying protein sequences. Our method
also gives a simple and effective way on how to integrate the
PSSM information into all existing PseAAC-based methods.
PsePSSM, which only extracts the information from PSSM,
has achieved great success. Therefore, it can be anticipated
that our method, which integrates PSSMwithin the PseAAC,
could start a new way to utilize PSSM information more
efficiently.

As pointed out by TetraMito, the GO-based methods
usually achieve better performances, like Fan and Li’s work.
There is no doubt that GO-based methods are very useful in
computationally determining protein subcellular locations.
In the view of a user, today’s GO-based methods require
the same input as the sequence-based ab initio methods and
provide a better result, which is very promising in practical
studies. However, this cannot conceal the following fact.
When a protein sequence was given to predict its locations,
the performance of GO-based methods relies on whether
similar sequences of the given sequence can be found in
the UniProtKB database. Therefore, almost every existing
GO-basedmethod tried to incorporate some sequence-based
information as its complement. Our method provides a
perfect complement to the GO-based methods, as all GO-
based methods, which used to incorporate PseAAC as the
complement, can now be upgraded to use PSPCP within
PseAAC. Actually, these methods can work side by side to
help each other in a practical study.

3.3. Software Availability. We have developed an online
service called SubMito-PSPCP. This service can be accessed
using the following URL: http://www.pufengdu.org/srv/
bioinfo/submito-pspcp/. The datasets SML3-983 and SML3-
317 can both be downloaded from the “download” page of this
service.
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4. Conclusions

We developed a computational method that can predict
the protein submitochondrial locations. We proposed the
positional specific physicochemical properties concept and
used this concept along with the pseudoamino acid compo-
sitions to generate protein descriptors. With only about 100
dimensions of the descriptors, we achieved comparable pre-
diction performance to those methods using over a thousand
descriptors.We hope thismethod can be an alternative choice
in predicting protein submitochondrial locations.

Acknowledgments

This work was supported by the National Science Founda-
tion of China (NSFC 61005041), Specialized Research Fund
for the Doctoral Program of Higher Education (SRFDP
20100032120039), Tianjin Natural Science Foundation (no.
12JCQNJC02300), China Postdoctoral Science Foundation
(2012T50240 and 2013M530114), and the Seed Foundation of
Tianjin University (nos. 60302006 and 60302024).

References

[1] K. Henze and W. Martin, “Evolutionary biology: essence of
mitochondri,” Nature, vol. 426, no. 6963, pp. 127–128, 2003.

[2] H. M. McBride, M. Neuspiel, and S. Wasiak, “Mitochondria:
more than just a powerhouse,” Current Biology, vol. 16, no. 14,
pp. R551–R560, 2006.

[3] S. W. Taylor, E. Fahy, B. Zhang et al., “Characterization of the
human heart mitochondrial proteome,” Nature Biotechnology,
vol. 21, no. 3, pp. 281–286, 2003.

[4] J. Zhang, X. Li, M. Mueller et al., “Systematic characterization
of the murine mitochondrial proteome using functionally
validated cardiac mitochondria,” Proteomics, vol. 8, no. 8, pp.
1564–1575, 2008.

[5] E. J. Lesnefsky, S. Moghaddas, B. Tandler, J. Kerner, and
C. L. Hoppel, “Mitochondrial dysfunction in cardiac disease:
ischemia—reperfusion, aging, and heart failure,” Journal of
Molecular and Cellular Cardiology, vol. 33, no. 6, pp. 1065–1089,
2001.

[6] Z.-C. Wu, X. Xiao, and K.-C. Chou, “ILoc-Plant: a multi-
label classifier for predicting the subcellular localization of
plant proteins with both single and multiple sites,” Molecular
Biosystems, vol. 7, no. 12, pp. 3287–3297, 2011.

[7] P. Du and C. Xu, “Predicting multisite protein subcellular loca-
tions: progress and challenges,”Expert Review of Proteomics, vol.
10, no. 3, pp. 227–237, 2013.

[8] K.-C. Chou, “Some remarks on predictingmulti-label attributes
inmolecular biosystems,”Molecular BioSystems, vol. 9, no. 6, pp.
1092–1100, 2013.

[9] L. Li, Y. Zhang, L. Zou et al., “An ensemble classifier for
eukaryotic protein subcellular location prediction using gene
ontology categories and amino acid hydrophobicity,” PLoS
ONE, vol. 7, no. 1, Article ID e31057, 2012.

[10] P. Du, T. Li, andX.Wang, “Recent progress in predicting protein
sub-subcellular locations,” Expert Review of Proteomics, vol. 8,
no. 3, pp. 391–404, 2011.

[11] A. Pierleoni, P. L. Martelli, and R. Casadio, “MemLoci: predict-
ing subcellular localization of membrane proteins in eukary-
otes,” Bioinformatics, vol. 27, no. 9, pp. 1224–1230, 2011.

[12] P. Du, Y. Tian, and Y. Yan, “Subcellular localization prediction
for human internal and organelle membrane proteins with
projected gene ontology scores,” Journal of Theoretical Biology,
vol. 313, pp. 61–67, 2012.

[13] K. Lee, K. Byun, W. Hong et al., “Proteome-wide discovery of
mislocated proteins in cancer,” Genome Research, 2013.

[14] G.-Z. Li, X.Wang, X. Hu, J.-M. Liu, and R.-W. Zhao, “Multilabel
learning for protein subcellular location prediction. Ieee Trans,”
Nanobioscience, vol. 11, no. 3, pp. 237–243, 2012.

[15] X. Wang, G.-Z. Li, and W.-C. Lu, “Virus-ECC-mPLoc: a multi-
label predictor for predicting the subcellular localization of
virus proteins with both single and multiple sites based on
a general form of Chou’s pseudo amino acid composition,”
Protein & Peptide Letters, vol. 20, no. 3, pp. 309–317, 2013.

[16] X. Wang and G.-Z. Li, “A multi-label predictor for identifying
the subcellular locations of singleplex and multiplex eukaryotic
proteins,” PLos ONE, vol. 7, no. 5, Article ID e36317, 2012.

[17] H. Lin,W. Chen, L.-F. Yuan, Z.-Q. Li, andH. Ding, “Using over-
represented tetrapeptides to predict protein submitochondria
locations,” Acta Biotheoretica, vol. 61, no. 2, pp. 259–268, 2013.

[18] H. Lin, C. Ding, L.-F. Yuan et al., “Predicting subchloroplast
locations of proteins based on the general form of Chou’s
pseudo amino acid composition: approached from optimal
tripeptide composition,” International Journal of Biomathemat-
ics, vol. 6, no. 2, Article ID 1350003, 2013.

[19] C. Ding, L.-F. Yuan, S.-H. Guo, H. Lin, and W. Chen, “Iden-
tification of mycobacterial membrane proteins and their types
using over-represented tripeptide compositions,” Journal of
Proteomics, vol. 77, pp. 321–328, 2012.

[20] H. Ding, S.-H. Guo, E.-Z. Deng et al., “Prediction of Golgi-
resident protein types by using feature selection technique,”
Chemometrics and Intelligent Laboratory Systems, vol. 124, pp.
9–13, 2013.

[21] P. Du and Y. Li, “Prediction of protein submitochondria
locations by hybridizing pseudo-amino acid composition with
various physicochemical features of segmented sequence,”BMC
Bioinformatics, vol. 7, article 518, 2006.

[22] L. Nanni and A. Lumini, “Genetic programming for creating
Chou’s pseudo amino acid based features for submitochondria
localization,” Amino Acids, vol. 34, no. 4, pp. 653–660, 2008.

[23] S.-P. Shi, J.-D. Qiu, X.-Y. Sun et al., “Identify submitochondria
and subchloroplast locations with pseudo amino acid composi-
tion: approach from the strategy of discrete wavelet transform
feature extraction,” Biochimica et Biophysica Acta, vol. 1813, no.
3, pp. 424–430, 2011.

[24] G.-L. Fan and Q.-Z. Li, “Predicting protein submitochondria
locations by combining different descriptors into the general
form of Chou’s pseudo amino acid composition,” Amino Acids,
vol. 43, no. 2, pp. 545–555, 2012.

[25] P. Zakeri, B. Moshiri, and M. Sadeghi, “Prediction of protein
submitochondria locations based on data fusion of various
features of sequences,” Journal of Theoretical Biology, vol. 269,
no. 1, pp. 208–216, 2011.

[26] Y. Zeng, Y. Guo, R. Xiao, L. Yang, L. Yu, and M. Li, “Using
the augmented Chou’s pseudo amino acid composition for
predicting protein submitochondria locations based on auto
covariance approach,” Journal of Theoretical Biology, vol. 259,
no. 2, pp. 366–372, 2009.

[27] S.Mei, “Multi-kernel transfer learning based onChou’s PseAAC
formulation for protein submitochondria localization,” Journal
of Theoretical Biology, vol. 293, pp. 121–130, 2012.



BioMed Research International 7

[28] K.-C. Chou, “Pseudo amino acid composition and its appli-
cations in bioinformatics, proteomics and system biology,”
Current Proteomics, vol. 6, no. 4, pp. 262–274, 2009.

[29] K.-C. Chou, “Some remarks on protein attribute prediction and
pseudo amino acid composition,” Journal ofTheoretical Biology,
vol. 273, no. 1, pp. 236–247, 2011.

[30] W.Chen, P.-M. Feng,H. Lin, andK.-C.Chou, “iRSpot-PseDNC:
identify recombination spots with pseudo dinucleotide compo-
sition,” Nucleic Acids Research, vol. 41, no. 6, article e68, 2013.

[31] K.-C. Chou, “Using amphiphilic pseudo amino acid composi-
tion to predict enzyme subfamily classes,” Bioinformatics, vol.
21, no. 1, pp. 10–19, 2005.

[32] K.-C. Chou, “Prediction of protein cellular attributes using
pseudo-amino acid composition,” Proteins, vol. 43, no. 3, pp.
246–255, 2001.

[33] W.-Z. Lin, J.-A. Fang, X. Xiao, and K.-C. Chou, “iLoc-Animal:
a multi-label learning classifier for predicting subcellular local-
ization of animal proteins,” Molecular BioSystems, vol. 9, no. 4,
pp. 634–644, 2013.

[34] K.-C. Chou, Z.-C. Wu, and X. Xiao, “iLoc-Euk: a multi-label
classifier for predicting the subcellular localization of singleplex
and multiplex eukaryotic proteins,” PLoS ONE, vol. 6, no. 3,
Article ID e18258, 2011.

[35] K.-C. Chou, Z.-C. Wu, and X. Xiao, “ILoc-Hum: using the
accumulation-label scale to predict subcellular locations of
human proteins with both single and multiple sites,”Molecular
BioSystems, vol. 8, no. 2, pp. 629–641, 2012.

[36] H.-B. Shen and K.-C. Chou, “Nuc-PLoc: a new web-server
for predicting protein subnuclear localization by fusing PseAA
composition and PsePSSM,” Protein Engineering, Design and
Selection, vol. 20, no. 11, pp. 561–567, 2007.

[37] S. F. Altschul, T. L. Madden, A. A. Schäffer et al., “Gapped
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Biology is meaningful and important to identify cytokines and investigate their various functions and biochemical mechanisms.
However, several issues remain, including the large scale of benchmark datasets, serious imbalance of data, and discovery of new
gene families. In this paper, we employ themachine learning approach based on a novel ensemble classifier to predict cytokines.We
directly selected amino acids sequences as research objects. First, we pretreated the benchmark data accurately. Next, we analyzed
the physicochemical properties and distribution of whole amino acids and then extracted a group of 120-dimensional (120D)
valid features to represent sequences. Third, in the view of the serious imbalance in benchmark datasets, we utilized a sampling
approach based on the synthetic minority oversampling technique algorithm and K-means clustering undersampling algorithm to
rebuild the training set. Finally, we built a library for dynamic selection and circulating combination based on clustering (LibD3C)
and employed the new training set to realize cytokine classification. Experiments showed that the geometric mean of sensitivity
and specificity obtained through our approach is as high as 93.3%, which proves that our approach is effective for identifying
cytokines.

1. Introduction

Cytokines are proteins or micromolecular polypeptides
mainly secreted by immune cells. They play an important
regulatory role in many cellular activities, such as growth,
differentiation, and interactions between cells. Research on
cytokine identification and classification has important theo-
retical and practical significance that may assist in the eluci-
dation of immune regulatory mechanisms at the molecular
level and contribute to disease prevention, diagnosis, and
treatment.The classification and identification of proteins are
of great importance in the postgenomic era. Since the 1990s,
with the evolution of the human genome project, studies
on biological information excavation have developed rapidly,
and large numbers of protein sequences have been obtained.
The scale of original bioinformatics data has grown rapidly
and continues to double every ten months [1]. At present,
protein classification is based mostly on their structures and

functions in molecular biology [2]; thus, more informa-
tion on protein classification and prediction is necessary.
Cytokines are a type of proteins produced by immunocytes or
related cells that regulate the functions of certain cells. They
play important roles in many physiological activities. Only
through accurate classification and recognition to the original
sequences of cytokines can the structure and functions of
unknown types of cytokines be understood. Such informa-
tion will contribute to future endeavors to detect the nature
of diseases at the molecular level and prevent, diagnose, and
treat human diseases.

The major biological laboratories in the world have pre-
dicted the classification of all kinds of genes, protein struc-
tures, and their functions by artificial experiments. The basic
method used to identify cytokines involves obtaining their
sequence structures and functions by manual prediction [1],
which can yield small-scale data. However, this approach
is inappropriate when the data is large. Several methods
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for cytokines identification have emerged over the last two
decades. These methods include (1) hidden Markov model
(HMM) [3, 4] and artificial neutral network (ANN) [5–7],
which is based on statistical learning theory but presents
significant limitations for finite sample processing; (2) Basic
Local Alignment Search Tool (BLAST) [8] and FASTA [9, 10],
which are approaches that utilize sequence alignments based
on similarity but can only effectively identify and classify
the sequences of homologous structures; (3) CTKPred, a
method proposed by Huang in 2005 [11] based on support
vector machine (SVM); this method extracts the dipeptide
composition properties of cytokines and shows improved
prediction accuracy; and (4) CytoPred, a method proposed
by Lata [12] at the beginning of 2008 based on the PSI-BLAST;
while this method yields favorable results, it is also unstable
because it relies heavily on samples, and different samples
may yield different performance.

In our approach, we selected amino acids composed
of cytokines as research objects. We obtained benchmark
datasets from the PFAM [13] database and deleted simi-
lar and redundant sequences. We then extracted a group
of valid 120-dimensional (120D) features to represent the
protein sequences of cytokines. These 120D features are
the distribution features of amino acid (AA) with certain
physicochemical properties [14], including hydrophobicity,
normalized Van der Waals volume, polarity, polarizability,
change, surface tension, secondary structure (SS), and sol-
vent accessibility. Because the sequence numbers of positive
(cytokines) and negative instances are extremely imbalanced
(the number of negative instances is 84 times the number of
positive instances), we utilized a sampling approach based on
𝐾-means clustering the undersampling algorithm [15] and
the synthetic minority oversampling technique (SMOTE)
oversampling algorithm [16]. We built a library for dynamic
selection and circulating combination based on clustering
(LibD3C) on the rebuilt training sets to realize cytokine
classification. We achieved a success rate of 93.3%, which is
higher than the result obtained using Cai’s approach [17].
Cai et al. utilized 188D features of the AA composition,
such as content, distribution, and bivalent frequency. The
experiments prove that our approach effectively achieves
cytokine identification.

Our work shows improved prediction accuracy for large-
scale data and extends the prediction range of cytokine
families. Compared with prior studies, we not only focused
on features extraction but also extended our work to four
aspects: accurate pretreatment of the benchmark data, extrac-
tion of multidimensional feature vectors [18], rebuilding
training sets through the oversampling and undersampling
approaches, and adoption of a novel ensemble classifier.

2. Methods

We developed several procedures to achieve cytokine identi-
fication and classification.

2.1. Data. Cytokine identification refers to the process of
determining whether a protein is a cytokine or not. This
classification process divides proteins into two categories,

cytokines and non cytokines, which are positive and negative
instances, respectively.

Due to the low number of cytokines currently available,
building a representative and nonredundant negative set is
very important.We chose the protein family database (PFAM
[13]) based on structural information as the data source and
built a negative dataset according to two principles: (1) every
negative instance comes from different protein families and is
the longest one in its family, and (2) negative instances from
positive families cannot be selected.

We downloaded 16245 cytokines from the UniProt (Uni-
versal Protein, release 2012 09) [19–21] database website
(http://www.uniprot.org/uniprot/) and obtained the family
numbers of these cytokines. We removed duplicate numbers
and extracted the longest cytokine sequences of their families
corresponding to the non-duplicate numbers from PFAM.
We obtained 126 representative cytokines as the positive set.

We then excluded positive protein families (126) from
the PFAM database (10714) and obtained 10588 negative
protein families. We extracted the longest sequences from
the negative protein families and obtained 10588 negative
instances as the negative set. Positive and negative instances
constitute the original imbalanced dataset.

2.2. Features Extraction. The developmental direction of
protein classification is the extraction of the characteristic
properties of protein sequences and determination of the
relationships between positions and structural functions
in original sequence mode using appropriate mathematical
tools. We extracted a group of 120 valid features to represent
the protein sequence based on the distribution of AAs with
certain physicochemical properties [22]. We adopted 𝑆 =
𝑅
1
𝑅
2
𝑅
3
. . . 𝑅
𝐿
to represent a protein sequence, where 𝑅

𝑖

represents the amino acid in position 𝑖 and 𝐿 represents the
sequence length, in other words, the number of amino acids.
Twenty amino acids are expressed as

𝐴𝐴={𝐴, 𝐶,𝐷, 𝐸, 𝐹, 𝐺,𝐻, 𝐼, 𝐾, 𝐿,𝑀,𝑁, 𝑃, 𝑄, 𝑅, 𝑆, 𝑇, 𝑉,𝑊, 𝑌}.
(1)

2.2.1. Algorithm Based on AA Composition. The algorithm
based on AA composition [23] has been previously formu-
lated. By calculating the frequencies of 20 amino acids in the
protein sequence and using these frequencies to represent
a specific protein sequence, each sequence becomes a 20D
vector after features conversion:

(V
1
, V
2
, V
3
, . . . , V

20
)
𝑇

= (
𝑛
1

𝐿
,
𝑛
2

𝐿
,
𝑛
3

𝐿
, . . . ,

𝑛
20

𝐿
) , (2)

where 𝑛
𝑖
(𝑖 = 1, 2, 3, . . . , 20) represents the quantity of an AA

in the protein sequence. Obviously,∑20
𝑖=1

V
𝑖
= 1.

2.2.2. AlgorithmBased on the Distribution of AAs with Certain
Physicochemical Properties. The nature of AAs is determined
by their side chains, and these side chains vary in shape,
charge, and hydrophobicity. AAs sequences thus have dif-
ferent structural features and physiological functions. Based
on this perspective, we employed eight physicochemical
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Figure 1: Division of amino acids into 3 different groups by different physicochemical properties.

properties [24–29] of AAs such as SS, solvent accessibility,
normalized Van der Waals volume, hydrophobicity, change,
polarizability, polarity, and surface tension.The eight physic-
ochemical properties and the basis for their division are
shown in Figure 1.

We calculated the characteristic value of the distribution
of AAs with certain physicochemical properties [29] (𝐷).
Using SS [26] as an example.

To the AAs of EALMQKRH group, making the posi-
tion of the first, 25%, 50%, 75%, and 100% of AAs
chain represented by 𝑝

11
, 𝑝
12
, . . . , 𝑝

15
, respectively, and the

lengths from 𝑝
11
, 𝑝
12
, . . . , 𝑝

15
to the head of this pro-

tein sequence are 𝐷𝑆𝑆
11
, 𝐷𝑆𝑆
12
, . . . , 𝐷𝑆𝑆

15
, respectively. We

can calculate similar parameters of two other AA SS
as 𝐷𝑆𝑆

21
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can then be represented as
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. (3)

Thus, 15d feature vectors may be extracted from the
SS property. We can extract 120D feature vectors after the
eight physicochemical properties are analyzed. This process
is presented in Figure 2.

Input protein sequence

Protein physicochemical
properties

Secondary structure

AA
distribution

AA
distribution

Hydrophobicity· · ·

· · ·

· · ·

· · ·

· · ·

· · ·

· · ·
· · ·

DSS11 DSS11DSS35 DSS35

Output feature
vectors

�1 �15 �106 �120

Figure 2: Extraction process of the 120-dimensional (120D) feature
vectors (v).

In 2003, Cai et al. [17] established a method of features
extraction based on the composition and distribution of
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amino acids combined with their physicochemical proper-
ties. A total of 188D features were extracted, including the
120D features we used in this paper (3), 20D features of AA
compositions (2), 24d features based on the contents of AAs
with certain physicochemical properties (4), and 24d features
of bivalent frequency (5) based on the eight physicochemical
properties described above. We will demonstrate that the
effectiveness of our 120D features is superior to that of the
188D combined features throughmultiple sets of experiments
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2.3. Sampling. Random sampling may miss samples with
strong feature prediction capability. To compensate for this
shortcoming, we applied the undersampling approach using
𝐾-means clustering [15]. To avoid extremely sparse numbers
of samples in the datasets by undersampling, we gener-
ated samples artificially using the SMOTE algorithm [16]
to increase the size of the minimum class. The ensemble
algorithm of undersampling combined with oversampling
not only avoids producing excessive noise but also solves the
problem of sample shortage.

The SMOTE oversampling algorithm and 𝐾-means
undersampling algorithm are illustrated in Algorithms 1 and
2, respectively.

The distances between samples and clustering centroids
were measured using the square of the Euclidean distance

𝑑 =
𝑥𝑝 − 𝜇𝑖

 , 𝑝 = 1, 2, . . . , 𝑛; 𝑖 = 1, 2, . . . , 𝜆
𝑛
, (6)

where 𝑥
𝑝
represents clustering samples and 𝜇

𝑖
represents

clustering centroids.
The process of undersampling by 𝐾-means clustering is

illustrated in Figure 3.
𝐾-means clustering is simple and rapid. Its time complex-

ity is 𝑂 (𝑛𝑘𝑡), and 𝑛, 𝑘, and 𝑡 represent the negative sample
size, initial negative cluster size, and iteration, respectively.
The initial parameters directly influence the time perfor-
mance of clustering, and the effective parameters significantly
reduce the iterations.

To solve the problems of missing samples and introduc-
ing noise through the ensemble algorithm, we considered
oversampling and undersampling to achieve balance. The
ensemble algorithm is illustrated in Algorithm 3.

2.4. Ensemble Classifier. Ensemble classification is a method
used to combine various basic classifiers that each has
independent decision-making ability. Generally speaking,
the prediction ability of an ensemble classifier is superior to
that of a single classifier because the former can address the
diversities produced by the latter more efficiently when faced
with different problems [30]. According to the principle that
the effect of the ensemble classifier is closer to the globally
optimal solution than that of the single classifier, we further
improved the prediction accuracy of our proposed technique
by increasing the diversity of basic classifiers.

We adopted the 𝐾-means algorithm [31] to cluster all
classification results of basic classifiers, and the diversity
of basic classifiers selected from each category was further
improved. Classifiers were selected through a circulating
combined dynamic selective strategy (Circulatory Ensemble
Forward Selection, CEFS), and voted for the last result. The
classifier architecture is illustrated in Figure 4.

We utilized 18 basic classifiers to create the training set.
The basic classifiers utilized in this study are sequential min-
imal optimization (SMO), support vector machine (SVM),
logistic regression, Instance-based 1 (IB1), Instance-based 5
(IB5), instance-based 10 (IB10), decision table, conjunctive
rule, one rule (one 𝑅), simple cart, JRip, Zero 𝑅, random tree,
näıve Bayes, random forest (RF), decision stump, J48, and
functional trees (FT), which are labeled as 𝐶

1
, 𝐶
2
, . . . , 𝐶

18
,

respectively. These basic classifiers were applied to the train-
ing set independently, and the training results are represented
as

𝑅
𝑖𝑗
= {0, 1} ; 𝑖 = 1, 2, . . . , 18; 𝑗 = 1, 2, . . . , 𝑚, (7)

where𝑚 is the number of training samples.
If 𝑅
𝑖𝑗
= 0, the sample 𝑗 is classified wrongly by classifier

𝑖; otherwise, it is correct. Figure 4 shows the results matrix
obtained using the𝐾-means clustering algorithm.

We used 𝐾 = 9 as the initial number of clustering
centroids in the 𝐾-means algorithm. These centroids were
divided into nine groups based on the training results of basic
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classifiers. The basic classifiers with the best performance
in each cluster were sorted in descending order according
to their classification accuracy to form a set of selected
classifiers.

The classifier combination was processed continuously
with the circulating combination methodology to further
optimize its effects. We set up a new variable CC (chosen
classifier) to store the selected basic classifiers. In each
cycle, the CEFS algorithm was employed to basic classifiers
continuously to choose the best performing classifiers and
create classifiers combination with these classifiers abiding by
the vote rule. If the process results in a decline in diversity
and an increase in accuracy at the same time, the classifier
is added to the CC. This process is considered completed
once the accuracy obtained is superior to the initial goal. The
detailed algorithm description is illustrated in Figure 5.

The target accuracy, optimal accuracy, and step were
initialized to 1, 0, and 0.05, respectively. The diversity was set
to infinity, and the accuracy of classification and number of
selected basic classifiers were set to 0.

The ensemble classifier described in this section is highly
focused on the selection of basic classifiers. Through com-
prehensive application of various methods, we integrated
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Figure 5: Circulating combination of CEFS.

the most effective basic classifiers so as to optimize the clas-
sification results.

3. Experiments

We performed a series of experiments to confirm the effec-
tiveness of our method. First, we analyzed the effectiveness
of the extracted 120D feature vectors. Second, we showed
the performance of other sampling strategies and compared
findings with the performance of the ensemble classifier
we developed. Finally, we tested all known proteins and
determined 4151 cytokines. These experiments are discussed
in detail in this section.

3.1. Performance of Evaluation Standards. Sensitivity (SN)
(8), specificity (SP) (9), GM (10), and overall accuracy (ACC)
(11) are often used to evaluate the results of prediction or
classification in bioinformatics

SN =
TP

TP + FN
, (8)

SP = TN
TN + FP

, (9)

GM = √SN × SP, (10)

ACC = TP + TN
TP + TN + FP + FN

. (11)

These four parameters are recognized as reliablemeasures
for evaluating the performance ofmachine learningmethods.
TP, TN, FP, and FN represent true positive, true negative, false
positive, and false negative, respectively.

Due to the extreme imbalance of positive and negative
instances in this paper, the ACC value roughly equaled the SP
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(1) Input: small sample set 𝑆, over-sampling magnification𝑁;
(2) Output: the new small sample set 𝑆, sample number 𝑘;
(3) For each small class sample 𝑥, find 𝑦 nearest neighbors of the same kind with 𝑥;
(4) Choose𝑁 samples according to the magnification of over-sampling randomly, then do random linear interpolation between 𝑥

and each neighbor selected;

Algorithm 1: SMOTE over-sampling.

(1) Input: positive sample set 𝑆, negative sample set 𝐵 (𝑆
 ≪ |𝐵|);

(2) Output: the new negative set 𝐵 (𝐵
 =

𝑆
);

(3) Calculate the number of samples in two sets, 𝑘 to 𝑆, 𝑛 to 𝐵;
(4) Select 𝜆𝑛 (𝜆 is defined as under-sampling ratio, 0 < 𝜆 < 1) samples randomly from set 𝐵 as initial clustering centroids, 𝜆 = 0.2 in

our paper;
(5) Repeat;
(6) Calculate distances (Euclidean Distance) of each sample to all the clustering centroids;
(7) Choose the nearest clustering centroids and add them to certain clusters;
(8) Find the new centroids of all the new clusters;
(9) Until each cluster stability;
(10) Define the final 𝜆𝑛 centroids as 𝐵;
(11) Output 𝐵.

Algorithm 2: Under-sampling applies 𝐾-means clustering.

(1) Input: small sample set 𝑆, big sample set 𝐵, the sample number of output sets 𝑘;
(2) Output: balanced sample set 𝑈 (𝑈 = 𝑆 + 𝐵, 𝑆

 =
𝐵
 = 𝑘);

(3) Extending 𝑆 to a new set 𝑆 that has 𝑘 samples according to SMOTE algorithm;
(4) Down sample set 𝐵 to a new set 𝐵 that has 𝑘 samples according to K-mean clustering;
(5) Output 𝑈.

Algorithm 3: Ensemble algorithm of under-sampling combined with over-sampling.

value (12). Hence, only SN, SP, and GM were adopted as
evaluation standards in our study

ACC = TP + TN
TP + TN + FP + FN

≈
TN

TN + FP
= SP. (12)

3.2. Performance of Sampling Strategies. The test dataset con-
sisted of 126 positive feature samples and 10588 negative
feature samples; thus, it may be considered extremely imbal-
anced. They are extracted by 120D feature extraction algo-
rithm in agreement with the one mentioned in Section 3.3.
After directly performing 10-fold cross-validation on the test
dataset without sampling by LibD3C classifier, we achieved
an SP value as high as 99.9% but an SN value as low as 0.80%
and a GM value of only 8.90%. The effect of that is even
worse than random sampling effect. We conducted SMOTE
oversampling on the positive set and 𝐾-means clustering
undersampling on the negative set.The rebuilt testing set was
balanced and contained 2019 positive feature samples and
1996 negative feature samples. The detailed algorithms refer
to Section 2.

SN, SP, and GM values of classification results obtained
from 10-fold cross-validation on the unsampled and sampled
datasets are illustrated in Figure 6.

Figure 6 shows that the effect of 10-fold cross-validation
on the sampled dataset is quite good. The values of SN, SP,
and GM reached 96.8%, 97.7%, and 97.2%, respectively, far
better than the training results of the unsampled dataset.
These results provide strong evidence that oversampling and
undersampling processes on the testing set are necessary.

3.3. Performance of 120D Feature Vectors. We extracted 120D
feature vectors of positive and negative instances based on the
distribution of AAs with certain physicochemical properties.
The validity was verified by Experiments 1 and 2.

Experiment 1. The sampled dataset with 120D feature was
trained, and the results of 10-fold cross-validation were
analyzed. The training model was saved as model

1
by Weka

(version 3.7.9). We calculated the SN, SP, and GM values of
model

1
and illustrated the results in Figure 7.

Experiment 2. The imbalanced test set was tested by model
1

achieved in Experiment 1, and the SN, SP, and GM values of
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Figure 6: Comparison of validation on sampled dataset and unsam-
pled dataset.

the test results were calculated. The findings are shown in
Figure 8.

The SN, SP and GM are 96.8%, 97.7%, and 97.2%, respec-
tively, as shown in Figure 7. In addition, testing on the imbal-
anced testing dataset by model

1
yielded favorable results,

with SN, SP, and GM values of 93.7%, 92.9%, and 93.3%,
respectively. These findings demonstrate that the classifica-
tion works well.

To demonstrate that the performance of the 120D features
we used is better than that of Cai’s 188D features [17] for
classifying cytokines, we conducted Experiments 3 and 4
and compared their effects. A comprehensive comparison of
results illustrated the superiority of our method for cytokine
identification.

Experiment 3. We used five training sets with different
properties by LibD3C. These sets included 120D, 20D, 24d
(content), 24d (bivalent frequency), and 188D feature vectors.
The method of obtaining 20D, 24d (content), and 24d (biva-
lent frequency) feature vectors is used to eliminate redundant
attributes from the 188D feature vectors and preserve the
required attributes utilizingWeka.The results were analyzed,
and the five training models were saved as model

1
, model

2
,

model
3
, model

4
, and model

5
. Model

1
to model

5
are shown in

Table 1. Five groups of SN, SP, and GM values corresponding
to the five training sets are shown in Figure 9. Five groups of
feature vectors are detailed Section 2.

Experiment 4. We tested the imbalanced testing dataset with
model

1
, model

2
, model

3
, model

4
, and model

5
in this order.

The SN, SP, andGMvalues of the five testing results are shown
in Figure 10.

The results show that the extraction method used in
Experiments 3 and 4 is effective.The performance of the 120D
feature vectors is better than that of the 188D feature vectors
for the classification of cytokines. Thus, the 120D feature
vectors are highly suitable for cytokine identification.

3.4. Performance of the Ensemble Classifier. To validate the
classification effect of LibD3C, we conducted eight exper-
iments (Experiments 5 to 12) using Weka (version 3.7.9).
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Figure 7: 10-fold cross-validation result of training set (120D
features).
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Figure 8: Testing results of original imbalanced testing set (120D
features).

Experiment 5 includes the training and testing processes
used in Experiments 1 and 2. The results of training and
testing are shown in Figures 7 and 8, respectively.

We chose 7 simple classifiers from 18 basic classifiers
from LibD3C for Experiments 6 to 12, which are similar to
Experiment 5. These simple classifiers included RF, Libsvm,
decision stump, SMO, naive Bayes, IB1, and J48, correspond-
ing to Experiments 6, 7, 8, 9, 10, 11, and 12, respectively.

The training model used for Experiment 5 was model
1
.

Training models of Experiments 6 to 12 were model
6
to

model
12
, respectively, as shown in Table 2.

The 10-fold cross-validation results of ensemble classifier
LibD3C and simple classifiers are shown in Figure 11.

SN, SP, and GM values of the testing results are shown in
Figure 12.

Figures 11 and 12 show the optimal performance of
LibD3C based on dynamic selection clustering and circulat-
ing combination.The training results of LibD3C were 96.8%,
97.7%, and 97.2%, respectively, and SN, SP, and GM values of
testing results reached 93.7%, 92.9%, and 93.3%, respectively.
Comparedwith other simple classifiers, LibD3Chas very high
and stable SN, SP, and GM values.

3.5. Comparison with Other Softwares. There are just few soft-
ware tools or web server available on line, which can predict
cytokines from protein primary sequences. We develop a
web server named CytoPre (Cytokine Prediction System)
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Figure 9: The comparison of 10-fold cross-validation results of five
training sets.
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Figure 10: The comparison of testing results.

and compare it with CTKPred [11] and CytoKey (http://www
.biomed.ecnu.edu.cn/CN/GPCR/Tools/BioAnalysistools/Cy-
toRAP/CytoKey.aspx).

CTKPred was proposed for identifying cytokine using
SVM. It extracted features from dipeptide composition and
compared with Pfam searching. It was proved that CTKPred
can outperform homologous searching, including HMM
alignment. The sensitivity, specificity, and accuracy can get
92.5%, 97.2%, and 95.3%. CytoKey added amino acid com-
position and length features and gets 93.4%, 97.5%, 95.9% as
sensitivity, specificity, and accuracy each.

We compared our CytoPre with CytoKey and CTKPred.
Experiments showed that our system can outperforms the
other two software, as shown in Figure 13, which suggested
that the 188D protein composition and physical chemical
properties features are more suitable for cytokine identifica-
tion. Furthermore, the ensemble classifier can work better
than single SVM.

3.6. Undiscovered Cytokines. We downloaded a total of
539616 protein sequences from the UniProt [19–21] database.
Our goal was to predict all cytokines from whole protein

99
.8

%

96
.8

%
98

.0
%

96
.9

%
96

.7
%

97
.2

%

97
.7

%

97
.4

%

94
.1

%

92
.4

%

91
.2

%

89
.2

%

86
.1

%

85
.6

%

83
.0

%

83
.6

%

83
.3

%

78
.5

%

LibD3C
RF

71
.7

%

Libsvm

70
.6

%

SMO
Decision stump

63
.5

%

62
.9

%

Adaboost M1

Naive bayes
IB1

54
.7

%

44
.5

%

100.0

90.0

80.0

70.0

60.0

50.0

40.0

Su
cc

es
s r

at
e (

%
)

SN SP GM

Figure 11: Performance comparison of 8 classifiers training on
training set.
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Figure 12: Performance comparison of 8 models testing on imbal-
anced testing set.

sequences utilizing our training model. We detected 4151
candidate cytokine sequences (about 0.77%) from 539616
proteins. Of the 4151 candidate sequences, 39 were annotated
as cytokines in UniProt. The other ones were done BLASTP
to the known 16245 cytokines. Out of 4151 sequences, 444
showed regions with over 90% similarity to known cytokines,
and another 697 sequences showed regions with over 50%
similarity. The BLAST results and related data are supplied
in the Supplementary Material (see Supplementary Mate-
rial available online at http://dx.doi.org/10.1155/2013/686090)
included in this paper.

Several conclusions may be made from the above exper-
iments. First, not all of the cytokines have similar primary
sequences. As well, BLAST is incapable of detecting all
of the cytokines. Machine learning methods are necessary
for detection. Finally, the experiments suggest that many
cytokines have yet to be discovered.

3.7. Discussion about the Experiments. Our preparatory
work aimed to identify positive and negative families from
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Table 1: Training models of five training sets.

Features Name of model Save model
120d Model1 LibD3C.model
20d Model2 RF.model
24d (content) Model3 Libsvm.model
24d (bivalent frequency) Model4 SMO.model
188d Model5 J48.model

Table 2: Training models of 8 classifiers.

classifier Name of model Save model
LibD3C Model1 LibD3C.model
RF Model6 RF.model
Libsvm Model7 Libsvm.model
SMO Model8 SMO.model
Decision stump Model9 Decision stump.model
Naive Bayes Model

10

Naive Bayes.model
IB1 Model

11

IB1.model
J48 Model

12

J48.model
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Figure 13: Performance comparison of 3 cytokine prediction sys-
tems.

the PFAM database. We then extracted the longest protein
sequence in each family. To establish an effective classification
model without deviation, we removed redundant sequences
based on a sequence consistency standard. We extracted
120D feature vectors of positive and negative sequences based
on the distribution of AAs with certain physicochemical
properties and further sampled these to set up a training set.
We then developed an ensemble classifier LibD3C to improve
the stability and accuracy of cytokine classification. Cytokine
identification was improved significantly in this paper in
terms of accuracy and precision.

A series of experiments demonstrated the effectiveness
of our method. We designed two group experiments to
compare our methods (120D features) with Cai’s (188D
various features). The training results of our methods by
LibD3C yielded SN = 96.8%, SP = 97.7%, and GM = 97.2%.

In addition, the testing results of our methods were SN =
93.7%, SP = 92.9%, and GM = 93.3%. Two experimental sets
of data generated by Cai’s are SN = 96.4%, SP = 96.4%, and
GM = 96.4%; SN = 92.9%, SP = 92.9%, and GM = 92.1%.
The experimental results demonstrate that our method is
superior to Cai’s method in terms of classification validity
because the hybrid approachmay increase the weight of some
information content and it is not conducive to all kinds of
feature information extraction.

To prove that sampling has a significant influence on
classification accuracy, we trained two groups of datasets by
LibD3C. The first group used the test dataset (126 positive
instances and 10588 negative instances) without sampling,
while the second group used the rebuilding test dataset with
SMOTE oversampling and 𝐾-means clustering undersam-
pling, and they are extracted by 120D feature extraction
algorithm. Experimentally, sampling is necessary to obtain
good results.TheSMOTEand𝐾-means clustering algorithms
were applied to small class and big class datasets, respectively.
It avoids introducing excessive noise to the sampling set by
SMOTE and effectively solves the problem of sample sparsity
in the training set. In our approach, we employed a new type
of ensemble classifier called LibD3C [32], which is a library
for dynamic selection and circulating combination based
on clustering. The ensemble classifier contained 18 basic
classifiers and integrated some of these classifiers dynamically
according to different objects of classification. Our goal is
to achieve a classification result with the highest stability
and accuracy. We developed eight groups of experiments
to test the performance of LibD3C and conducted 10-fold
cross validation using the rebuilding training setwith LibD3C
and seven basic classifiers. The results showed that the
performance of the RT and Libsvm classifiers approached
that of the ensemble classifier LibD3C. However, considering
the sensitivity and specificity of the classifiers overall, LibD3C
has obvious advantages.

Finally, we tested all protein sequences (539616) obtained
from the UniProt database with the model trained through
the method described prev and obtained 4151 cytokines.
These cytokines are shown in the Supplementary Materials
in FASTA format.

4. Conclusions

As a new interdisciplinary technology in the bioinformatics
field, cytokine identification plays a very important role in
the study of human disease. Studies that aim to improve the
accuracy of cytokine prediction are of particular importance.
To systematically present our experimental results and
improve ease of use, we developed an online web server for
cytokine prediction. Users input protein sequences that need
to be predicted, and the server indicates which sequences are
cytokines and displays geometric mean (GM) values of pre-
diction. The results response to the HTML interface display
whether it is cytokine and the prediction probability. The
cytokine online prediction system can be accessed through
http://datamining.xmu.edu.cn/software/CytoPre. The web
site also provides related datasets and software for download.
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Developing control theory of gene regulatory networks is one of the significant topics in the field of systems biology, and it is
expected to apply the obtained results to gene therapy technologies in the future. In this paper, a control method using a Boolean
network (BN) is studied. A BN is widely used as a model of gene regulatory networks, and gene expression is expressed by a binary
value (0 or 1). In the control problem,we assume that the concentration level of a part of genes is arbitrarily determined as the control
input. However, there are cases that no gene satisfying this assumption exists, and it is important to consider structural control via
external stimuli. Furthermore, these controls are realized by multiple drugs, and it is also important to consider multiple effects
such as duration of effect and side effects. In this paper, we propose a BNmodel with two types of the control inputs and an optimal
control method with duration of drug effectiveness. First, a BN model and duration of drug effectiveness are discussed. Next, the
optimal control problem is formulated and is reduced to an integer linear programming problem. Finally, numerical simulations
are shown.

1. Introduction

In the field of systems biology, there have been a lot of
studies on modeling, analysis, and control of gene regulatory
networks. Especially, control of gene regulatory networks cor-
responds to therapeutic interventions, which are realized by
radiation, chemotherapy, and so on. In order to develop gene
therapy technologies (see, e.g., [1]) in the future, developing
control theory of gene regulatory networks is important.
Furthermore, in recent years, the important result on control
of gene regulatory networks has been obtained in [2]. That
is, feedback control of synthetic biological circuits has been
implemented, and the experimental result in which cellular
behavior is regulated by control has been obtained.This result
suggests that control methods of gene regulatory networks
can be realized.Motivated by the above background, we study
control methods of gene regulatory networks.

Gene regulatory networks are in general expressed by
ordinary/partial differential equations with high nonlinearity
and high dimensionality. In order to deal with such a system,
it is important to consider a simple model, and various
models such as Bayesian networks, Boolean networks (BNs)

[3], hybrid systems (piecewise affine models), and Petri nets
have been developed so far (see, e.g., [4] for further details).
In control problems, BNs and hybrid systems are frequently
used [5–8]. In the hybrid systems-based approach, the class
of gene regulatory networks are limited to low-dimensional
systems, because the computation time to solve the control
problem is too long. In a BN, dynamics such as interactions
between genes are expressed by the Boolean functions [3];
that is, gene expression is expressed by a binary value (0
or 1). There is a criticism that a Boolean network is too
simple as a model of gene regulatory networks (see, e.g.,
[9]), but this model can be relatively applied to large-scale
systems. In addition, since the behavior of gene regulatory
networks is stochastic by the effects of noise, it is appropriate
that a Boolean function is randomly decided at each time
among the candidates of the Boolean functions. From this
viewpoint, a probabilistic Boolean network (PBN) has been
proposed in [10]. Furthermore, a context-sensitive PBN (CS-
PBN) in which the deciding time is randomly selected has
been proposed as a general form of PBNs [11, 12].

Furthermore, in the control theory of gene regulatory
networks, the control input is given by the concentration level



2 BioMed Research International

of a part of genes; that is, we assume that the concentration
level of a part of genes can be arbitrarily determined. How-
ever, in the case where this assumption is not satisfied, it is
important to consider structural control via external stimuli
[13, 14]. These controls are realized by multiple drugs, and it
is also important to consider multiple effects such as duration
of effect and side effects [15]. To our knowledge, a unified
method considering these properties has not been proposed
so far.

Thus, in this paper, we propose a BNmodelwith two types
of the control inputs and an optimal control method with
duration of drug effectiveness. The first control input is the
control input satisfying the assumption that the binary value
is arbitrarily determined. The second control input is called
a structural control input herein, and the dynamics, that is,
the Boolean functions, are selected among the candidates of
the dynamics. However, it is difficult to uniquely select one
Boolean function. Hence, we suppose that one Boolean func-
tion is selected probabilistically, and the probability distribu-
tion is switched by using the structural control input. A struc-
tural control method has been discussed in [13, 14], but the
notion of the structural control input defined in this paper is
different from that in those existing methods. Since the pro-
posed BN model has a switch of the probability distribution,
it may be regarded as a generalized version of PBNs.

In optimal control of PBNs and CS-PBNs, many results
have been obtained so far (see, e.g., [11, 12, 16–21]). In many
existing results, state transition diagrams with 2𝑛 nodes (i.e.,
2𝑛 ×2𝑛 transition probability matrices) must be computed for
a PBN with 𝑛 states. As a result, in order to compute state
transition diagrams, several issues such asmemory consump-
tionmust be considered in implementation, and it is desirable
to directly use a given Boolean function. The authors have
proposed in [22] a control method in which state transition
diagrams are not computed. Inmany existing results, we con-
sider finding a control input such that the expected value of
the cost function is minimized. In [22], we consider finding a
control input such that the lower bound of the cost function
is minimized under a certain constraint condition. Owing to
this difference, state transition diagrams are not computed
in the method in [22], and the optimal control problem is
reduced to an integer linear programming (ILP) problem.
Also in [16], ILP-based methods were proposed for other
optimal control problems, and in those methods, solving
multiple ILP problems is required.

In this paper, based on our previously proposed method
[22], the optimal control problemwith duration of drug effec-
tiveness is reduced to an ILP problem. Since a given Boolean
function is directly used, duration of drug effectiveness can
be easily described as a linear inequality constraint. The
proposed method provides us with a basic in control theory
of gene regulatory networks. The conference paper [23] is a
preliminary version of this paper. In this paper, we provide
improved formulations and explanations, a discussion on
duration of drug effectiveness, and a numerical simulation
using the large-scale BN.

This paper is organized as follows. In Section 2.1, the
Boolean networks with two kinds of the control inputs are

proposed. In Section 2.2, duration of drug effectiveness is
introduced. In Section 2.3, the optimal control problem is
formulated. In Section 2.4, its solution method is proposed.
In Section 3, two numerical examples are presented. In
Section 4, we conclude this paper.

Notation. Let R denote the set of real numbers. Let {0, 1}𝑛

denote the set of 𝑛-dimensional vectors, which consists of
elements 0 and 1. Let 𝐼

𝑛
and 0

𝑚×𝑛
denote the 𝑛 × 𝑛 identity

matrix and the𝑚×𝑛 zero matrix, respectively. For simplicity,
we sometimes use the symbol 0 instead of 0

𝑚×𝑛
and and the

symbol 𝐼 instead of 𝐼
𝑛
. For a matrix 𝑀, ln𝑀 denotes the

matrix such that the (𝑖, 𝑗)th element is given as the natural
logarithm of the (𝑖, 𝑗)th element in 𝑀. For a matrix 𝑀, 𝑀𝑇
denotes the transpose of 𝑀.

2. Materials and Methods

2.1. The Boolean Networks with Control Inputs. A Boolean
network (BN) with 𝑛 states is given by

𝑥 (𝑘 + 1) = 𝑓
𝑎
(𝑥 (𝑘)) , (1)

where 𝑥 ∈ {0, 1}𝑛 is the state (e.g., the concentration of
genes) and 𝑘 = 0, 1, 2, . . . is the discrete time. The function
𝑓
𝑎

: {0, 1}𝑛 → {0, 1}𝑛 is a given Boolean function with
logical operators such as AND (∧), OR (∨), and NOT (¬).
If the BN (1) is deterministic, then the next state 𝑥(𝑘 + 1) is
uniquely determined for a given 𝑥(𝑘). See also Example 1 for
an example.

Next, the control inputs are added to a BN (1). For the BN
(1) with 𝑛 state, consider two types of the control inputs. First,
in a similar way to that of the conventional control method,
the control input is added to the BN (1) as follows:

𝑥 (𝑘 + 1) = 𝑓 (𝑥 (𝑘) , 𝑢 (𝑘)) , (2)

where 𝑢 ∈ {0, 1}𝑚 is the control input; that is, the value of
𝑢 (e.g., the concentration of genes) can be arbitrarily given,
and 𝑓 : {0, 1}𝑛 × {0, 1}𝑚 → {0, 1}𝑛 is a given Boolean
function. The 𝑖th element of the state 𝑥 and the 𝑖th element
of the control input 𝑢 are denoted by 𝑥

𝑖
and 𝑢

𝑖
, respectively.

In the BN (2), 𝑥(𝑘 + 1) is uniquely determined for the given
𝑥(𝑘) and 𝑢(𝑘).

Then, consider the structural control input. Suppose that
the candidates of 𝑓 are given by 𝑓

𝑖
, 𝑖 = 1, 2, . . . , 𝑙. It

will be difficult to select one Boolean function uniquely. In
this paper, we assume that one discrete probability distribu-
tion is selected among 𝑚

𝑠
discrete probability distributions.

Probabilistic distributions are derived from experimental
results, but details are one of the future works. Then, a
method for inferring a probabilistic Boolean network will be
useful (see, e.g., [24]). Let 𝑟

𝑖,𝑗
denote the probability that the

Boolean function 𝑓
𝑗
is selected in the 𝑖th discrete probability

distribution. Then,

𝑙

∑
𝑗=1

𝑟
𝑖,𝑗

= 1, 𝑖 = 1, 2, . . . , 𝑚
𝑠
, (3)
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Figure 1: A simplified model of an apoptosis network: activation
(solid) and inhibition (broken).

hold. In addition, 𝑚
𝑠
-dimensional binary variables 𝑢𝑠 ∈

{0, 1}𝑚𝑠 are assigned to 𝑚
𝑠
discrete probability distributions,

and let 𝑢𝑠
𝑖

denote the 𝑖th element of 𝑢𝑠. The structural control
input 𝑢𝑠 corresponds to 𝑚

𝑠
kinds of external stimuli. Then,

the equality constraint
𝑚
𝑠

∑
𝑖=1

𝑢𝑠
𝑖

(𝑘) = 1 (4)

is imposed. Here, we show a simple example.

Example 1. As a simple example, consider the simplified
model of an apoptosis network in Figure 1 [25]. Then, the
Boolean network model expressing this apoptosis network is
given by

𝑥
1
(𝑘 + 1) = ¬𝑥

2
(𝑘) ∧ 𝑢 (𝑘) ,

𝑥
2
(𝑘 + 1) = ¬𝑥

1
(𝑘) ∧ 𝑥

3
(𝑘) ,

𝑥
3
(𝑘 + 1) = 𝑥

2
(𝑘) ∨ 𝑢 (𝑘) ,

(5)

where the concentration level (high or low) of the inhibitor of
apoptosis proteins (IAPs) is denoted by 𝑥

1
, the concentration

level of the active caspase 3 (C3a) is denoted by 𝑥
2
, and

the concentration level of the active caspase 8 (C8a) is
denoted by 𝑥

3
. The concentration level of the tumor necrosis

factor (TNF, a stimulus) is denoted by 𝑢 and is regarded as
the control input. Since the caspase C3a is responsible for
cleaving or breaking many other proteins, a high level of the
C3a concentration, that is, 𝑥

2
= 1, implies cell near-death,

otherwise, cell survival. As seen in (5), if the concentration
of IAP is high (𝑥

1
= 1) or the concentration of the caspase

C8a is low (𝑥
3
= 0), then the concentration of C3a becomes

low; that is, 𝑥
2
= 0. On the other hand, 𝑥

1
and 𝑥

3
at the next

time depend on the value of 𝑥
2
as well as 𝑢. In this way, some

dynamical interactions exist. See [25, 26] for further details.
Suppose that 𝑙 = 2 and 𝑚

𝑠
= 2. Then, as an example

of the candidates of the Boolean functions, we consider the
following:

𝑓
1
= [

[

¬𝑥
2
(𝑘) ∧ 𝑢 (𝑘)

¬𝑥
1
(𝑘) ∧ 𝑥

3
(𝑘)

𝑥
2
(𝑘) ∨ 𝑢 (𝑘)

]

]

, 𝑟
1,1

= 0.8, 𝑟
2,1

= 0.1,

𝑓
2
= [

[

𝑥
1
(𝑘)

𝑥
2
(𝑘)

𝑥
3
(𝑘)

]

]

, 𝑟
1,2

= 0.2, 𝑟
2,2

= 0.9.

(6)

We suppose that the Boolean function 𝑓
1
expresses the

situation that the dynamics of an apoptosis network are
selected with high probability and that the Boolean function
𝑓
2
expresses the situation that the state is not changed with

high probability. By using 𝑢𝑠
1

and 𝑢𝑠
2

, one of the two discrete
probability distributions {𝑟

1,1
, 𝑟
1,2

} and {𝑟
2,1

, 𝑟
2,2

} is selected at
each time.

A BN with two types of the control inputs includes the
probabilistic behavior, and we assume that the probability
distribution can be controlled. From these facts, a BN studied
in this paper can be regarded as a generalized form of a
probabilistic Boolean network (PBN). To explain the relation
between the proposed BN model and a PBN, we show a
simple example.

Example 2. As a simple example, consider the PBN with
three states and one control input. Suppose that the Boolean
functions are given as follows:

𝑥
1
(𝑘 + 1) = {

𝑥
3
(𝑘) ∨ 𝑢 (𝑘) , with the probability 0.8,

¬𝑥
3
(𝑘) , with the probability 0.2,

𝑥
2
(𝑘 + 1) = 𝑥

1
(𝑘) ∧ ¬𝑥

3
(𝑘) ,with the probability 1.0,

𝑥
3
(𝑘 + 1) = {

𝑥
1
(𝑘) ∧ ¬𝑥

2
(𝑘) , with the probability 0.7,

𝑥
2
(𝑘) ∨ 𝑢 (𝑘) , with the probability 0.3.

(7)

This PBN corresponds to the cases of 𝑙 = 4 and 𝑚
𝑠
= 1. The

candidates of the Boolean functions 𝑓
𝑖
, 𝑖 = 1, 2, 3, 4, and the

probabilities 𝑟
1,𝑗
, 𝑗 = 1, 2, 3, 4, are obtained as follows:

𝑓
1
= [

[

𝑥
3
(𝑘) ∨ 𝑢 (𝑘)

𝑥
1
(𝑘) ∧ ¬𝑥

3
(𝑘)

𝑥
1
(𝑘) ∧ ¬𝑥

2
(𝑘)

]

]

, 𝑟
1,1

= 0.56,

𝑓
2
= [

[

𝑥
3
(𝑘) ∨ 𝑢 (𝑘)

𝑥
1
(𝑘) ∧ ¬𝑥

3
(𝑘)

𝑥
2
(𝑘) ∨ 𝑢 (𝑘)

]

]

, 𝑟
1,2

= 0.24,

𝑓
3
= [

[

¬𝑥
3
(𝑘)

𝑥
1
(𝑘) ∧ ¬𝑥

3
(𝑘)

𝑥
1
(𝑘) ∧ ¬𝑥

2
(𝑘)

]

]

, 𝑟
1,3

= 0.14,

𝑓
4
= [

[

¬𝑥
3
(𝑘)

𝑥
1
(𝑘) ∧ ¬𝑥

3
(𝑘)

𝑥
2
(𝑘) ∨ 𝑢 (𝑘)

]

]

, 𝑟
1,4

= 0.06.

(8)

Next, consider the state orbit of this PBN. In PBNs, one
Boolean function is probabilistically selected at each time.
Then, for 𝑥(0) = [0 0 0]

𝑇 and 𝑢(0) = 0, we obtain the
following:

Prob (𝑥 (1) = [0 0 0]
𝑇

| 𝑥 (0) = [0 0 0]
𝑇

) = 0.8,

Prob (𝑥 (1) = [1 0 0]
𝑇

| 𝑥 (0) = [0 0 0]
𝑇

) = 0.2.

(9)

In this example, the cardinality of the finite state set {0, 1}3 is
given by 23 = 8, and we obtain the state transition diagram of
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Figure 2: The state transition diagram with 𝑢(𝑘) = 0.

Figure 2 by computing the transition from each value of the
state. In Figure 2, the number assigned to each node denotes
𝑥
1
, 𝑥
2
, and 𝑥

3
(each element of the state), and the number

assigned to each arc denotes the transition probability from
some state to another state. For simplicity of illustration, the
state transitions from𝑥(𝑘) = [0 0 0]

𝑇, [0 0 1]
𝑇, [0 1 0]

𝑇,
[1 1 0]

𝑇 are illustrated in Figure 2. In the existing solution
methods for optimal control of PBNs, the optimal control
input is computed using dynamic programming with state
transition diagrams.

As shown in this example, computing state transition dia-
grams with 2𝑛 nodes (𝑛 is the number of the state) is required
in the existing solution methods for optimal control of PBNs
with 𝑛 states, and this computation is hard for large-scale
systems (see also Section 3.2). Thus, it is important to con-
sider a new solution method. In this paper, for BNs with two
types of the control inputs, a solution method using integer
programming is proposed based on our previously proposed
work in [22]. In the proposed method, computation of state
transition diagrams such as that in Figure 2 is not needed.

Remark 3. By adding the candidates of the Boolean func-
tions, BNs with two types of the control inputs can be
transformed into BNs with only the structural control input.
That is, the control input 𝑢 can be eliminated from (2) by
fixing the value of𝑢 in (2).Then, the number of the candidates
of Boolean functions is 2𝑚𝑙, and 2𝑚 combinations for 𝑢 must
be computed in advance. To avoid this computation, we
consider two types of the control inputs.

2.2. Duration of Drug Effectiveness. The control input 𝑢 and
the structural control input 𝑢𝑠 are realized by using multiple
drugs. Then, we must consider the multiple effects such as
duration of effect and the side effects. In this paper, we
focus on the duration of drug effectiveness. In, for example,
chemotherapy, therapeutic intervention is generally applied
to the target cell in a cyclic manner [15]. Each therapeutic
window is started by delivering the drug. The drug delivered

is effective on the target cell for some period of time. This
is followed by a recovery phase. However, when the drug is
not delivered, the drug may be delivered in the timing that
is faster than the next time in a cyclic [15]. Therefore, it is
necessary to model several situations on duration of drug
effectiveness. To model the duration of effect, three parame-
ters 𝐿

𝑢
𝑖

,𝑊1
𝑢
𝑖

, and𝑊0
𝑢
𝑖

are defined for each input 𝑢
𝑖
(or 𝑢𝑠
𝑖

).The
parameters 𝐿

𝑢
𝑖

and 𝑊1
𝑢
𝑖

have been already defined in [15].
The parameter 𝐿

𝑢
𝑖

is the length of the drug effectiveness
period. That is, if 𝑢

𝑖
(𝑘) = 1, then 𝑢

𝑖
(𝑘 + 1) = 𝑢

𝑖
(𝑘 + 2) = ⋅ ⋅ ⋅ =

𝑢
𝑖
(𝑘+𝐿

𝑢
𝑖

) = 1 holds. Next,𝑊1
𝑢
𝑖

(> 𝐿
𝑢
𝑖

) is explained. If 𝑢
𝑖
(𝑘) =

1, then 𝑢
𝑖
(𝑘+1), 𝑢

𝑖
(𝑘+2), . . . , 𝑢

𝑖
(𝑘 + 𝑊1

𝑢
𝑖

−1) is uniquely deter-
mined depending on𝐿

𝑢
𝑖

, and𝑢
𝑖
(𝑘+𝑊1

𝑢
𝑖

) is a decision variable.
Then, 𝑊1

𝑢
𝑖

− 𝐿
𝑢
𝑖

− 1 corresponds to the length of a recovery
phase. Finally, 𝑊0

𝑢
𝑖

is explained. If 𝑢
𝑖
(𝑘) = 0, then 𝑢

𝑖
(𝑘 + 1) =

𝑢
𝑖
(𝑘 + 2) = ⋅ ⋅ ⋅ = 𝑢

𝑖
(𝑘 + 𝑊0

𝑢
𝑖

− 1) = 0 holds, and 𝑢
𝑖
(𝑘 + 𝑊0

𝑢
𝑖

)

is a decision variable. By using 𝐿
𝑢
𝑖

,𝑊1
𝑢
𝑖

,𝑊0
𝑢
𝑖

, we can consider
several situations, and we show two typical examples.

Example 4. First, suppose that, for the control input 𝑢 ∈

{0, 1}1, 𝐿
𝑢
, 𝑊1
𝑢

, and 𝑊0
𝑢

are given as 𝐿
𝑢

= 1, 𝑊1
𝑢

= 3, and
𝑊0
𝑢

= 2, respectively. Consider the case of 𝑢(𝑘) = 1. Then,
𝑢(𝑘 + 1) and 𝑢(𝑘 + 2) are uniquely determined as 𝑢(𝑘 + 1) = 1
and 𝑢(𝑘 + 2) = 0, respectively, and 𝑢(𝑘 + 3) is a decision
variable. Then, 𝑢(𝑘 + 2) = 0 is the recovery phase, and
𝑊1
𝑢

− 𝐿
𝑢
− 1 = 1 is its length. In the case of 𝑢(𝑘) = 0, the

relation 𝑢(𝑘+1) = 0 holds, and 𝑢(𝑘+2) is a decision variable.
Another example is shown. Suppose that, for the control

input𝑢 ∈ {0, 1}1,𝐿
𝑢
,𝑊1
𝑢

, and𝑊0
𝑢

are given as𝐿
𝑢
= 0,𝑊1

𝑢

= 3,
and 𝑊0

𝑢

= 3, respectively. In both, the case of 𝑢(𝑘) = 1 and
the case of 𝑢(𝑘) = 0, 𝑢(𝑘+1) = 𝑢(𝑘+2) = 0 holds, and 𝑢(𝑘+3)
is a decision variable. In this case, 𝑢(𝑘 + 1) = 𝑢(𝑘 + 2) = 0 is
the recovery phase, and 𝑊1

𝑢

− 𝐿
𝑢
− 1 = 2 is its length.

By using the three parameters 𝐿
𝑢
𝑖

,𝑊1
𝑢
𝑖

, and 𝑊0
𝑢
𝑖

, several
situations on the duration of effect can be modeled (see also
[15]). In addition, since these parameters can be given for each
𝑢
𝑖
(or 𝑢𝑠
𝑖

), effectiveness of multiple drugs can be evaluated.
Thus, in this paper, we consider not only two types of the
control inputs but also duration of drug effectiveness.

2.3. Optimal Control Problem. First, the following two nota-
tions are defined. Let 𝜋

𝑖
(𝑘) denote the probability that some

Boolean function 𝑓
𝑖
is selected at time 𝑘. In addition, the

probability that some time sequence of theBoolean functions
𝑓
𝑖(𝑘
1
)
, 𝑓
𝑖(𝑘
1
+1)

, . . . , 𝑓
𝑖(𝑘
2
)
is selected at time interval [𝑘

1
, 𝑘
2
] is

denoted by

𝜋 (𝑘
1
, 𝑘
2
) :=
𝑘
2

∏
𝑘=𝑘
1

𝜋
𝑖(𝑘)

(𝑘) . (10)

For simplicity of notation, 𝑖(𝑘
1
), 𝑖(𝑘
1
+1), . . . , 𝑖(𝑘

2
) are omitted

in 𝜋(𝑘
1
, 𝑘
2
).

Next, for the Boolean networks with 𝑛 states and two
types of the control inputs, consider the following optimal
control problem.
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Problem 1. Suppose that, for the Boolean network with 𝑛
states and two types of the control inputs, the initial state
𝑥(0) = 𝑥

0
, 𝜌 satisfying 0 ≤ 𝜌 ≤ 1, the control time 𝑁, the

parameters on duration of drug effectiveness 𝐿
𝑢
𝑖
(𝑢

𝑠

𝑖
)
,𝑊1
𝑢
𝑖
(𝑢

𝑠

𝑖
)

,
and 𝑊0

𝑢
𝑖
(𝑢

𝑠

𝑖
)

are given. Then, for all combinations of the
Boolean functions satisfying the constraint

𝜋 (0,𝑁 − 1) ≥ 𝜌, (11)

find two control input sequences 𝑢(0), 𝑢(1), . . . , 𝑢(𝑁−1) and
𝑢𝑠(0), 𝑢𝑠(1), . . . , 𝑢𝑠(𝑁 − 1) minimizing the lower bound of
the cost function

𝐽 =
𝑁−1

∑
𝑘=0

{𝑄𝑥 (𝑘) + 𝑅𝑢 (𝑘) + 𝑅
𝑠
𝑢𝑠 (𝑘)} + 𝑄

𝑓
𝑥 (𝑁) (12)

subject to the constraint on duration of drug effectiveness,
where 𝑄,𝑄

𝑓
∈ R1×𝑛, 𝑅 ∈ R1×𝑚, and 𝑅 ∈ R1×𝑚𝑠 are weight-

ing vectors whose elements are nonnegative real numbers.

For simplicity of discussion, a linear functionwith respect
to 𝑥, 𝑢, and 𝑢𝑠 is considered as a cost function. We consider
that a linear cost function is appropriate from the following
two reasons.

(i) For a binary variable 𝛿 ∈ {0, 1}, the relation 𝛿2 = 𝛿
holds.That is, in the cost function, the quadratic term
such as 𝑥2

𝑖

(𝑘) is not necessary.
(ii) In control of gene regulatory networks, the expression

of a certain gene is frequently focused (see, e.g., [18]).
For example, in the gene regulatory network related to
melanoma, it important to inhibit the concentration
level of the gene WNT5A [27]. In this case, it is
enough to consider the cost function (12).

Furthermore, in many existing methods on optimal control
of PBNs, the expected value of a nonnegative function is
frequently used as a cost function (see, e.g., [11, 12, 17–
21]). However, the expected value of the state must be
computed from all combinations of the Boolean functions,
and this computation is hard for large-scale systems. To
avoid this computation, in this paper, we evaluate the control
performance by using the lower bound. If the constraint (11)
is not included in Problem 1, then the behaviors are regarded
as uncertain (nondeterministic) behaviors, and the best
performance is derived in Problem 1. Since the combinations
of the Boolean functions selected with low probability are
included, performance evaluation is not appropriate. In order
to exclude such combinations, we impose the constraint
(11). Similar problem formulations have been considered
in optimal control of stochastic hybrid systems (see, e.g.,
[28–30]). Thus, since the performance index in this paper
is different from that in existing methods, it is difficult to
directly compare the performance of the proposed method
with those of existingmethods. On the other hand, in [22], we
discussed this topic from the qualitative viewpoint. In [22],
the upper bound is also computed by using the control input
such that the lower bound is minimized. If the lower bound
and the upper bound are not improved by control, then

the expected value will not be improved.Then, it is important
to suitably set 𝜌 in the constraint (11). See [22] for further
details.

We show an example for setting weighting vectors from
the biological viewpoint.

Example 5. Consider the Boolean network expressing an
apoptosis network in Example 1 again. For this system, we
consider finding a control strategy such that a stimulus 𝑢 is
not applied as much as possible, and cell survival is achieved;
𝑢 = 0 implies that a stimulus is not applied to the system, and
𝑥
1
= 1 and 𝑥

2
= 0 express cell survival [25]. Then, as one of

the appropriate cost functions, we can consider the following
cost function:

𝐽 =
𝑁−1

∑
𝑖=0

{10
𝑥1 (𝑖) − 1

 + 10
𝑥2 (𝑖) − 0

 + 𝑢 (𝑖)}

+ 100
𝑥1 (𝑁) − 1

 + 100
𝑥2 (𝑁) − 0

 .

(13)

By the coordinate transformation of 𝑥
1
into 1 − 𝑥

1
, this cost

function can be rewritten as the form of (12).

2.4. Solution Method. We propose a solution method for
Problem 1. First, two lemmas are introduced as preparations.
Next, Problem 1 is reduced to an integer linear programming
(ILP) problem.

As preparations, two lemmas are introduced. To reduce
Problem 1 to an ILP problem, it is necessary to transform a
Boolean function into a polynomial on the real number field.
First, the following lemma [31] is used.

Lemma6. Consider the two binary variables 𝛿
1
, and 𝛿

2
.Then,

the following relations hold:

(i) ¬𝛿
1
is equivalent to 1 − 𝛿

1
,

(ii) 𝛿
1
∨ 𝛿
2
is equivalent to 𝛿

1
+ 𝛿
2
− 𝛿
1
𝛿
2
,

(iii) 𝛿
1
∧ 𝛿
2
is equivalent to 𝛿

1
𝛿
2
.

For example, 𝛿
1
∨ ¬𝛿
2
is equivalently transformed into 𝛿

1
+

(1−𝛿
2
)−𝛿
1
(1−𝛿
2
) = 1−𝛿

2
+𝛿
1
𝛿
2
. Furthermore, the product

of binary variables such as 𝛿
1
𝛿
2
can be linearized by using the

following lemma [32].

Lemma 7. Suppose that the binary variables 𝛿
𝑗

∈ {0, 1} and
𝑗 ∈ J are given, whereJ is some index set. Then, 𝑧 = ∏

𝑗∈J𝛿
𝑗

is equivalent to the following linear inequalities:

∑
𝑗∈J

𝛿
𝑗
− 𝑧 ≤ |J| − 1, −∑

𝑗∈J

𝛿
𝑗
+ |J| 𝑧 ≤ 0, (14)

where |J| is the cardinality ofJ.

From Lemmas 6 and 7, we see that any Boolean function
can be equivalently transformed into a pair of some linear
function and some linear inequality. See [31, 32] for further
details. For example, 𝛿

1
∨¬𝛿
2
is equivalent to a pair of 1−𝛿

2
+𝑧

and 𝑧 = 𝛿
1
𝛿
2
. By using Lemma 7, 𝑧 = 𝛿

1
𝛿
2
can be expressed

as a set of linear inequalities.
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Now, we consider reducing Problem 1 to an ILP problem.
By using Lemma 6, the candidates of the Boolean func-

tions 𝑓
𝑖
(𝑥(𝑘), 𝑢(𝑘)), 𝑖 = 1, 2, . . . , 𝑙, are transformed into a

polynomial on the real number field. Let𝑓
𝑖
(𝑥(𝑘), 𝑢(𝑘))denote

the polynomial obtained.Then, consider the following system
using 𝑓

𝑖
(𝑥(𝑘), 𝑢(𝑘)):

𝑥 (𝑘 + 1) =
𝑙

∑
𝑖=1

{𝛿
𝑖
(𝑘) 𝑓
𝑖
(𝑥 (𝑘) , 𝑢 (𝑘))} , (15)

where 𝛿
1
(𝑘), 𝛿
2
(𝑘), . . . , 𝛿

𝑙
(𝑘) are binary variables satisfying

𝑙

∑
𝑖=1

𝛿
𝑖
(𝑘) = 1. (16)

The binary vector 𝛿(𝑘) := [𝛿
1
(𝑘) 𝛿

2
(𝑘) ⋅ ⋅ ⋅ 𝛿

𝑙
(𝑘)]
𝑇 is used to

select the polynomial 𝑓
𝑖
and to express (11) as a linear form.

Here, we define the following vector:

𝑆
𝑖
:= [𝑟
𝑖,1

𝑟
𝑖,2

⋅ ⋅ ⋅ 𝑟
𝑖,𝑙
] . (17)

Then, by using the natural logarithm, 𝜋(0,𝑁 − 1) in (11) is
expressed as

ln𝜋 (0,𝑁 − 1) =
𝑁−1

∑
𝑘=0

(
𝑚
𝑠

∑
𝑖=1

ln 𝑆
𝑖
𝑢𝑠
𝑖

(𝑘)) 𝛿 (𝑘) . (18)

In this expression, one probability distribution is selected
by using 𝑢𝑠

𝑖

(𝑘), and the probability that a certain Boolean
function is selected is determined by 𝛿(𝑘). Then, Problem 1
is equivalent to the following problem.

Problem A.

find 𝑢 (𝑘) , 𝑢
𝑠

(𝑘) , 𝛿 (𝑘) , 𝑘 = 0, 1, . . . , 𝑁 − 1,

min Cost function (12) ,

subject to System (15) , 𝑥 (0) = 𝑥
0
,

Inequality constraint:

𝑁−1

∑
𝑘=0

(
𝑚
𝑠

∑
𝑖=1

ln 𝑆i𝛿
𝑠

i (𝑘)) 𝛿 (𝑘) ≥ ln 𝜌,

Equality constraint (4) , (16) ,

Constraint on duration of drug effectiveness.
(19)

By using Lemma 7, the system (15) and (∑
𝑚
𝑠

𝑖=1

ln 𝑆
𝑖
𝛿𝑠
𝑖

(𝑘))𝛿(𝑘)
can be equivalently expressed in the following linear form:

𝑥 (𝑘 + 1) = 𝐴𝑥 (𝑘) + 𝐵
𝑢
𝑢 (𝑘) + 𝐵

𝑠
𝑢𝑠 (𝑘) + 𝐵

𝑏
𝑧
𝑏
(𝑘) , (20)

(
𝑚
𝑠

∑
𝑖=1

ln 𝑆
𝑖
𝛿𝑠
𝑖

(𝑘)) 𝛿 (𝑘) =
𝑚
𝑠

∑
𝑖=1

ln 𝑆
𝑖
𝑧𝑠
𝑖

(𝑘) , (21)

𝐸𝑥 (𝑘) + 𝐹
𝑢
𝑢 (𝑘) + 𝐹

𝑠
𝑢𝑠 (𝑘) + 𝐹

𝑧
𝑧 (𝑘) ≤ 𝐺, (22)

where 𝑧𝑠
𝑖

(𝑘) := 𝛿𝑠
𝑖

(𝑘)𝛿(𝑘), and (22) is the linear inequality
obtained by applying Lemma 7 to (15). The vector 𝑧

𝑏
(𝑘) ∈

{0, 1}𝑏 is an auxiliary binary variable obtained by using
Lemma 7, and the dimension of 𝑧

𝑏
(𝑘), that is, 𝑏, is determined

depending on the form of the given Boolean functions. In
addition, 𝑧(𝑘) is defined as

𝑧 (𝑘) := [(𝑧
𝑏
(𝑘))
𝑇

(𝑧𝑠
1

(𝑘))
𝑇

(𝑧𝑠
2

(𝑘))
𝑇

⋅ ⋅ ⋅ (𝑧𝑠
𝑚
𝑠

(𝑘))
𝑇

]
𝑇

∈ {0, 1}
𝑏+𝑚
𝑠
𝑙.

(23)

Here in after, for simplicity of notation, 𝐵
𝑏
𝑧
𝑏
(𝑘) is rewritten

as 𝐵
𝑧
𝑧(𝑘), 𝐵

𝑧
:= [𝐵

𝑏
0], and ∑

𝑚
𝑠

𝑖=1

ln 𝑆
𝑖
𝑧𝑠
𝑖

(𝑘) is rewritten as
𝐶𝑧(𝑘), 𝐶 := [0 ln 𝑆

1
ln 𝑆
2

⋅ ⋅ ⋅ ln 𝑆
𝑚
𝑠
].

Now, we consider transforming Problem A by using (20),
(21), and (22). By using

𝑥 (𝑘) = 𝐴𝑘𝑥
0
+
𝑘

∑
𝑖=1

𝐴𝑖−1 (𝐵
𝑢
𝑢 (𝑘 − 𝑖) + 𝐵

𝑠
𝑢𝑠 (𝑘 − 𝑖) + 𝐵

𝑧
𝑧 (𝑘))

(24)

obtained from the state equation in (20), we can obtain

𝑥 = 𝐴𝑥
0
+ 𝐵
𝑢
𝑢 + 𝐵
𝑠
𝑢
𝑠
+ 𝐵
𝑧
𝑧, (25)

where

𝑥 := [(𝑥 (0))𝑇 (𝑥 (1))𝑇 ⋅ ⋅ ⋅ (𝑥 (𝑁))𝑇]
𝑇

,

𝑢 := [(𝑢 (0))𝑇 (𝑢 (1))𝑇 ⋅ ⋅ ⋅ (𝑢 (𝑁 − 1))𝑇]
𝑇

,

𝑢
𝑠
:= [(𝑢𝑠 (0))

𝑇

(𝑢𝑠 (1))
𝑇

⋅ ⋅ ⋅ (𝑢𝑠 (𝑁 − 1))
𝑇]
𝑇

,

𝑧 := [(𝑧 (0))𝑇 (𝑧 (1))𝑇 ⋅ ⋅ ⋅ (𝑧 (𝑁 − 1))𝑇]
𝑇

,

𝐴 =

[
[
[
[
[
[

[

𝐼
𝐴

𝐴2

...
𝐴𝑁

]
]
]
]
]
]

]

, 𝐵 =

[
[
[
[
[
[
[

[

0 0 ⋅ ⋅ ⋅ 0
𝐼 0 ⋅ ⋅ ⋅ 0

𝐴 d d
...

... d d 0

𝐴𝑁−1 ⋅ ⋅ ⋅ 𝐴 𝐼

]
]
]
]
]
]
]

]

,

𝐵
𝑢
= 𝐵[

[

𝐵
𝑢

0
d

0 𝐵
𝑢

]

]

, 𝐵
𝑠
= 𝐵[

[

𝐵
𝑠

0
d

0 𝐵
𝑠

]

]

,

𝐵
𝑧
= 𝐵[

[

𝐵
𝑧

0
d

0 𝐵
𝑧

]

]

.

(26)

Next, the inequality constraint ∑
𝑁−1

𝑘=0

(∑
𝑚
𝑠

𝑖=1

ln 𝑆
𝑖
𝛿𝑠
𝑖

(𝑘))𝛿(𝑘) ≥
ln 𝜌 in Problem A is equivalent to

−𝐶𝑧 ≤ − ln 𝜌, (27)

where 𝐶 = [𝐶 𝐶 ⋅ ⋅ ⋅ 𝐶]. Furthermore, from (22), we can
obtain

𝐸𝑥 + 𝐹
𝑢
𝑢 + 𝐹
𝑠
𝑢
𝑠
+ 𝐹
𝑧
𝑧 ≤ 𝐺, (28)
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where

𝐸 =
[
[

[

𝐸 0 0

d
...

0 𝐸 0

]
]

]

,

𝐹
𝑢
= [

[

𝐹
𝑢

0
d

0 𝐹
𝑢

]

]

, 𝐹
𝑠
= [

[

𝐹
𝑠

0
d

0 𝐹
𝑠

]

]

,

𝐹
𝑧
= [

[

𝐹
𝑧

0
d

0 𝐹
𝑧

]

]

, 𝐺 =
[
[
[
[

[

𝐺
𝐺
...
𝐺

]
]
]
]

]

.

(29)

Next, consider the constraint on duration of drug effective-
ness. This constraint can be expressed as a Boolean function.
Then, by using Lemmas 6 and 7, it can be transformed into
the following form:

𝑢 = 𝑉1V + 𝑉2, 𝑊1V ≤ 𝑊2, (30)

𝑢
𝑠
= 𝑉1
𝑠

V
𝑠
+ 𝑉2
𝑠

, 𝑊1
𝑠

V
𝑠
≤ 𝑊2
𝑠

, (31)

where V and V
𝑠
are binary decision variables with certain

dimensions. Deriving a general form of coefficient matrices
will be difficult, but for the given 𝐿

𝑢
𝑖

, 𝑊1
𝑢
𝑖

, and 𝑊0
𝑢
𝑖

, deriving
coefficient matrices is easy.

We show two examples.

Example 8. Consider Example 4 again. First, consider the
case of 𝐿

𝑢
= 1, 𝑊1

𝑢

= 3, and 𝑊0
𝑢

= 2. Then, noting
explanations in Example 4, we can obtain

𝑢 (0) = V
0
,

𝑢 (1) = V
0
,

𝑢 (2) = (1 − V
0
) V
2
,

𝑢 (3) = (1 − V
0
) V
2
+ V
0
V
3
,

𝑢 (4) = V
0
V
3
+ (1 − V

2
) V
4
,

𝑢 (5) = (1 − V
2
) V
4
+ V
2
V
5
,

...

(32)

and in this case, these are equivalent to

𝑢 (0) = V
0
,

𝑢 (1) = V
0
,

𝑢 (2) = V
2
, V
2
≤ 1 − V

0
,

𝑢 (3) = V
2
+ V
3
, V
2
≤ 1 − V

0
, V
3
≤ V
0
,

𝑢 (4) = V
3
+ V
4
, V
3
≤ V
0
, V
4
≤ 1 − V

2
, 0 ≤ V

3
+ V
4
≤ 1,

𝑢 (5) = V
4
+ V
5
, V
4
≤ 1 − V

2
, V
2
≤ V
5
, 0 ≤ V

4
+ V
5
≤ 1,

...
(33)

We explain 𝑢(2) = V
2
, and V

2
≤ 1−V

0
as an example. If V

0
= 1,

then V
2

≤ 0 holds. Since V
2
is binary, we can obtain V

2
= 0;

that is, 𝑢(2) = 0. If V
0

= 0, then V
2

≤ 1 holds, and we can
obtain 𝑢(2) = V

2
. That is, 𝑢(2) can take on either 0 or 1. From

the previous discussion, we see that a pair of 𝑢(2) = V
2
and

V
2

≤ 1 − V
0
is equivalent to 𝑢(2) = (1 − V

0
)V
2
. Thus, we can

obtain the forms of (30) and (31). In the case of 𝑁 = 5 (𝑁 is
the control time in Problem 1), (30) can be obtained as

[
[
[
[
[

[

𝑢 (0)
𝑢 (1)
𝑢 (2)
𝑢 (3)
𝑢 (4)

]
]
]
]
]

]⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟
𝑢

=

[
[
[
[
[

[

1 0 0 0
1 0 0 0
0 1 0 0
0 1 1 0
0 0 1 1

]
]
]
]
]

]⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟
𝑉
1

[
[
[

[

V
0

V
2

V
3

V
4

]
]
]

]⏟⏟⏟⏟⏟⏟⏟⏟⏟
V

,

[
[
[
[
[

[

1 1 0 0
−1 0 1 0
0 1 0 1
0 0 −1 −1
0 0 1 1

]
]
]
]
]

]⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟
𝑊
1

[
[
[

[

V
0

V
2

V
3

V
4

]
]
]

]⏟⏟⏟⏟⏟⏟⏟⏟⏟
V

≤

[
[
[
[
[

[

1
0
1
0
1

]
]
]
]
]

]⏟⏟⏟⏟⏟⏟⏟
𝑊
2

,

(34)

where 𝑉2 = 0. We remark that, in a general case, the product
such as 𝑧 = V

0
V
2
must be transformed into linear inequalities

by using Lemma 7.
Next, consider the case of 𝐿

𝑢
= 0, 𝑊1

𝑢

= 3, and 𝑊0
𝑢

= 3.
Then, we can obtain the following:

𝑢 (0) = V
0
,

𝑢 (1) = 0,

𝑢 (2) = 0,

𝑢 (3) = V
3
,

𝑢 (4) = 0,

𝑢 (5) = 0,

...

(35)
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and this case is one of the simplest cases. In the case of𝑁 = 5
(𝑁 is the control time in Problem 1), (30) can be obtained as

[
[
[
[
[

[

𝑢 (0)
𝑢 (1)
𝑢 (2)
𝑢 (3)
𝑢 (4)

]
]
]
]
]

]⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟
𝑢

=

[
[
[
[
[

[

1 0
0 0
0 0
0 1
0 0

]
]
]
]
]

]⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟
𝑉
1

[
V
0

V
3

]
⏟⏟⏟⏟⏟⏟⏟

V

, (36)

where 𝑉2 = 0, 𝑊1 = 0, and 𝑊2 = 0.

Finally, the cost function (12) is rewritten as

𝐽 = 𝑄𝑥 + 𝑅𝑢 + 𝑅
𝑠
𝑢
𝑠
, (37)

where 𝑄 = [𝑄 ⋅ ⋅ ⋅ 𝑄 𝑄
𝑓
], 𝑅 = [𝑅 ⋅ ⋅ ⋅ 𝑅], and 𝑅

𝑠
=

[𝑅
𝑠

⋅ ⋅ ⋅ 𝑅
𝑠
]. By substituting (25), (30), and (31) into (28) and

(37), Problem A is equivalent to the following ILP problem.

Problem B.

find V, V
𝑠
, 𝑧,

min (𝑅 + 𝑄𝐵
𝑢
)𝑉1V + (𝑅

𝑠
+ 𝑄𝐵
𝑠
)𝑉1
𝑠

V
𝑠
+ 𝑄𝐵
𝑧
𝑧

+ 𝑄𝐴𝑥
0
,

subject to − 𝐶𝑧 ≤ − ln 𝜌

(𝐹
𝑢
+𝐸𝐵
𝑢
)𝑉1V+(𝐹

𝑠
+𝐸𝐵
𝑠
)𝑉1
𝑠

V
𝑠
+(𝐹
𝑧
+ 𝐸𝐵
𝑧
) 𝑧

≤ 𝐺 − 𝐹
𝑢
𝑉1 − 𝐹

𝑠
𝑉1
𝑠

− 𝐸 (𝐴𝑥
0
+ 𝐵
𝑢
𝑉2 + 𝐵

𝑠
𝑉2
𝑠

) ,

𝑊1V ≤ 𝑊2,

𝑊1
𝑠

V
𝑠
≤ 𝑊2
𝑠

.

(38)

Problem B can be solved by a suitable solver such as IBM
ILOG CPLEX [33].

3. Results and Discussion

In this section, we show numerical simulations. First, we
consider theWNT5A network [14]. Next, in order to evaluate
the proposedmethod from the viewpoint of the computation
time, we consider an artificial example.

3.1. WNT5A Network. The gene regulatory network with
the gene WNT5A is related to melanoma, and it has been

extensively studied (see, e.g., [27]). The BNmodel 𝑥(𝑘 + 1) =
𝑓
𝑎
(𝑥(𝑘)) of the WNT5A network is given by the following:

𝑥
1
(𝑘 + 1) = ¬𝑥

6
(𝑘) ,

𝑥
2
(𝑘 + 1) = (¬𝑥

2
(𝑘) ∧ 𝑥

4
(𝑘) ∧ 𝑥

6
(𝑘))

∨ {¬𝑥
2
(𝑘) ∧ (𝑥

4
(𝑘) ∨ 𝑥

6
(𝑘))} ,

𝑥
3
(𝑘 + 1) = ¬𝑥

7
(𝑘) ,

𝑥
4
(𝑘 + 1) = 𝑥

4
(𝑘) ,

𝑥
5
(𝑘 + 1) = 𝑥

2
(𝑘) ∨ ¬𝑥

7
(𝑘) ,

𝑥
6
(𝑘 + 1) = 𝑥

3
(𝑘) ∨ 𝑥

4
(𝑘) ,

𝑥
7
(𝑘 + 1) = ¬𝑥

2
(𝑘) ∨ 𝑥

7
(𝑘) ,

(39)

where the concentration level (high or low) of the gene
WNT5A is denoted by 𝑥

1
, the concentration level of the

gene pirin by 𝑥
2
, the concentration level of the gene S100P

is denoted by 𝑥
3
, the concentration level of the gene RET1 is

denoted by 𝑥
4
, the concentration level of the gene MART1 is

denoted by 𝑥
5
, the concentration level of the gene HADHB is

denoted by 𝑥
6
, and the concentration level of the gene STC2

is denoted by 𝑥
7
. See [14] for further details. In a WNT5A

network, it is important to inhibit the concentration level of
the gene WNT5A [27].

The optimal control problem is formulated. For sim-
plicity, we consider only the structural control input. Then,
suppose that the number of the structural control inputs is
two. If 𝑢𝑠

1

(𝑘) = 1, then the system is given as:

𝑥 (𝑘 + 1) = {
𝑓
𝑎
(𝑥 (𝑘)) with the probability 0.8,

𝑥 (𝑘) with the probability 0.2.
(40)

If 𝑢𝑠
2

(𝑘) = 1, then the system is given as:

𝑥 (𝑘 + 1) = {
𝑓
𝑎
(𝑥 (𝑘)) with the probability 0.1,

𝑥 (𝑘) with the probability 0.9.
(41)

The case of 𝑢𝑠
1

(𝑘) = 1 corresponds to the situation such
that the dynamics of the WNT5A network, that is, 𝑥(𝑘 +
1) = 𝑓

𝑎
(𝑥(𝑘)), are selected with high probability. The case

of 𝑢𝑠
2

(𝑘) = 1 corresponds to the situation such that the state
is not changed; that is, 𝑥(𝑘 + 1) = 𝑥(𝑘) is selected with high
probability. From the previous setting, 𝑟

1,1
= 0.8, 𝑟

1,2
= 0.2,

𝑟
2,1

= 0.1, and 𝑟
2,2

= 0.9. For this WNT5A network with
structural control inputs, consider solving Problem 1. 𝑄,𝑄

𝑓
,

and 𝑅
𝑠
in Problem 1 are given as 𝑄 = [1 0 0 0 0 0 0],

𝑄
𝑓

= [10 0 0 0 0 0 0], and 𝑅
𝑠
= [0 0], respectively. The

initial state is given as 𝑥
0
= [1 0 1 0 1 0 0]

𝑇. In addition,
the control time 𝑁 in Problem 1 is given by 𝑁 = 5. Finally,
the constraint on duration of drug effectiveness is imposed
for only 𝑢𝑠

2

(𝑘). The parameters 𝐿
𝑢

𝑠

2

,𝑊1
𝑢

𝑠

2

, and𝑊0
𝑢

𝑠

2

are given as
𝐿
𝑢

𝑠

2

= 1, 𝑊1
𝑢

𝑠

2

= 3, and 𝑊0
𝑢

𝑠

2

= 2, respectively. Thus, we can
obtain the ILP problem (Problem B), where the dimension of
binary variables is 130 and the number of inequalities is 264.
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We show the computational result. Let 𝐽∗ denote the
optimal value of the lower bound of a given cost function in
Problem 1. Let 𝐽∗ denote the upper bound of the cost function
derived by using the optimal control input. First, consider the
case of 𝜌 = 10−5. Then, we can obtain 𝐽∗ = 2 and 𝐽

∗

= 15,
and 𝑢𝑠(𝑘) is obtained as

𝑢𝑠 (0) = ⋅ ⋅ ⋅ = 𝑢𝑠 (4) = [
1
0
] . (42)

Noting that 𝑟
2,1

= 0.1 and 𝜌 = 10−5(= 0.15), all combinations
of the Boolean functions are considered, and the value of 𝜌 is
not appropriate. In particular, 𝐽∗ = 15 implies that 𝑥

1
(𝑘) = 1,

𝑘 = 0, 1, . . . , 5, and is the trivial upper bound.
Next, consider the case of 𝜌 = 0.2. Then, we can obtain

𝐽∗ = 𝐽
∗

= 4, and 𝑢s(𝑘) is obtained as

𝑢𝑠 (0) = 𝑢𝑠 (1) = [
0
1
] , 𝑢𝑠 (2) = 𝑢𝑠 (3) = 𝑢𝑠 (4) = [

1
0
] .

(43)

From the obtained inputs, we see that the system is controlled
by switching two discrete probability distributions, and the
obtained inputs satisfy the constraint on duration of drug
effectiveness. Noting that the trivial value of 𝐽∗ is 15, we see
that in this case the effectiveness of control synthesis is clear.

Finally, we discuss the computation time for solving
Problem 1.The computation time of the ILP problemwas less
than 20 [msec], where we used IBM ILOG CPLEX 11.0 as an
ILP solver on the computer with Windows Vista 32-bit, the
Intel Core 2 Duo CPU 3.0GHz, and the 4GB memory. Since
the WNT5A network considered here is small size, Problem
1 can be solved fast.

3.2. Artificial Example. In order to evaluate the computation
time for solving Problem 1, we consider one artificial example
of a BN with 15 states and 3 control inputs. We stress that
the existing method [11, 12, 17–19, 21] cannot be applied
to such a BN. This is because it is necessary to compute
the state transition diagram such as that in Figure 2, that
is, the transition probability matrix with 2𝑛 × 2𝑛. In naive
implementation usingMATLAB [34], matrices with 215 ×215

cannot be created due to memory consumption, where we
used the computer described previously.

The optimal control problem is formulated. In this exam-
ple, we consider 3 control inputs and 2 structural control
inputs. If 𝑢𝑠

1

(𝑘) = 1, then the system is given as follows:

𝑥 (𝑘 + 1) = {
𝑓
1
(𝑥 (𝑘) , 𝑢 (𝑘)) with the probability 0.8,

𝑓
2
(𝑥 (𝑘) , 𝑢 (𝑘)) with the probability 0.2.

(44)

If 𝑢𝑠
2

(𝑘) = 1, then the system is given as follows:

𝑥 (𝑘 + 1) = {
𝑓
1
(𝑥 (𝑘) , 𝑢 (𝑘)) with the probability 0.2,

𝑓
2
(𝑥 (𝑘) , 𝑢 (𝑘)) with the probability 0.8.

(45)

The Boolean function 𝑓
1
is given by the following:

𝑥
1
(𝑘 + 1) = 𝑥

1
(𝑘) ∧ ¬𝑥

6
(𝑘) ∨ 𝑢

3
(𝑘) ,

𝑥
2
(𝑘 + 1) = ¬𝑥

4
(𝑘) ∧ 𝑢

1
(𝑘) ∨ 𝑢

3
(𝑘) ,

𝑥
3
(𝑘 + 1) = 𝑥

5
(𝑘) ∧ 𝑢

1
(𝑘) ∨ ¬𝑥

10
(𝑘) ∧ 𝑥

12
(𝑘) ∧ 𝑢

3
(𝑘) ,

𝑥
4
(𝑘 + 1) = 𝑥

2
(𝑘) ∧ 𝑥

5
(𝑘) ∧ ¬𝑢

1
(𝑘) ∨ ¬𝑥

14
(𝑘) ,

𝑥
5
(𝑘 + 1) = ¬𝑢

1
(𝑘) ∧ 𝑥

6
(𝑘) ∧ 𝑥

7
(𝑘) ∨ 𝑥

12
(𝑘) ∧ 𝑥

14
(𝑘) ,

𝑥
6
(𝑘 + 1) = 𝑥

1
(𝑘) ∧ 𝑥

6
(𝑘) ∧ 𝑥

10
(𝑘) ∨ ¬𝑥

15
(𝑘) ,

𝑥
7
(𝑘 + 1) = 𝑥

6
(𝑘) ∧ 𝑥

7
(𝑘) ∧ 𝑥

8
(𝑘) ∨ 𝑢

2
(𝑘) ∧ ¬𝑢

3
(𝑘) ,

𝑥
8
(𝑘 + 1) = 𝑥

5
(𝑘) ∧ ¬𝑢

1
(𝑘) ∨ 𝑥

10
(𝑘) ∧ 𝑢

2
(𝑘) ∧ 𝑥

13
(𝑘) ,

𝑥
9
(𝑘 + 1) = 𝑥

3
(𝑘) ∧ 𝑢

1
(𝑘) ∨ ¬𝑥

8
(𝑘) ∧ 𝑥

11
(𝑘) ,

𝑥
10

(𝑘 + 1) = 𝑥
6
(𝑘) ,

𝑥
11

(𝑘 + 1) = 𝑥
6
(𝑘) ∧ 𝑥

10
(𝑘) ∨ ¬𝑢

2
(𝑘) ∧ 𝑢

3
(𝑘) ,

𝑥
12

(𝑘 + 1) = 𝑥
12

(𝑘) ∧ ¬𝑥
15

(𝑘) ,

𝑥
13

(𝑘 + 1) = ¬𝑢
3
(𝑘) ,

𝑥
14

(𝑘 + 1) = ¬𝑥
14

(𝑘) ∧ 𝑢
3
(𝑘) ,

𝑥
15

(𝑘 + 1) = 𝑥
14

(𝑘) ∧ 𝑥
15

(𝑘) .

(46)

The Boolean function 𝑓
2
is given by the following:

𝑥
1
(𝑘 + 1) = 𝑥

2
(𝑘) ∧ 𝑥

4
(𝑘) ∧ ¬𝑥

8
(𝑘) ,

𝑥
2
(𝑘 + 1) = ¬𝑥

2
(𝑘) ∧ 𝑥

3
(𝑘) ∨ 𝑢

3
(𝑘) ,

𝑥
3
(𝑘 + 1) = 𝑥

1
(𝑘) ∨ ¬𝑥

2
(𝑘) ∧ 𝑥

3
(𝑘) ∧ 𝑥

4
(𝑘) ,

𝑥
4
(𝑘 + 1) = ¬𝑥

1
(𝑘) ∧ 𝑥

2
(𝑘) ∧ 𝑢

1
(𝑘) ∨ 𝑥

14
(𝑘) ,

𝑥
5
(𝑘 + 1) = ¬𝑢

2
(𝑘) ∧ 𝑥

13
(𝑘) ∧ 𝑥

14
(𝑘) ∧ 𝑥

15
(𝑘) ,

𝑥
6
(𝑘 + 1) = ¬𝑥

2
(𝑘) ∨ 𝑥

5
(𝑘) ∧ 𝑢

1
(𝑘) ∧ ¬𝑢

3
(𝑘) ,

𝑥
7
(𝑘 + 1) = 𝑢

1
(𝑘) ∧ 𝑥

13
(𝑘) ,

𝑥
8
(𝑘 + 1) = 𝑥

5
(𝑘) ∧ 𝑥

13
(𝑘) ,

𝑥
9
(𝑘 + 1) = ¬𝑥

6
(𝑘) ,

𝑥
10

(𝑘 + 1) = 𝑥
2
(𝑘) ∧ 𝑢

2
(𝑘) ∧ ¬𝑥

12
(𝑘) ∧ 𝑢

3
(𝑘) ,

𝑥
11

(𝑘 + 1) = ¬𝑥
5
(𝑘) ∧ 𝑢

1
(𝑘) ∨ ¬𝑥

15
(𝑘) ∧ 𝑢

3
(𝑘) ,

𝑥
12

(𝑘 + 1) = 𝑥
7
(𝑘) ∧ 𝑥

3
(𝑘) ,

𝑥
13

(𝑘 + 1) = 𝑥
7
(𝑘) ∧ 𝑢

2
(𝑘) ∧ 𝑢

3
(𝑘) ,

𝑥
14

(𝑘 + 1) = 𝑥
12

(𝑘) ∨ 𝑥
14

(𝑘) ∧ 𝑢
3
(𝑘) ,

𝑥
15

(𝑘 + 1) = 𝑥
8
(𝑘) .

(47)

From the previous setting, 𝑟
1,1

= 0.8, 𝑟
1,2

= 0.2, 𝑟
2,1

= 0.2,
𝑟
2,2

= 0.8 hold. In Problem 1,𝑄,𝑄
𝑓
, 𝑅, and𝑅

𝑠
are given as𝑄 =

[1 ⋅ ⋅ ⋅ 1], 𝑄
𝑓

= [10 ⋅ ⋅ ⋅ 10], 𝑅 = [1 0 1], and 𝑅
𝑠
= [0 0],
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respectively.The initial state and the parameter 𝜌 are given as
𝑥
0
= [1 ⋅ ⋅ ⋅ 1]

𝑇 and 𝜌 = 10−4, respectively.The constraint on
duration of drug effectiveness is imposed for 𝑢

1
(𝑘) and 𝑢𝑠

2

(𝑘).
For 𝑢
1
, the parameters 𝐿

𝑢
1

,𝑊1
𝑢
1

, and𝑊0
𝑢
1

are given as 𝐿
𝑢
1

= 0,
𝑊1
𝑢
1

= 3, and 𝑊0
𝑢
1

= 3, respectively. For 𝑢𝑠
2

, the parameters
𝐿
𝑢

𝑠

2

,𝑊1
𝑢

𝑠

2

, and𝑊0
𝑢

𝑠

2

are given as 𝐿
𝑢

𝑠

2

= 1,𝑊1
𝑢

𝑠

2

= 3, and𝑊0
𝑢

𝑠

2

= 2,
respectively.

Next, we discuss the computation time. Consider the two
cases of 𝑁 = 10 and 𝑁 = 20. Then, in the ILP problem
(Problem B) obtained, the dimension of binary variables is
1420 for 𝑁 = 10 and 2840 for 𝑁 = 20, and the number of
inequalities is 3381 for 𝑁 = 10 and 6731 for 𝑁 = 20. In the
case of𝑁 = 10, the computation time of the ILP problemwas
96 [sec], wherewe used the computer described previously. In
the case of𝑁 = 20, the computation time of the ILP problem
was 238 [sec]. We remark that BNs with such a size are large
scale in control problems of gene regulatory networks. Thus,
we conclude that Problem 1 can be solved within the practical
computation time.

4. Conclusions

In this paper, we have proposed a Boolean network (BN)
model with two types of the control inputs and an optimal
control method. By using this model, several situations in
control of gene regulatory networks can be modeled. To
modelmore realistic situations, duration of drug effectiveness
has also been introduced. Since duration is given for each
control input, effectiveness of multiple drugs can be evalu-
ated. Furthermore, for this BN model, the optimal control
problem has been formulated, and this problem is reduced
to an integer linear programming problem. Finally, numerical
simulations have been shown.Theproposedmethodprovides
us with a basic in the control theory of gene regulatory
networks.

Recently, to simplify state transition diagrams such as that
in Figure 2, a stochastic Boolean network has been proposed
in [35]. The authors proposed in [36] a similar method using
polynomial optimization. In addition, to simplify a given
Boolean network, the Karnaughmap realization of a Boolean
network has been proposed in [37].These methods are useful
for reducing the computational burden. It is one of the future
works to consider the control problem with duration of drug
effectiveness based on these methods.
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Protein identification is an integral part of proteomics research.The available tools to identify proteins in tandemmass spectrometry
experiments are not optimized to face current challenges in terms of identification scale and speed owing to the exponential growth
of the protein database and the accelerated generation of mass spectrometry data, as well as the demand for nonspecific digestion
and post-modifications in complex-sample identification. As a result, a rapid method is required to mitigate such complexity and
computation challenges. This paper thus aims to present an open method to prevent enzyme and modification specificity on a
large database. This paper designed and developed a distributed program to facilitate application to computer resources. With this
optimization, nearly linear speedup and real-time support are achieved on a large database with nonspecific digestion, thus enabling
testing with two classical large protein databases in a 20-blade cluster.This work aids in the discovery of more significant biological
results, such as modification sites, and enables the identification of more complex samples, such as metaproteomics samples.

1. Introduction

Proteomics is an emerging discipline based on the human
genome project. Proteomics primarily aims to determine the
presence and quantity of proteins. Similar to gene sequenc-
ing, the identification of protein sequences is important to
facilitate a systematic understanding of key biological knowl-
edge including protein structure, function, and evolutionary
relationships.

The basic principle of protein identification [1–3] based
on mass spectrometry is to deduce protein amino acid seq-
uences based on the mass/charge ratio of digested peptides
and peptide fragments. The main strategies employed for
protein identification by mass spectrometry include database
searching, de novo sequencing, and peptide sequence tag.
Among these strategies, database searching is the most
popular. In this approach, experimental spectra are compared
with theoretical spectra fromdatabase peptides to identify the
best fit.

Commercial search engines such as Mascot [4] and
SEQUEST [5] as well as open-source search engines such

as X!Tandem [6], OMSSA [7, 8] and pFind (one of the
first available protein identification software designed and
developed in China) [9, 10] are very popular. With the rapid
development of high-throughput biological mass spectrom-
etry along with the exponential expansion of the protein
database [11], computing technologies are presented with
both an opportunity and a challenge to serve a notable
function in solving biological problems. Commonly used
protein identification software, such as Mascot, SEQUEST,
and X!Tandem, currently possesses implemented cluster or
cloud versions [12–17].

The main idea of parallel versions is to split the input
spectra and to process each subset independently, which
limits the identification speed to a stand-alone computer.
Thus, problems arise once the index space becomes larger
than the main memory size. Moreover, the types of mod-
ifications and the occurrence of digestion are unknown in
most cases. If all modifications in the Unimod [18] database
are specified, all search engines would not work properly.
To complete the task within an acceptable duration under
specific machine resources, including CPU frequency and
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memory size, protein identification has to employ restricted
search, in which a small sequence database is used to
specify a limited number of specific or semispecific enzymatic
digestions as well as a limited number of commonly used
modifications to limit the use of time and space. This
condition makes most of the spectra produced by a mass
spectrometer in proteomics experiments difficult to interpret.
Only 5% to 30% of spectra can usually be identified [19].
An important reason is that several digestion methods and
unknown or unexpected modifications likely exist. Thus,
wrong candidate peptides will affect the subsequent protein
identification process. Otherwise, the interpretation rate may
double.

Thus, the development and analysis of a rapid identifica-
tion method that can support a large protein database with
any type of digestion and modification is urgently needed
to facilitate protein deep analysis, like the expansion of
metaproteomics [20].

Therefore, this paper designs and develops a distributed
protein identification tool based on pFind to support non-
specific enzymatic digestion on a large database with unre-
stricted modification. The goal is to design and implement
a practical, scalable, and efficient system to identify proteins
rapidly and to identify more modification sites on a large
protein sequence database. Actually, pFind has been proven
more accurate than similar tools. In this work, we will focus
on the acceleration of pFind to achieve greater identification
speed.

The remainder of the paper is organized as follows.
Section 2 describes the materials and methods used in this
work. Section 3 shows the evaluation of the proposedmethod
and discusses the results. Finally, the conclusion and future
work are given in Section 4.

2. Materials and Methods

In this section, we provide the background of open protein
identification and discuss our optimization work.

2.1. Basic Principle and Trends. Database searching is fre-
quently employed to identify unknown amino acid sequences
of peptides/proteins with high throughput. The main idea
of this approach is shown in Figure 1. In this approach,
proteins in the sample are digested into a peptide mixture.
A mass spectrometer is then used to produce tandem mass
(briefly as MS/MS) spectra, which are to be identified to
query in a known protein database. On the other hand,
the theoretical MS/MS spectra are predicted according to
enzymatic digestion rules, that is, simulated digestion, based
on peptide sequences from a known protein database. The
most commonmethod is to use a search algorithm to identify
peptides by correlating experimental and theoretical MS/MS
data generated frompossible peptides in the protein sequence
database through simulated digestion.

Simulated digestion theoretically refers to digestion based
on the known protein sequences and enzyme specificity.
Simulated digestion generally includes three types: specific,
semispecific, and nonspecific. In specific digestion, protein

sequence hydrolysis only occurs at a specific amino acid. For
example, trypsin will cut polypeptide chain after lysine (K)
or arginine (R) under the premise that proline (P) is not the
next residue. In semispecific digestion, hydrolysis only occurs
at some particular amino acids in one terminus, whereas the
other will be disconnected at any amino acid. Nonspecific
digestion occurs when disconnection occurs at any amino
acid in both termini, that is, equivalent to any substrings of
the amino acid sequence. Nonspecific digestion is usually
avoided, especially when identifying on large databases,
because of its running time and high memory demand.

Protein posttranslationalmodification on eukaryotic cells
is of great significance in presenting the protein structure and
function and explaining the mechanisms of major diseases.
Over 1000 kinds of modifications are currently available in
the database. Searching for an excessive number of modifi-
cation types is thus unrealistic. Therefore, not more than 10
types of variable modification could be assigned for current
mature search engines, such as SEQUEST andMascot, which
obviously cannot meet actual needs.

The types of digestion and modification are generally
restricted. As the mainstream approach to database search-
ing, the most significant advantage of the restricted method
is its reduction of the scale of candidate peptides because this
method assigns some factors depending on experience. How-
ever, individual experience is not always accurate. Despite
appearing to be a perfect solution for the open method to
support a large database, any type of digestion, and any type of
modification, the search speed has restricted the development
of this approach because of the large search space.

Meanwhile, the exponential growth of the protein data-
base, the rapid generation of mass spectrometry data, and the
requirement for nonspecific digestion and postmodifications
in complex-sample identification also pose a significant
challenge on the identification scale and speed.The size of the
genomic and protein sequence database grows exponentially,
exceeding even Moore’s Law in terms of the requirements for
computing hardware. As shown in Figure 2, the increasing
trend of the protein database UniProtKB/TrEMBL is a rep-
resentative case.

The opinion of Patterson in [21] is curt and to the point:
“. . .our ability to generate data now outstrips our ability to
analyze it.”

2.2. Optimization Approaches. Figure 3 shows the typical
identification workflow, usually including (A.) spectra pre-
process, (B.) build index, and (C.) search index to identify.

Based on an analysis of the protein identification process,
three mainmethods are available to accelerate search engines
at present. First, preprocess protein database can be secured,
such that a more efficient index structure can be constructed.
This design is a high-performance solution in a small-scale
protein database. However, for protein databases with a scale
of tens of MB, the index created by this method has to use
several GB of storage space. Moreover, building an index for
a large database is time consuming. Second, efficient search
algorithms or technologies can be presented for search engine
acceleration, such as an inverted index. Third, a parallel
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search can be conducted to improve query efficiency in
clusters.

With the popularity of cluster applications, successive
parallel versions of some mainstream protein identification
tools have been introduced. Most of these versions are based
on the simple task of partitioning technology among spectra.
As opposed to a stand-alone version, the identification speed
can be increased several times. However, online digestion and
fragmentation cannot be avoided for each retrieval.

To prepare for large-scale protein identification, identi-
fication on a large-scale protein database, with any type of
restriction and modification, must be supported. Based on
pFind, we designed a scalable and efficient system tomeet the
rapid identification needs.

pFind is one of the first protein identification software
designed and developed in China. In terms of accuracy
and speed, pFind has reached the level of international
mainstream commercial software, such as SEQUEST and
Mascot. As early as 2008, pFind has participated in the inter-
national evaluation on protein identification organized by
the Association of Biomolecular Resource Facilities and has
demonstrated strong performance in terms of identification
accuracy and false positive rate control capability. pFind is
currently the only protein search engine devoted to first-line
research that was developed inChina and is used by hundreds
of groups around the world, including Duke University and
MIT.

Search engines usually need to digest protein sequences
online as well as filter peptides according to the mass error,
which may add unnecessary overhead. When spectrum data
are large, the overhead for online digestion will unnecessarily
increase because the process will have to be performed
repeatedly for each batch. If the index space can be guar-
anteed, nonspecific digestion on the protein database would
significantly improve efficiency.

In nonspecific digestion, the protein sequence may cleave
at any amino acid to form peptide fragments, which indicates
that the hydrolysis of peptide can be any substring of the pro-
tein sequence. For each protein sequence, all subsequences
within a specified length and mass range are generated. This
optimization is step B.opt., as shown in Figure 1. Step B.2, as
shown in Figure 3, can be handled in one way by nonspecific
digestion for all enzymes and even offline.This condition not
only lays the foundation for acceleration but also reduces the
dependence on expertise.

In this work, we built a reverted index of peptide
fragments generated by nonspecific digestion in mass prior
to spectrum queries. The index generation process helps
eliminate the overhead of simulated digestion during a
search while naturally supporting the retrieval of nonspe-
cific digestion. All subsequences generated from the protein
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database are sorted by their masses in ascending order, and
an index table is constructed in which the key is the mass of
each peptide represented by three integers: protein ID, start
position, and amino acid length. Therefore, all index terms
are recorded with equal lengths. Given an explicit mass or
mass range to be queried, the time complexity of finding
the first valid position in the datasheet is 𝑂(1). Some range
searches obtained from spectrum peaks with mass tolerance
can then quickly retrieve the unique index. Undoubtedly, this
approach will simplify identification process and will save
both the index build and search time.

Modification identification is another time-consuming
process, and unrestricted posttranslational modification
identification remains inadequate. InsPecT describes an
unrestrictive PTM search algorithm that searches for any
possible type of modification at once in a “blind search”
mode, which does not depend on any given modification
list. Such ideas can be used to identify more types of
modifications, but its operation speed will be affected to a
certain extent. By contrast, the number of modification types
in Unimod is almost complete; at least in the vast majority
of mass spectrometry experiments, Unimod is sufficient.
As of Mascot version 2.3, support for Error Tolerant, an
earlier proposed open identification method, is provided to
iterate search over conventional identification.Moreover, this
approach only supports semidigestion or all modifications in
the Unimod database.

Using pFind with the DeltAMT algorithm [22], the Bei-
jing Proteome Research Center identified core fucosylation
(CF) modification. Over 100 CF glycoproteins and CF mod-
ification sites were identified from plasma samples of human
liver cancer, the greatest number among all reports. The
scale of identification results indicates significant progress in
finding potential biomarkers.Thediscovery of a large number
ofmodifications is of great significance for follow-up research
and would aid in the early discovery of cancer markers
[23]. Therefore, we have reasons to believe that accelerating
pFind is an efficient method to accelerate postmodification
prediction.

The two-stage method can be used to determine one
terminus of the peptide as well as to obtain a smaller number
of candidates. The other terminus of the peptide can then be
determined, taking the mass difference as the modification
to seek in the inverted index of modification that was initially
built according to Unimod, based on the smaller number of
candidates. The complexity in determining one modification
based on mass is 𝑂(1). To focus on acceleration, we will
concentrate on dealing with nonspecific digestion.

2.3. Data Access Characteristics. In this section, we monitor
the data usage of our open protein identification method
and verify the robustness of this approach by implement-
ing a measurable identification system based on Hadoop
software.

We checked the index and query distributions and
obtained the results shown in Figure 4. Basic analysis revealed
that the query is mainly concentrated in less than 2000
Dalton; that is, 97% of total queries is within this range.
However, only 40% of the data in the database is within 2000
Dalton. Meanwhile, the other 60% of the index will only
account for only 3% of the queries, which is largely idle for
these parts. The natural imbalance will inevitably cause some
hot spots and low efficiency.

At first impression, the process of protein identification
over a large-scale protein sequence database is similar to
large-scale text information retrieval. Mature technologies in
the large-scale Internet, such as Google GFS, map/reduce,
and bigtable, can serve as references for protein identification.
Such technologies also provide an important template for
the construction of a large-scale protein identification cloud
system with mechanisms such as distributed storage, load
balance, and fault tolerance with the thousands-of-nodes
cluster of Google.

However, the above results imply that success in the large-
scale Internet with cloud system architecture is unsuitable
for large-scale protein identification. This experiment is not
similar in nature to experiments conducted using Amazon to
distribute spectra [16, 17].
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Nevertheless, we implement a cloud version of our
approach with Apache Hadoop, a popular open-source
software framework derived from Google techniques. This
approach uses Hadoop map/reduce streaming to build the
index for a protein database in advance. The database is then
stored into the Hadoop HBase system for searching. The
performance was just as expected.

2.4. Distributed Speedup. In this section, we design a dis-
tributed acceleration program for digestion-open protein
identification based on the above analysis. To cope with
the massive computational challenges brought by large-scale
databases and nonspecific protein digestion, a parallel protein
identification process must be efficiently implemented. As
shown in Table 1, the number of peptide fragments gener-
ated by nonspecific digestion will increase by approximately
10,000 times compared with the protein number in con-
servative estimates. This number will potentially require a
considerably large index space. Thus, a viable idea to self-
design a system based on the map/reduce ideology to achieve
unlimited expansion and to control data locality in the index
arrangement.

To scale up support for identification on large protein
databases, we introduce a method to partition and distribute
the protein sequence database to build the index separately
among cluster nodes that are parallel among proteins. With
a large search space from nonspecific digestion, the index
cannot be handled using the common stand-alone computer
memory, like for ipi.HUMAN andUNIPROT-SPROT shown
in Table 1, not saying a larger database and more complex
analysis required. To address this issue, a simple and direct
strategy is to partition the protein database into as many
subsets as there are processors and then build the index in
the memory of each subset independently.

To scale up the system further, the database is partitioned
according to the number of processors, and the subdatabase

is again partitioned inside the processor according to the
computer memory capacity. Within a node, the subdatabase
can be partitioned efficiently. Partial identification is then
conducted, and all results are collected as spectra. This
process will help mitigate computer memory limitations. If
speed is not an issue, the large database can be processed on
any number of nodes. Moreover, the database is partitioned
by accounting for the number of amino acids to balance the
load. More detailed analysis can be referred to [24].

Latency hiding is another approach to develop scalable
parallel machines. The main technology is data prefetching
and multithreading. Data prefetching facilitates the prompt
access or transfer of delayed data. Using multi-threading,
computation and communication can be overlapped when
a thread is computing to store data into the memory in
preparation for the subsequent identification. Using this
strategy, index-building time can be saved if the subblock
index can be generated in advance to be prefetched when
needed.

We distribute spectra among CPU cores in multithread
to speed up the system. To improve the performance of
the spectrum identification later, the spectra are sorted in
mass before division into subtask blocks. Thereafter, mass
spectra are assigned with close mass to the same sub-task.
We achieved linear speedup in 320 processors with the
spectrum distribution strategy on a small protein database
[25]. Linear results were likewise obtained in 1024 processors
in subsequent experiments.

In parallel computing, task scheduling is one of the most
critical issues.The scheduling algorithm aims to achieve load
balancing among compute nodes. In other words, parallel
computing ensures that the tasks among compute nodes can
be completedwithin close time points tominimize the overall
running time. For simplicity, we only use the static scheduling
according to the current application characterizations. In our
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Table 1: Scale change in nonspecific digestion.

DB Version Fasta size (MB) No. of proteins No. of peptide fragments Index size (GB)
ipi.HUMAN 3.87 48.71 91,491 1,939,985,477 44.44
UNIPROT-
SPROT 201108 240.51 532,234 9,964,797,926 235.51

Note: peptide mass is 300–8000 Dalton. Peptide length is 3–60 amino acids.
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Figure 5: Performance test on the distributed identification system
(no. of nodes—seconds).

experiments, static scheduling presents good performance in
a homogeneous computer system.

3. Results and Discussion

In this section, we show some evaluation results in terms
of identification speed and throughput of the distributed
acceleration program on a 20-blade cluster.

3.1. Linear Speedup. To evaluate the proposed approach, we
tested a 20-blade cluster with an Intel two-quad-core CPU
and 8GB memory. We took the two databases mentioned
in Table 1 and a raw file randomly sampled from TTE
experiments as input. The raw file was obtained from LTQ-
Orbitrap Velos with HCD collision. To save test time, we
regularly sampled 1096 spectra as a test case.

Figure 5 shows good scalability in the near linear area
from 4 to 20 nodes on both ipi.HUMAN and UNIPROT-
SPROT. In our analysis, the system can easily be scaled up
to support a larger database. Users can add new nodes in the
cluster to meet the growing demand.

3.2. Support for Real-Time Identification over Large Protein
Databases. In analyzing the system overhead, we found that
over 70% of time is used to build the index. We thus
consider building the index offline with nonspecific digestion
support and then perform partial prefetching when needed.
Simulated digestion is only required once for each protein
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Figure 6: Identification throughput in spectra/s/100MB (no. of
nodes—spectra/s/100MB).

sequence database if the index is stored. When an index
block is used for identification, the next block can be fetched
by another process in background to prepare for the next
round. Given that prefetching time can overlap, that is, the
part B overhead in Figure 3 can be saved, nearly four times
of improvement can be achieved. Considering LTQ as an
example, the 16-node system is sufficient to support real-time
identification on it, which generates approximately 5 MS/MS
spectra per second. These results in Figure 6 show that real-
time identification is feasible.

4. Conclusion

Motivated by the significance of protein identification, we
identify the considerable computation demand primarily
based on the development of high-throughput spectrometry
and the expansion of known protein databases. We then pro-
pose an open identification method to support nonspecific
digestion, which lays the foundation for acceleration and
reduces the dependence on digestion expertise. We likewise
accelerated the identification speed to real-time through
appropriate distribution.

In the future, we will still focus on improving the speed
and throughput of protein identification using algorithms
and workflows. Moreover, we plan to conduct more work
on open identification. We will continue contributing to
practical protein identification systems similar to Google for
large-scale Internet.
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T-cell acute lymphoblastic leukemia (T-ALL) is a complex disease, resulting from proliferation of differentially arrested immature
T cells. The molecular mechanisms and the genes involved in the generation of T-ALL remain largely undefined. In this study,
we propose a set of genes to differentiate individuals with T-ALL from the nonleukemia/healthy ones and genes that are not
differential themselves but interconnected with highly differentially expressed ones. We provide new suggestions for pathways
involved in the cause of T-ALL and show that network-based classification techniques produce fewer genes with more meaningful
and successful results than expression-based approaches. We have identified 19 significant subnetworks, containing 102 genes. The
classification/prediction accuracies of subnetworks are considerably high, as high as 98%. Subnetworks contain 6 nondifferentially
expressed genes, which could potentially participate in pathogenesis of T-ALL. Although these genes are not differential, they
may serve as biomarkers if their loss/gain of function contributes to generation of T-ALL via SNPs. We conclude that transcription
factors, zinc-ion-binding proteins, and tyrosine kinases are the important protein families to trigger T-ALL.These potential disease-
causing genes in our subnetworks may serve as biomarkers, alternative to the traditional ones used for the diagnosis of T-ALL, and
help understand the pathogenesis of the disease.

1. Introduction

T-lineage acute lymphoblastic leukemia (T-ALL) is known
to result from malignant transformation of hematopoietic
precursor cells at different maturation stages of T cells, the
so-called thymocytes [1]. Proliferation of developmentally
arrested T cells gives rise to T-ALL. Differentiation arrest may
take place at almost all stages of thymocyte development [2].
T-ALLs are a heterogeneous set of diseases, in terms of cyto-
genetics, molecular aberrations, and clinical characteristics
[1]. Its pathogenesis and subtypes are usually undefined. T-
ALL constitutes 15% of pediatric and 25% of adult ALL cases
[1–4].

In early stages of thymocyte differentiation, immature
T cells undergo V(D)J recombination [1]. During this time,
many other genes, especially the T-cell receptor (TCR) genes,

are transcribed and are in “open chromatin” configuration,
meaning that they are easily accessible to DNA binding pro-
teins, like recombinases. An unusual recombinase actionmay
lead to translocation of chromosomes [3, 5, 6]. Generally, the
translocations involve abnormal juxtaposition of powerful
enhancers or promoters of TCR genes with genes on other
chromosomes, such as transcription factors or oncogenes
[3, 7]. Translocations give rise to not only promoter exchange
but also fusion genes, encoding chimeric proteins [1]. The
othermolecular-genetic abnormalities in T-ALL involve dele-
tions, amplifications, and point mutations which activate
oncogenes or inhibit tumor suppressors, which, in turn, cause
differentiation arrest in thymocytes [1–3]. Deletions are the
reason for loss of tumor suppressors. The correct diagnosis
of acute leukemia requires wide-ranging diagnostic pro-
cedures together with cytochemistry, multiparameter flow
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cytometry, cytogenetics, fluorescence in situ hybridization,
and molecular-genetic methods [8]. Although chromosomal
rearrangements are common to T-ALL, there is still a large
fraction of incidents (50%) where normal karyotype is seen
[1].

The precise diagnosis of a tumor type is the most signif-
icant step in cancer treatments [9]. In order to apply the
appropriate therapy, with maximum efficiency and mini-
mum toxicity, the cancer should be diagnosed and classified
correctly [10]. The challenge is to identify new diagnostic
biomarkers to differentiate diseased and healthy individuals
properly. An optimum biomarker would be easily analyzed
by a single test and measurable in body fluids (such as
blood or urine). However, cancer, in our case T-ALL, is a
complex disease, and it is very difficult to find a single optimal
biomarker at the molecular level [11].

The analysis of genome-wide expression profiles is fre-
quently used to discover new biomarkers [12]. Since microar-
ray or RNAseq high-throughput experiments give informa-
tion about the expression of many genes in parallel [13], they
are proposed to be a robust technology for the identification
of signatures or expression patterns that vary significantly
between diseased and healthy samples [11, 14, 15].The current
long-lasting diagnostic procedures for leukemia (e.g., cyto-
morphology, immunophenotyping, and metaphase cytoge-
netics) might be replaced by the comprehensive microarray
or RNAseq protocols which takes two or fewer days and
allows the simultaneous detection of the expression of almost
all genome in one experimental approach [9].With the exten-
sive usage of microarrays, an increasing number of methods
have been developed to identify biomarkers [14, 16–20].

Along with the advantages of microarrays, there are some
limitations. For instance, some important genes of cancer
are not differentially expressed at the level of transcription
or the fate of cancer may not be controlled at the level of
expression [11]. In addition, the transcriptional level does not
always correlate with the translational level; in other words,
the mRNA expression is not always equal to the protein
expression [21]. The gene-expression levels may vary even
in the genetically identical cells with the same histories of
environmental exposure. These variations, known as “noise,”
come from the random nature of biochemical reactions [22].
Moreover, there is also an “experimental noise” other than
the “expression noise” (biological variations), in which slight
unintended differences in experimental setup may lead to
huge differences in hybridization of probes. This kind of
technical noise is also considered as one of the restrictions for
successful use of this technology [23–25]. Another limitation
of microarrays might be the lack of pathway knowledge. One
way to overcome this problem is to integrate gene-expression
profiles with protein-protein interaction (PPI) networks [26–
29]. A biological function or a phenotype is not controlled
by just one gene [30]; rather pathways or cross-talks among
proteins are responsible for the regulation of a function [31–
33]. Thus, network information provides a functional insight
when integrated with microarray data [11]. Therefore, identi-
fication of differential gene modules or subnetworks instead
of individual differentially expressed genes may increase the
reliability and robustness of biomarkers [11].

Traditional expression-based classification techniques
identify only differentially expressed (DE) genes as signa-
tures/markers, but a network-based approach returns sub-
networks including both DE and non-DE genes [12]. The
differential expression analysis of gene-expression profiles
returns massive numbers of genes which makes it difficult
to conclude that the differential expression of a particular
gene has resulted from the disease/abnormality. Therefore,
we cannot be so sure that the differential analysis identifies
geneswhose differential expression has only resulted from the
disease: there may be another factor affecting the expression
of that gene, such as experimental setup, treatment, or
gender. As noted earlier, even cells with identical genome and
environmental exposure history show variations in their gene
expression (noise).Thus, just differential analysis alone is not
reliable enough to conclude a gene as a biomarker of a disease.

However, network-based approaches do not depend on
only expression data. They integrate microarray data with
PPI data and return subnetworks rather than individual
genes. The number of subnetworks is not as high as the
number of individual genes identified by differential analysis.
These subnetworks are differential as a whole, but individual
genes in a subnetwork may not be differential. Although
irresponsive genes cannot be regarded as biomarkers, they
have very important role in interconnecting several DE genes
and can help us to understand the pathogenesis of the
disease. The non-DE genes are necessary to maintain the
integrity of the subnetworks, meaning that they are required
to interconnect highly DE genes. Furthermore, generation of
a disease necessitates somemutations or polymorphisms that
may lead to loss of function or gain of function of proteins
without affecting the expression level of that protein. This
does notmean that this particular protein is not significant for
the disease just because it is not differentially expressed. The
resulting subnetworks represent models of the underlying
molecular mechanisms. Each module corresponds to a dif-
ferent functional pathway or complex. Since genes function
in collaboration rather than alone, subnetworks are more
rational than independent responsive genes, from a biological
perspective [34].

In this study, we used PinnacleZ algorithm [12] to inte-
grate microarray and PPI data. In addition to PinnacleZ algo-
rithm, there are several other studies which provide different
ways to integrate gene-expression data with other biologi-
cal data, such as protein-protein interactions, protein-DNA
interactions, molecular signatures, or hub proteins [35–42].
These integrated analyses not only improve the prediction
accuracy but also shed light on the biological pathways
involved in the pathogenesis of the diseases. However, there
are not significant differences in their prediction accuracies
among themselves [43]. Combining PPI and microarray data
has led also to determining some important proteins that
are highly connected in interaction networks: “party” and
“date” hubs [44, 45]. Party hubs are the ones highly correlated
with its interacting partner proteins (coexpressed) and date
hubs are less-correlated genes with its interacting partners
[44, 45]. The method of Taylor et al. [42] successfully used
hub proteins to reveal the dynamic modularity in protein
networks to predict breast cancer outcome.
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Hierarchical clustering is one example of the expression-
based classification techniques which groups together both
genes and samples with similar expression patterns. It can
also define subclasses of a disease, such as cancer (e.g.,
different stages of cancer or different types of cancer, like
B-ALL versus T-ALL) [46]. Clustering algorithms try to
organize genes or samples according to their similarity
in expression. Genes with related pattern appear in the
immediate vicinity of each other. In other words, it gathers
coexpressed genes together. It also has a tendency to arrange
genes with similar functions together since the functionally
related genes are likely to be co-expressed [47]. Hierarchi-
cal clustering is a type of unsupervised clustering which
does not use any prior knowledge regarding the sample
classes.

2. Methods

2.1. Microarray Data (The MILE Study). We used a compre-
hensive group of Affymetrix microarray datasets to deter-
mine which genes or modules discriminate T-ALL sam-
ples from healthy individual samples. This study included
bone marrow samples of 173 T-ALL patients at diagno-
sis (untreated patients) and 74 nonleukemia/healthy spec-
imens (e.g., healthy, hemolysis, and iron deficiency). The
patient samples were heterogeneous; that is, there were
samples from different stages of T-ALL. All microarray
data were obtained from the Microarray Innovations in
Leukemia (MILE) study, the National Center for Biotech-
nology Information’s Gene Expression Omnibus database
(http://www.ncbi.nlm.nih.gov/geo/) under series accession
no. GSE13204. The MILE study is an international stan-
dardization program and was conducted by 11 laboratories
across three continents [13]. The comprehensive MILE data
has a high degree of intra- and interlaboratory correlation,
meaning that they tried to minimize the disadvantages of
microarrays, such as noise. In order to avoid the limitations of
microarrays, we used only MILE data. There were two stages
in this study containing microarray samples of 17 different
classes of leukemia and myelodysplastic syndromes and an
18th class of non-leukemia. We used only the first stage in
which thewhole genomemicroarray platform (HG-U133Plus
2.0; Affymetrix, Santa Clara, CA, USA) was used [15]. In
the GEO-series matrix, the microarray data were already
summarized and quantile normalized as described before
[48].

In order to integrate microarray data with the human PPI
network, it is necessary to convert Affymetrix probeset IDs to
corresponding Entrez gene IDs.The annotation data was also
provided under the same accession number. It is important
to note that values for multiple probes corresponding to the
same Entrez ID were averaged so that a particular gene ID is
seen only once throughout the microarray data.

We also used a recently published dataset to test per-
formance of our subnetworks. This dataset includes gene-
expression profiles of childhoodT-ALLbonemarrow samples
under series accession no. GSE46170 from GEO.This dataset
includes 31 patients and 7 healthy samples.

2.2.HumanProtein InteractionNetwork. ThehumanPPI net-
work is obtained from Human Protein Reference Database.
There are 38788 PPIs whose interactions are experimentally
verified and extracted from the literature [49].

2.3. Data Integration. In order to combine human PPI data
with microarray data, we used a previously described algo-
rithm (PinnacleZ, a plugin to cytoscape) [12]. This algorithm
superimposes gene-expression values with corresponding
network proteins, begins from every protein (seed) in the
PPI network, and greedily appends interactions to identify
the subnetwork starting from each seed whose mean expres-
sion for each sample best discriminates between the two
sample types (In our case, the sample types are T-ALL and
nonleukemia/healthy conditions). At first, the number of
resulting subnetworks is equal to the number of proteins in
the PPI network. Then, nonsignificant modules are filtered
out by three types of permutation testing [30]. At last,
subnetworks with high discriminative potential are obtained.

To equate the number of healthy individuals (74) to the
number of patients with T-ALL (173), we divided T-ALL
patient samples into two groups randomly. Then, we merged
each half of patient data with the healthy data, separately. For
each merged data (87+ 74 and 86+ 74), we ran the algorithm
4 times. Then, we resampled our patient samples 5 times
(we again divided T-ALL samples into 2 groups randomly;
thus these 2 groups are different from the 2 groups created
before. So,we generated 10 different combinations of patients)
and repeated the merging and algorithm-running steps. We
obtained results of 40 runs in total.

2.4. Classification Accuracy. The classification accuracy of a
given subnetwork or the overall rate of correct predictions
of the patient and healthy datasets was estimated by 10-fold
cross-validation with two different classifiers (J48 and RBF
network classifiers implemented in WEKA [50]). According
to 10-fold cross-validation, the complete dataset was divided
into 10 uniformly sized subgroups; the classifier was trained
for nine subgroups, and predictions were made for the
remaining subgroup. High classification accuracy, like 90%,
means that a given subnetwork differentiates/predicts the
patient and healthy samples correctly, 90% of the time.

As pointed out, we randomly divided diseased samples
into two groups: for each half we found subnetworks and
determined their classification accuracy. We used the other
half as a validation set to cross-test the prediction accuracy of
a given subnetwork.

We also used an independent microarray dataset (child-
hood T-ALL samples, GSE46170) to test the classification
accuracies of our subnetworks. Again the prediction accu-
racies are obtained by J48 and RBF network classifiers in
WEKA, by 10-fold cross-validation.

2.5. Functional Enrichments. Functional enrichment anal-
ysis was achieved by using Gene Ontology Tree Machine
(GOTM) which searches for functional enrichments from
Gene Ontology (GO) and Kyoto Encyclopedia of Genes and
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Figure 1: First seven of the most frequent subnetworks. Nodes represent proteins, and edges represent interactions. The color of each node
ranges in accordance with the change in expression of the corresponding gene for T-ALL versus healthy samples. The shape of each node
shows whether its gene is significantly differentially expressed (diamond; 𝑃 < 0.05 from a two-tailed 𝑡-test) or not (circle).
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Table 1: GO enrichments of nondifferentially expressed genes.

Gene symbol Subnetwork Gene title GO: function GO: process

P2RX7 Sub-9
Purinergic receptor P2X,
ligand-gated ion
channel, 7

ATP binding, ATP-gated
cation channel activity,
ion channel, and
receptor activity

Ion transport, signal
transduction

C9 Sub-13 Complement
component 9 No enrichments

Caspase activation, complement
activation, and induction of
apoptosis

CHGA Sub-14
Chromogranin A
(parathyroid secretory
protein 1)

Calcium ion binding,
protein binding Regulation of blood pressure

PLG Sub-14 Plasminogen

Apolipoprotein binding,
calcium ion binding,
peptidase activity, and
plasmin activity

Blood coagulation, induction of
apoptosis, negative regulation of
angiogenesis, cell proliferation,
fibrinolysis, proteolysis, and
tissue remodeling

MEP1A Sub-14 Meprin A, alpha (PABA
peptide hydrolase)

Astacin activity,
metal-ion binding,
metallopeptidase
activity, and zinc-ion
binding

Digestion, proteolysis

HN1L Sub-16
Hematological and
neurological expressed
1-like

No enrichments No enrichments

Genomes (KEGG) categories for genes in the given subnet-
works.

2.6. Hierarchical Clustering. In order to identify groups of
genes that have similar expression patterns and to show
the difference between expression-based and network-based
classification approaches, hierarchical clustering method was
applied to 173 T-ALL and 74 healthy samples together. Ini-
tially, there were 20148 probes.Then, these probes are filtered
by 𝑡-test. We determined the first 100 most differential genes,
and we repeated the same analysis with the first 200 most
differential genes.The rationale behind this is to analyze how
the results would change between these two sets. Hierarchical
clustering algorithm which is implemented in Expander [51]
was performed on both the 200 and 100 most differentially
expressed genes. Both samples and genes are clustered with
complete linkage and Pearson correlation.

3. Results and Discussion

We applied both expression-based and network-based
approaches to find important genes for the generation of
T-ALL and to show that network-based approaches are
more successful in returning more meaningful results than
expression-based approaches.

As a network-based approach, we used PinnacleZ algo-
rithm [12] to distinguish T-ALL patients and healthy samples
by integrating microarray data with the human PPI network.

This approach enabled us to identify subnetworks/modules
as markers which differentiate the patients from healthy
individuals. The size of subnetworks or the number of genes
in a subnetwork varies, ranging from 1 to 10 genes. As noted
earlier, the individual genes may not be responsive, meaning
that expression of a particular gene is different in patients and
healthy samples, but an entire subnetwork is differential.

As explained in the Methods section, we prepared dif-
ferent combinations (10 different combinations) of patient-
healthy merged data and ran the algorithm 4 times with
each combination. Then, we focused on the most frequent
subnetworks. We recovered the most repeated 19 subnet-
works, out of 183 subnetworks (see Figures 1, 2, and 3.
Please refer to Supplementary Material available online at
http://dx.doi.org/10.1155/2013/210253 (Table S1–Table S19) to
see the names and functions of these genes.). These subnet-
works cover 102 genes in total, and the majority of them are
differentially expressed (DE). There are only 6 genes whose
expression is not differential among T-ALL and healthy
samples (see Table 1). The list of genes in the subnetworks,
their functions, and the pathways they are involved in can be
found in Table 2 and also in the Supplementary Material.

Development of cancer requires the accumulation of
several mutations in several genes in different pathways [52].
Since the cell regulation is controlled by many pathways,
a mutation in one pathway may be compensated by other
pathways. But if there are many mutations in numerous
pathways, the harmful impacts of these mutations cannot
be compensated. For instance, if a tumor suppressor gene is
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Table 2: KEGG and GO enrichments of the most frequent 19 subnetworks.

Subnetworks KEGG GO: function
Sub-1 No enrichments Actin binding, calmodulin binding

Sub-2
Chemokine-signaling pathway,
Chemokine-cytokine receptor interaction,
endocytosis

Signal-transducer activity, chemokine activity,
and cytokine activity

Sub-3 ECM-receptor interaction, focal adhesion, and
hematopoietic cell lineage

Growth factor binding, extracellular matrix
structural constituent

Sub-4
Pathways in cancer, colorectal cancer, pancreatic
cancer, chronic myeloid leukemia, cell cycle, Wnt
signaling pathway, and MAPK signaling pathway

Promoter binding, transcription activator activity,
and transcription factor activity

Sub-5 Neuroactive ligand-receptor interaction Signal-transducer activity, G-protein coupled
receptor activity

Sub-6 No enrichments No enrichments
Sub-7 No enrichments No enrichments

Sub-8 Pathways in cancer, colorectal cancer, and Wnt
signaling pathway No enrichments

Sub-9
Leukocyte transendothelial migration, regulation
of actin cytoskeleton, dilated cardiomyopathy, Fc
gamma R-mediated phagocytosis, and
hypertrophic cardiomyopathy (HCM)

GTP binding, actin binding

Sub-10 Phagosome, gap junction GTP binding, GTPase activity, nucleotide
binding, and structural molecule activity

Sub-11 No enrichments
Metal-ion binding, calcium ion binding, SH3
domain binding, and phospholipid transporter
activity

Sub-12 No enrichments No enrichments
Sub-13 Complement and coagulation cascades No enrichments

Sub-14 Bladder cancer Calcium ion binding, metalloendopeptidase
activity

Sub-15 Toll-like receptor signaling pathway Transmembrane receptor activity

Sub-16
Pathways in cancer, neurotrophin signaling
pathway, ErbB signaling pathway, and
nonhomologous endjoining

ATP binding, protein C-terminus binding

Sub-17 Toll-like receptor signaling pathway, pathogenic
Escherichia coli infection Transmembrane receptor activity

Sub-18 Tight junction, endocytosis No enrichments
Sub-19 No enrichments No enrichments

inactivated, it is not enough to generate cancer; additional
mutations are needed before cancer appears [53]. We found
that the subnetworks correspond to different pathways, in
general (Table 2). This result supports the notion that mul-
tiple cell regulatory pathways are involved in production
of leukemogenesis. Targeting defective molecular pathways
is more effective in getting rid of cancer cells and less
destructive for rapidly dividing normal cells, which is referred
to as “targeted therapy” [54, 55]. Since targeted therapy aims
at destroying only tumor cells whose particular pathways are
broken or malfunctioning, it might have fewer side effects
than chemotherapy and radiotherapy which are cytotoxic
to all fast-proliferating cells, including the healthy ones.
Targeting our subnetworks or their corresponding pathways
may result in development of efficient novel drugs for T-ALL
treatment.

Table 3: T-ALL related genes found in subnetworks and their
behavior in our samples.

T-ALL related genes Subnetwork Behavior
ABL1 16 ↑

CCL5 2 ↓

CD99 12 ↑

TP53 4 ↑

WT1 4 ↑

Among the genes in the subnetworks, some are known
to be associated with T-ALL from previous studies: ABL1 [1,
56, 57], CCL5 [58], CD99 [59], TP53 [60], and WT1 [61, 62].
Table 3 exhibits these T-ALL related genes and their behavior.
Many other genes seen in subnetworks were not previously



BioMed Research International 9

Table 4: Cancer related genes recovered in subnetworks and their
behavior in our samples.

Cancer related genes Subnetwork Behavior
VANGL1 8 ↑

CEACAM5 7 ↑

SSBP2 7 ↑

LTB4R 5 ↓

TFAP2C 4 ↑

USP13 8 ↑

CD36 3 ↓

UBE2I 4 ↑

EWSR1 6 ↑

SOX4 4 ↑

LASP1 9 ↓

found to be linked to T-ALL (some are related to cancer, but
not specifically to T-ALL, such as VANGL1 [63], CEACAM5
[64], SSBP2 [65], LTBR4 [66], TFAP2C [67], USP13 [68],
CD36 [69], UBE2I [70], EWSR1 [71], SOX4 [72], and LASP1
[73]) (See Table 4, for corresponding subnetworks and the
behavior of these genes). So, after experimental validation,
these genes may serve as novel markers for T-ALL.

There are 6 non-DE genes in our subnetworks (Table 1).
Although these irresponsive genes cannot be considered
as markers of T-ALL, they have very important roles in
interconnecting numerous DE genes, and their presence
could be essential for malignant transformation of precursor
T-cells. One of the 6 non-DE genes is P2RX7 (Figure 2,
subnetwork 9), which is a purinergic receptor P2X, expressed
in hematopoietic cells, and mediates both apoptosis and
proliferation, depending on the level of activation [74–76].
Prolonged activation of this receptor by extracellular ATP
is a significant mechanism to initiate apoptosis in T and B
lymphocytes [76, 77]. Its loss of function by an SNP (1513A→
C) has an antiapoptotic effect and is previously shown to be
related to chronic lymphoblastic leukemia (CLL). Although
this SNP abolishes the function of P2RX7, it does not have
an impact on the expression level of the receptor [76, 78].
Thus, loss of function does not imply reduced expression.
In T-ALL, it is possible seeing a similar mutation which
leads to loss of function of this receptor, without affecting
its expression level. Therefore, despite its nondifferential
expression, it may contribute to the pathogenesis of the
disease. Only differential expression analysis would not
highlight this gene as important, but network-based approach
detected it as a significant one. Moreover, loss of function of
P2RX7 decreases the efficiency of adjuvant chemotherapy in
breast cancer patients [79]. So, P2RX7 should be present to
benefit from chemotherapy. Apart from its role in apoptosis,
it also promotes proliferation upon weak stimulation [80].
Furthermore, P2RX7 expression (not necessarily upregula-
tion) results in increased proliferation and reduced apoptosis
[81]. When oxidized ATP, P2RX7 inhibitor, was injected
into the tumor, the tumor shrank [81]. Upregulation of
this gene was seen in acute lymphoblastic leukemia (ALL),
acute myelogenous leukemia (AML), chronic myelogenous

leukemia (CML), and myelodysplastic syndrome [82]. In
addition, its high expression diminished the remission rate
of AML after a dose of standard therapy [82]. Although the
upregulation of P2RX7 is not observed in our T-ALL samples,
these data suggest that it is worthwhile to further investigate
the potential role of P2RX7 in the generation of T-ALL.

PLG and MEP1A are other examples of our non-DE
genes. PLG (Figure 3, subnetwork 14) encodes plasminogen
which is essential for cancer cell invasion and metastasis.
Plasminogen activators convert plasminogen to active plas-
min which in turn activates MEP1A [83]. MEP1A (Figure 3,
subnetwork 14), meprin A, is a metalloprotease that cleaves
proteins and degrades extracellular matrix, facilitating the
tissue invasion and metastasis [84]. They participate in the
migration of leukocytes to the sites of infection andmigration
of cancer cells in metastasis [85]. Meprin A is upregulated
in several cancer cells [86, 87]. T-cell lymphoid tumor
growth is decreased by plasmin inhibitors by suppressing
metalloproteinases [88]. Even though these two genes are
not DE in our T-ALL samples, there is clear evidence that
these two groups of enzymes are very important candidates
of disease-causing genes.

Another non-DE gene is CHGA, chromogranin A, which
is an acidic glycoprotein commonly expressed by neuroen-
docrine cells [89]. It is widely used as a diagnostic and prog-
nostic biomarker for neuroendocrine tumors [90]. Our fifth
non-DE gene is C9, complement component 9. Tumor cells
possess some protective mechanisms against complement-
mediated tumor cell lysis [91]. Human leukemic cells remove
membrane attack complexes from their surfaces by phos-
phorylating C9 [92].Therefore extracellular phosphorylation
of C9 provides a defense mechanism against complement
system. In addition, complement system is defective in CLL
patients [93]. T-ALL could have a similar protective method
as CLL does. Further studies are necessary to elucidate the
roles of these non-DE genes in the pathogenesis of T-ALL.
These genes may lead to new clinical therapies for T-ALL.

Subnetworks are rich in transcription factors: there are
14 transcription factors involved in subnetworks (Table 5).
This result is in accordance with the important assumption
that abnormal or ectopic activation of specific transcription
factor genes, with/without chromosomal rearrangements, is
the main event in transformation of immature T cells [5].

There were 6 tyrosine kinases (Table 6), in our subnet-
works. Tyrosine kinases have a critical role in TCR signaling,
regulation of T-cell immune response, and T-cell survival
and proliferation. Expression of tyrosine kinases, like ABL1,
affect pre-TCR and TCR signaling and give a proliferative
and survival advantage [1]. ABL1 is an oncogene and is often
seen as ABL1-NUP214 fusion gene in T-ALL [1, 7, 61]. As can
be seen in subnetwork 16 (Figure 3), ABL1 is upregulated in
T-ALL patients compared to healthy individuals. Although
YWHAGwas not found to be related toT-ALLbefore, it inter-
acts with ABL1. The overexpression of ABL1 might induce
upregulation of the YWHAG gene (Figure 1, subnetwork
7). BTK is significantly downregulated in T lymphocytes,
which is consistent with our results. PTK2, also known as
FAK, Focal Adhesion Kinase, (Figure 1, subnetwork 2) has a
role in growth, differentiation, tumor metastasis, and wound
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Table 5: Transcription factors recovered in subnetworks.

Gene symbol Gene title Subnetwork Behavior
TNNI2 Troponin I type 2 (skeletal, fast) Sub-1 Down
SMAD4 SMAD family member 4 Sub-4 Up
TP53 Tumor protein p53 Sub-4 Up
ATF2 Activating transcription factor 2 Sub-4 Up
WT1 Wilms, tumor 1 Sub-4 Up
SOX4 SRY- (sex determining region Y-) box 4 Sub-4 Up

TFAP2C Transcription factor AP-2 gamma (activating enhancer binding
protein 2 gamma) Sub-4 Up

ATXN3 Ataxin 3 Sub-6 Up
SALL2 Sal-like 2 (Drosophila) Sub-6 Up
EWSR1 Ewing sarcoma breakpoint region 1 Sub-6, sub-7 Up
SSBP2 Single-stranded DNA binding protein 2 Sub-7 Up
GFI1B Growth factor independent 1B transcription repressor Sub-11 Down
ABL1 c-abl oncogene 1, receptor tyrosine kinase Sub-16 Up

XRCC6 X-ray repair complementing defective repair in Chinese hamster cells
6 (Ku autoantigen, 70 kDa) Sub-16 Up

Table 6: Genes involved in tyrosine-kinase signaling pathway recovered in subnetworks.

Gene symbol Gene title Subnetwork Behavior
BTK Bruton agammaglobulinemia tyrosine kinase Sub-17 Down
ABL1 c-abl oncogene 1, receptor tyrosine kinase Sub-16 Up

YWHAG Tyrosine 3-monooxygenase/tryptophan 5-monooxygenase activation protein,
gamma polypeptide Sub-7 Up

PTK2 PTK2 protein tyrosine kinase 2 Sub-2 Down
COL1A2 Collagen, type I, and alpha 2 Sub-3 Down
SPARC Secreted protein, acidic, and cysteine rich (osteonectin) Sub-14 Down

healing [94–97]. Its overexpression is associated with several
types of cancer [98, 99]. But in a recent study, it has been
shown that PTK2 protein is predominantly absent in both
normal T cells and T-lymphoblastic leukemia/lymphoma.
Although it is negative in T-cell leukemia/lymphoma, it is
mostly positive in B-cell lymphomas [96]. Consistent with
the literature, PTK2 gene is also downregulated in T-ALL
patients used in this study. Cell adhesion molecules (CAMs)
are necessary for interaction of hematopoietic cells with
extracellular matrix with stromal and other cells [53]. Defects
in adhesion were reported in other types of leukemia before,
such as in chronic myeloid leukemia (CML) [53, 100, 101].
The failure of hematopoietic stem cells (HSCs) to express the
correct or fundamental adhesion molecules may contribute
to transformation of a normal HSC to leukemic cell and to
get arrested at a particular step of their differentiation. The
adhesion deficiency may also help leukemic cells to escape
from the recognition by immune system [53].

Interestingly, the subnetworks are also abundant in zinc-
ion (Zn2+) binding proteins (Table 7) which are generally
enzymes, including those involved in DNA repair. Zinc-
finger motifs play key role in interaction of proteins with
nucleic acids (DNA/RNA) [102]. They are essential for
site-specific DNA recognition and transcriptional activation

[103]. Zn2+ has both structural and regulatory roles in zinc-
binding proteins, meaning that Zn2+ maintains the three-
dimensional structure of the proteins, and it is required for
the proper function of the proteins. For example, p53 needs
Zn2+ to fold properly. Both excess and inadequate amounts
of Zn2+ cause misfolding of p53 [103]. One of the molecular
mechanisms in carcinogenesis is the deformation of zinc-
finger domains in DNA repair proteins [102]. Zn2+ is also
important for thymic immune responses [104]. Low levels of
zinc are frequently reported in ALL cases. Normal lympho-
cytes contain more zinc than leukemic cells [105]. Treatment
of ALL patients with zinc, in addition to chemotherapy, was
hypothesized to increase the overall ability to recover fromT-
ALLpermanently and to endure toxic effects of chemotherapy
[106]. Some of the Zn2+ ion binding proteins are upregulated,
but some are downregulated (see Table 7). Although zinc-
ion binding proteins do not behave similarly at the level
of expression (i.e., they are not all up-regulated or down-
regulated: some of them are upregulated, while some are
downregulated), it is evident that more attention should be
paid to them.

Two subnetworks are actually individual genes rather
than interconnected genes (subnetwork 10, Figure 2 and
subnetwork 19, Figure 3). These genes are TUBB1 and HHIP.
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Table 7: Zinc-ion binding proteins recovered in subnetworks.

Gene symbol Gene title Subnetwork Behavior
TP53 Tumor protein p53 Sub-4 Up

ATF2 Activating transcription
factor 2 Sub-4 Up

WT1 Wilms, tumor 1 Sub-4 Up
SALL2 Sal-like 2 (Drosophila) Sub-6 Up

EWSR1 Ewing sarcoma
breakpoint region 1 Sub-6, sub-7 Up

USP13
Ubiquitin specific
peptidase 13
(isopeptidase T-3)

Sub-8 Up

CXXC4 CXXC finger 4 Sub-8 Up
LASP1 LIM and SH3 protein 1 Sub-9 Down

GFI1B
Growth factor
independent 1B
transcription repressor

Sub-11 Down

APP
Amyloid beta (A4)
precursor protein
(peptidase nexin-II,
Alzheimer’s disease)

Sub-13 Down

MEP1A Meprin A, alpha (PABA
peptide hydrolase) Sub-14 Non-DE

MMP9
Matrix metallopeptidase
9 (gelatinase B, 92 kDa
gelatinase, and 92 kDa
type IV collagenase)

Sub-14 Down

RASA4 RAS p21 protein
activator 4 Sub-16 Up

BTK
Bruton
agammaglobulinemia
tyrosine kinase

Sub-17 Down

USP20 Ubiquitin specific
peptidase 20 Sub-18 Up

PRKCI Protein kinase C, iota Sub-18 Up

HHIP stands for Hedgehog Interacting Protein, which is
a negative regulator of Hedgehog signaling pathway. Over-
activity of Hedgehog signaling pathway is related to many
cancer types [107]. HHIP is found to be associated with lung
cancer [108] and brain tumor [109]. Although it is down-
regulated in several tumor types, it is up-regulated in our T-
ALL patients (subnetwork 19, Figure 3) [110, 111]. The other
individual gene that is found as a marker is TUBB1, Tubulin
beta-1 (subnetwork 10, Figure 2), which has a role in assembly
of microtubules only in hematopoietic cells. Altered expres-
sions of beta-tubulin isotypeswere observed in specific tumor
types [112]. Tubulin mutations are involved in resistance to
drugs that target microtubules in cancer patients [113].

CALM1 gene, a member of subnetwork 1 (Figure 1), has
been shown to be involved in a translocation with AF10 gene,
and this fusion gene was detected in almost 10% of immature
T-ALL patients. CALM-AF10 fusion gene upregulates HOXA
gene cluster and has shown to be related to bad prognosis
[114]. Dik et al. studied gene-expression profiles of CALM-
AF10 positive and negative T-ALL patients and revealed that

Table 8: Classification accuracies of subnetworks found by two
different classifiers in WEKA.

Subnetworks J48 RBF
network

J48
(validation set)

RBF network
(validation set)

Sub-1 93 97 95 96
Sub-2 91 96 91 98
Sub-3 93 97 96 98
Sub-4 98.75 99 93 96
Sub-5 94 97 92 98
Sub-6 96 97 94 94
Sub-7 96 97.5 96 96
Sub-8 94 97 96 93.75
Sub-9 93 98 93 94
Sub-10 97 97 96 96.25
Sub-11 91 98 93 97
Sub-12 95 99 96 98
Sub-13 98 98 95 99
Sub-14 94 97.5 91 93
Sub-15 93 97 92 93
Sub-16 95 96 92.5 97
Sub-17 89 97 90 94
Sub-18 93 96 94 97
Sub-19 96.27 96.89 96.25 97

Table 9: Classification accuracies of subnetworks on an indepen-
dent microarray data by two different classifiers in WEKA.

Subnetworks J48 RBF network
Sub-1 73.68 76.31
Sub-2 94.73 92.1
Sub-3 81.57 76.31
Sub-4 68.42 94.73
Sub-5 89.47 97.36
Sub-6 78.94 78.94
Sub-7 78.94 81.57
Sub-8 89.47 84.21
Sub-9 89.47 81.57
Sub-10 81.57 73.68
Sub-11 81.57 86.84
Sub-12 68.42 89.47
Sub-13 71.05 71.05
Sub-14 81.57 89.47
Sub-15 92.1 86.84
Sub-16 86.84 86.84
Sub-17 84.21 89.47
Sub-18 92.1 81.57
Sub-19 81.57 76.31

the TUBB gene was 7-fold overexpressed in CALM-AF10
positive patients [115]. In this study, TUBB1 genewas detected
in subnetwork 10 as an individual gene (Figure 2). TUBB
polymorphisms were described in ALL patients, and they
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Figure 4: The heat map shows the hierarchical clustering result of the 100 most differentially expressed genes in T-ALL with respect to
healthy individuals. Red and green spots represent upregulated and downregulated genes, respectively. Black spots denote equal expression.
The columns labeled with light green belong to healthy individuals, and the columns labeled with black are individuals with T-ALL.
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Figure 5:The heatmap shows the hierarchical clustering result of the 200most differentially expressed genes in T-ALLwith respect to healthy
individuals. Red and green spots represent up-regulated and down-regulated genes, respectively. Black spots denote equal expression. The
columns labeled with light green belong to healthy individuals, and the columns labeled with black are individuals with T-ALL.

were suspected to be involved in drug resistance [116]. ADD2
gene is another gene in subnetwork 1. ADD genes are a family
of cytoskeleton proteins encoded by three genes (ADD1,
ADD2, and ADD3). ADD2 gene knockout mice are used as
models for leukemia, and ADD3 gene was shown to have
a translocation with NUP98 in T-ALL patients [117]. These
two findings show that ADD gene family takes place in the
hematopoiesis and also in hematologic malignancies.

In subnetwork 8 (Figure 2), two genes that take part
in early developmental stages, VANGL1 and VANGL2, are
found directly related to DVL gene. DVL gene negatively
regulates WNT signalling pathway which plays an important
role in the hematopoiesis, particularly in T-cell development
[118].These findings stress once again the importance of these
networks in T-ALL pathogenesis not only on gene-expression
level but also on protein level.

3.1. Classification Accuracies of Subnetworks. After finding
subnetworks, we tested their classification accuracies with
two different classifiers, namely, J48 and RBF-network in
WEKA [50]. The prediction accuracy of each subnetwork
was tested individually with 10-fold cross-validation. As
discussed, the patient samples were randomly divided into 2
groups, and, for each subgroup, differential subnetworkswere
found. Classification accuracies of subnetworks were found
by testing their original sub-group (the group for which the
subnetworks were found) and by cross-testing the remaining
sub-group (the other half of the patients). The cross-testing
was applied to validate the prediction accuracies of modules
also in different sets of patient microarray data. All of the
subnetworks achieved very high accuracies in prediction,
higher than 90% (Table 8). There are some subnetworks that
achieved 99% prediction accuracy (Figure 1, subnetwork 4
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Table 10: T-ALL related genes in KEGG pathways [119].

Gene symbol Gene title
SIX4 SIX homeobox 4
LMO2 LIM domain only 2 (rhombotin-like 1)
HPGD 15-Hydroxyprostaglandin dehydrogenase (NAD)
GRIA3 Glutamate receptor, ionotropic, and AMPA 3
EYA1 Eyes absent homolog 1 (Drosophila)

FUT8 Fucosyltransferase 8 (alpha (1,6)
fucosyltransferase)

MLL Myeloid/lymphoid or mixed-lineage leukemia
(trithorax homolog, Drosophila)

MEIS1 Meis homeobox 1
HOXA9 Homeobox A9
TLX1 T-cell leukemia homeobox 1
CCR7 Chemokine (C-C motif) receptor 7
LDB1 LIM domain binding 1

CDKN2C Cyclin-dependent kinase inhibitor 2C (p18,
inhibits CDK4)

LYL1 Lymphoblastic leukemia derived sequence 1

TCF3 Transcription factor 3 (E2A immunoglobulin
enhancer binding factors E12/E47)

HHEX Hematopoietically expressed homeobox
SIX1 SIX homeobox 1
HOXA11 Homeobox A11
PTCRA Pre-T-cell antigen receptor alpha

MLLT1 Myeloid/lymphoid or mixed-lineage leukemia
(trithorax homolog, Drosophila), translocated to 1

HOXA10 Homeobox A10

andFigure 2, subnetwork 12).These results also prove the suc-
cess of the network-based classification approaches. Cross-
comparisons between two independent halves of patient
dataset revealed that subnetworks are good at distinguishing
T-ALL patients from healthy individuals, regardless of the
dataset in which they are found. In other words, they can
classify patients in both independent datasets with similar
accuracies.

To check whether our subnetworks are also applicable
to other publically available microarray data, we used gene-
expression profiles of childhood T-ALL samples (GSE46170).
As Table 9 shows, the classification accuracies of subnet-
works on this independent dataset are also relatively high,
about 83% on average (ranging 71–94%) over subnetworks.
Compared to original dataset (MILE) on which the sub-
networks are found, the independent dataset showed lower
performance on classification. This decrease in classification
accuracies may stem from the fact that the independent
dataset contains only childhood T-ALL samples as opposed
to MILE study which has heterogeneous patients, meaning
that there are patients from different stages of the disease
and they are not specifically childhood T-ALL samples.
Another reason may be the imbalanced number of patients
(31 patients) and healthy samples (7 healthy individuals)
in this independent dataset. The imbalanced numbers of

Table 11: Classification accuracies of 21 T-ALL related genes in
KEGG pathways in MILE and independent microarray data by two
different classifiers in WEKA.

Datasets J48 RBF network
MILE study dataset 93.11 95.95
Independent dataset 84.21 86.84

healthy and patient samples may also decrease the prediction
accuracy.

Moreover, to demonstrate the accomplishment of our
subnetworks, we compared them with T-ALL related genes
in KEGG pathways [119], considered as a module. Table 10
displays these 21 genes, and Table 11 presents their classifi-
cation accuracies. The performance of these genes is also
high, but this outcome is not surprising because these 21
genes are already known to be related to T-ALL. However,
our subnetworks largely consist of novel markers of T-
ALL, and they do the same or better jobs than these 21
genes in KEGG pathway. Moreover, there is also a decrease
in accuracies of these genes when tested on independent
dataset compared to MILE dataset. So, it is normal that our
subnetworks achieve higher accuracies in MILE dataset but
lower in the independent dataset (GSE46170). As indicated
above, the reason may be the imbalanced numbers of healthy
and patient samples.

Although integrating microarray data with network
information is a promising way to identify functional bio-
markers, the drawback of pathway-based classifiers is that
most of the human genes have not been assigned to a defini-
tive pathway yet [12]. As pathways become more complete,
the classification performances of pathway-based approaches
will increase [18].

3.2. Hierarchical Clustering Results. After filtering 20148
probes in microarray data with 𝑡-test and obtaining the 100
and 200 most DE genes, hierarchical clustering was applied
with complete linkage and Pearson correlation.The resulting
clusters are shown in Figures 4 and 5. Since there are too
many samples and genes, the gene names are not visible on
these figures. Please refer to Supplementary Material (Table
S20 and Table S21) to see the names and functions of these
genes.

In Figure 4, cluster results of the 100 most DE genes,
5 T-ALL samples, and 1 healthy sample are misclassified,
meaning that 5 T-ALL samples were grouped in healthy
samples and 1 healthy sample was grouped in patient samples.
Moreover, there are 1 T-ALL and 1 healthy sample, which are
misclassified in clusters of the 200 most DE (Figure 5). This
result is expected since 200 genes provide more information.
However, the number of genes is much larger than the one we
obtained in subnetworks.

A far more striking result is that 102 genes in our
subnetworks and the 100 most DE genes have only 2 genes
in common (Table 12). Furthermore, subnetworks and the
200 most DE genes have only 8 genes in common (Table 13).
This result shows that 94 of our subnetwork genes are less
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Table 12: The genes common to subnetwork genes and the 100 most differentially expressed genes.

Gene symbol Gene title GO: function GO: process

CLU Clusterin Protein binding

Antiapoptosis, apoptosis, cell death, complement
activation, classical pathway, endocrine pancreas
development, innate immune response, lipid metabolic
process, neurite morphogenesis, positive regulation of
cell differentiation, positive regulation of cell
proliferation, and response to oxidative stress

ITGA2B
Integrin, alpha 2b
(platelet glycoprotein IIb
of IIb/IIIa complex,
antigen CD41)

Calcium ion binding,
identical protein
binding, protein
binding, and receptor
activity

Cell adhesion, cell adhesion, and integrin-mediated
signaling pathway

Table 13: The genes common to subnetwork genes and the 200 most differentially expressed genes.

Gene symbol Gene title GO: function GO: process

ADD2 Adducin 2 (beta)
Actin binding, calmodulin
binding, and metal-ion
binding

No enrichments

CD36 CD36 molecule
(thrombospondin receptor)

Lipoprotein binding,
low-density lipoprotein
receptor activity, and
receptor activity

Blood coagulation, cell adhesion, lipid metabolic
process, lipoprotein transport, and transport

CLU Clusterin Protein binding

Antiapoptosis, apoptosis, cell death, complement
activation, classical pathway, endocrine pancreas
development, innate immune response, lipid metabolic
process, neurite morphogenesis, positive regulation of
cell differentiation, positive regulation of cell
proliferation, and response to oxidative stress

GSN Gelsolin (amyloidosis,
Finnish type)

Actin binding, calcium ion
binding, and protein
binding

Actin filament polymerization, actin filament severing,
and barbed-end actin filament capping

ITGA2B
Integrin, alpha 2b (platelet
glycoprotein IIb of IIb/IIIa
complex, antigen CD41)

Calcium ion binding,
identical protein binding,
protein binding, and
receptor activity

Cell adhesion, cell adhesion, and integrin-mediated
signaling pathway

LTB4R Leukotriene B4 receptor
Leukotriene B4 receptor
activity, nucleotide binding,
and receptor activity

G-protein signaling, coupled to IP3 second messenger
(phospholipase C activating), cell motility, immune
response, inflammatory response, muscle contraction,
and signal transduction

TLR4 Toll-like receptor 4

Lipopolysaccharide
binding, protein binding,
and transmembrane
receptor activity

I-kappaB kinase/NF-kappaB cascade, T-helper 1 type
immune response, detection of fungus, inflammatory
response, innate immune response, macrophage
activation, negative regulation of osteoclast
differentiation, positive regulation of interleukin-12
biosynthetic process, positive regulation of
interleukin-12 biosynthetic process, positive regulation
of interleukin-8 biosynthetic process, positive
regulation of tumor necrosis factor biosynthetic
process, and signal transduction

TUBB1 Tubulin, beta-1

GTP binding, GTPase
activity, nucleotide binding,
and structural molecule
activity

Microtubule-based movement, protein polymerization
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Table 14: The classification accuracies of the 100 and 200 most
differential genes between T-ALL and healthy samples.

Genes J48 RBF network
100 most DE 95 98
200 most DE 95 98

differential than the 200most DE genes.There are also 6 non-
DE genes in our subnetworks (in the remaining 94 genes).
Therefore, it would not be wrong to expect much higher
classification accuracies from the 100 and 200 most DE genes
than that of 102 subnetwork genes. But the classification
accuracies of the 100 and 200 most DE genes are not very
different from those of subnetworks. Actually, 2 subnetworks
(subnetworks 12 and 13, Figure 2) performed even higher
classification accuracies than the 100 and 200most DE genes.
Table 14 displays the classification accuracies of the 100 and
200 most DE genes. Thus, we can safely conclude that our
subnetworks (even they are less differential than the 100 and
200 most DE genes and contain non-DE genes) can do the
same or better job in distinguishing diseased samples from
healthy samples. Doing the same job with 10 genes, instead of
100 or 200 genes, might be regarded as an accomplishment.

It is interesting that very well-known cancer genes such
as TP53 and MAPK8 were not included in the 100/200 most
DE genes, but we were able to detect them by network-based
approach.

In conclusion, each subnetwork with high prediction
accuracy provides a new suggestion for pathways and molec-
ular mechanisms involved in the pathogenesis of T-ALL. All
subnetworks serve as a biomarker which can be helpful in
diagnosis and in identifying potential drug targets for T-ALL,
in the near feature. The accomplishment of network-based
classification and subnetwork/pathway detection is in line
with the idea that cancer is not a result of solely one pathway,
but instead it is a “disease of pathways” [12, 52, 120]. Unlike
conventional differential expression analysis, network-based
approach allowed us to identify potential disease-causing
non-DE genes. According to our results, we conclude that
transcription factors, tyrosine kinases, and zinc-ion binding
proteins are the most important protein groups involved in
generation of T-ALL.

The goal of this study is to highlight potential disease-
causing genes for further experimental validation. It is
beyond the scope of this study to verify all genes that appear
in subnetworks; experimental proof is vital. We recommend
investigators with an interest in a subnetwork/pathway to
validate them with experimental techniques, like RT-PCR
and Western blot. The important point of this work is that a
combination of bioinformatic methods and high-throughput
gene expression profiles and interactomics provide a promis-
ing way of identifying T-ALL specific modules and reveal
pathways involved in T-ALL.
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Cells must maintain appropriate cell size during proliferation. Size control may be regulated by a size checkpoint that couples cell
size to cell division. Biological experimental data suggests that the cell size is coupled to the cell cycle in twoways: the rates of protein
synthesis and the cell polarity protein kinase Pom1 provide spatial information that is used to regulate mitosis inhibitorWee1. Here
a mathematical model involving these spatiotemporal regulations was developed and used to explore the mechanisms underlying
the size checkpoint in fission yeast. Bifurcation analysis shows that when the spatiotemporal regulation is coupled to the positive
feedback loops (active Cdc2 promotes its activator, Cdc25, and suppress its inhibitor, Wee1), the mitosis-promoting factor (MPF)
exhibits a bistable steady-state relationship with the cell size. The switch-like response from the positive feedback loops naturally
generates the cell size checkpoint. Further analysis indicated that the spatial regulation provided by Pom1 enhances the robustness
of the size checkpoint in fission yeast. This was consistent with experimental data.

1. Introduction

In order to maintain proper size, dividing cells need to time
mitosis carefully. Previous analyses performed in fission yeast
suggested that there is a homeostatic mechanism that can
maintain the appropriate cell size [1–3]. The cell is allowed to
enter mitosis only after it reaches a critical size (size check-
point). Experimental data also showed that cells smaller than
critical size had to grow until they reached the threshold
value.This period is called the size-dependent phase, or sizer.
Then, after a fixed period, called as timer, the cells completed
mitosis. Daughter cells that are larger than critical size when
produced can undergo mitosis without going through the
sizer phase [3]. Some higher eukaryotes such as Xenopus lae-
vis [4, 5], Drosophila [6], animal cells [7], and HeLa cells [8]
also have similar methods of size control.

Biological experimental data indicate that the rate of
cyclin protein synthesis may increase as the cell grows [9].
Thismay be onemechanismunderlying size control. Previous
mathematical models have explored the nonlinear dynamic
properties of the temporal regulation of cell cycle events [10–
12].The cyclin protein synthesis rate is assumed to increase as
the cell grows, and it exhibits a bistable relationshipwithMPF.

This bistability, which is generated by the positive feedback
loops in the cell cycle, is responsible for the mitosis initializa-
tion [9, 13]. In this way, cell size is linked to entry intomitosis.

Recent evidence has shown that the cell polarity protein
kinase Pom1 forms a polar gradient from the ends of the
cylindrical cell to its center [14, 15]. In this way, it can provide
spatial information that can be used to regulate the mitosis
inhibitor Wee1. This spatial regulation links cell size directly
to mitosis, and it may play a critical role in size control.

In summary, cell size is coupled to the progression of the
cell cycle through the rates of synthesis of cyclin proteins and
the direct spatial information provided by Pom1. The results
of the present study show that when spatial regulation and the
rate of synthesis rate are both coupled to temporal positive
feedback loops, a bistable response generates the cell size
checkpoint. Bifurcation analysis shows that the concentration
of MPF can exhibit a bistable steady-state relationship with
the rate of synthesis of cyclin proteins or the concentration of
Cdr (downstream of Pom1) alone.The size checkpoint is nat-
urally built into the system in the form of dual regulations of
the rate of synthesis and the Pom1 gradient. Stochastic anal-
ysis then showed that the direct spatial regulation can allow
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Figure 1: (a) Regulatory network of the cell cycle in fission yeast. (b) Two ways in which cell growth is coupled to cell division: the rate of
synthesis of Cdc13 and the direct spatial regulation provided by Pom1.

temporal positive feedback to enhance the robustness of the
cell size checkpoint in fission yeast, which is consistent with
the experimental data.

2. Results and Discussion

2.1. Mathematical Modeling. The upper panel of Figure 1(a)
shows a schematic diagram of the protein interaction in
G2-M phase. The regulatory network includes a negative
feedback loop: active Cdc2/Cdc13 dimer (MPF) inhibits itself
by promoting the production of APC complexes and thus
promotes cyclin ubiquitination and degradation. In addition
to this negative feedback loop, regulation during the G2/M
phase also involves two positive feedback loops: there is a
phosphorylatable tyrosine residue (the Tyr-15 residue) at the
active site of Cdc2. If the active site is phosphorylated, MPF
is inactive. Wee1, a kind of tyrosine kinases, can inactivate
Cdc2/Cdc13 (MPF) in this way. MPF can also phosphorylate
Wee1 to repress its activity. On the other side, tyrosine phos-
phatases Cdc25 can remove the inhibitory phosphate group
on Tyr-15 to activate MPF. In return, MPF can promote the
activity of Cdc25 by increasing the phosphorylation rate of
Cdc25. In summary, active Cdc2/Cdc13 activates its activator
Cdc25 and inactivates its inhibitor Wee1. During the cell
cycle, Cdc13 is continuously synthesized from amino acids.
The rate of synthesis of Cdc13 increases as the cell grows
(Figure 1(b)).

Besides, Cdr proteins also couple cell growth to cell divi-
sion through a size sensing mechanism involving Pom1. Sev-
eral previous works have identified the function of the Pom1
pathway [14–16]. The cell polarity protein kinase Pom1 is a
cell polarity protein kinase, which can form a spatial gradient

that is greatest at the ends of the cylindrical cell and least
in the middle of the cell. Cdr which locates near the center
of the cell can suppress the activity of Wee1 and so promote
mitosis. Pom1 phosphorylates Cdr to inhibit its activity. The
size-dependent relief of this inhibition can repress Wee1 to
promote the initialization of mitosis.

The network was then transferred into a set of ordinary
differential equations using the principles of biochemical
kinetics.The initial size of aWTdaughter cell was normalized
to 1. The model was adapted from the models constructed
by James Ferrell’s group [17] and Novak-Tyson’s group [11].
However, different from theirmodels, we also took the spatial
information provided by Pom1 into consideration.

A detailed mathematical model is presented in Section 4.

2.2. Bifurcation Analysis. Experimental observations have
provided some evidences of size checkpoint [2]. If the initial
size of a cdc2-33 fission yeast cell was smaller than 12 𝜇m,
a marked negative relationship was observed between the
extension length and the initial size. However, the extension
length was not found to be significantly related to cell size at
initial sizes larger than 12𝜇m. This critical size that deter-
mined whether the cell could begin mitosis was the size
checkpoint. Besides, Rupeš and colleagues also showed that
cells smaller than critical size had to grow until they reached
the threshold value. If the birth size of the fission yeast is
larger than the critical size, the cell can undergomitosis with-
out additional time delay [3]. This critical size also indicates
the existence of the size checkpoint.

Earlier experimental studies have revealed that the steady
state of MPF shows a hysteretic steady-state response rela-
tionshipwith the concentration of cyclin B [13].Mathematical
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models have established that the concentration of MPF has
a bistable relationship with the rate of synthesis of the
cyclin proteins. This bistability is attributable to the positive
feedback loops (active Cdc2 promotes its activator Cdc25 and
suppresses its inhibitor Wee1) [18, 19]. In our model, the pos-
itive feedback loops rely both on the rate of synthesis and on
the spatial regulation involving Wee1. In this way, the cou-
pling between cell size and cell division is more realistic in
this model.

To demonstrate how the rate of synthesis of Cdc13 and
the concentration of Cdr both affect the activation of MPF,
we first calculated the steady state of MPF for a given rate
of Cdc13 synthesis and a given concentration of Cdr, when
Cdc13 was made nondegradable (during the period prior to
mitosis, the concentration of APC remains at a low and con-
stant level) [20]. The results are presented in three-dimen-
sional space (the green surfaces in Figures 2(a), 2(c), and
2(e)).

If the regulation related to the rate of synthesis is solely
considered, then the vertical plane Cdr = 0.2 (which repre-
sents a fixed concentration of Cdr, which occurs when Pom1
spatial regulation is blocked) intersects with the surface at an
S-shaped curve (Figure 2(a)). The bifurcation analysis shows
that the steady state of MPF has a bistable relationship with
the rate of synthesis (Figure 2(b)). As the cell grows, the rate
of synthesis of Cdc13 increases and the concentration ofMPF
accumulates in turn. When the rate of synthesis passes point
K2 in Figure 2(b) as the cell grows, the low stable branch dis-
appears and the MPF has to jump to the upper stable branch
(arrow (1)). And the mitosis begins. In this way, the rate of
synthesis of Cdc13 contributes to the function of the size
checkpoint.

Similarly, if the regulation related to the Pom1 pathway
is solely considered, the vertical plane synthesis rate = 0.009
(which represents a fixed synthesis rate of Cdc13) intersects
with the bent surface along an S-shaped line (Figure 2(c)).
The bifurcation analysis shows that the steady state of MPF
also has a bistable relationship with Cdr (the downstream
of Pom1) when the direct spatial regulation is linked to the
positive feedback loops (Figure 2(d)). As the cell grows, the
concentration of Cdr increases (due to a reduction in regula-
tion provided by Pom1). Then the concentration of MPF also
accumulates along the lower branch.When the concentration
of Cdr passes point C2 as the cell grows (Figure 2(d)), the low
stable branch disappears and MPF has to jump to the upper
stable branch (arrow (2)).Thenmitosis begins. In thisway, the
direct spatial regulation provided by the Pom1 pathway also
contributes to the function of the size checkpoint.

In the real-world cell cycle, these two previous regulations
both contribute to the coupling of the cell size and cell
division. The steady state of MPF in real-world systems was
assessed as follows. First, the relationship between the rate of
synthesis of Cdc13 and the concentration of Cdr as the cell
grows was calculated. Then the vertical surface, which repre-
sents the variation in the rate of synthesis rate and the con-
centration of Cdr as the cell grows, was intersected with the
steady state surface (Figure 2(e)). As in the sole regulation
scenarios, the line of intersection is S-shaped.Thismeans that
the steady state of MPF continues to exhibit bistability with

cell size when the spatial regulation and the rate of synthesis
are both involved in the positive feedback loops. After that we
directly linked the steady state ofMPF to the cell size through
bifurcation analysis (Figure 2(f)). Figure 2(f) shows that the
concentration of MPF increases as the cell grows. When the
cell size reaches the threshold, about 1.5 (size checkpoint, S2
in Figure 2(f)),MPF switches to the upper branch (arrow (3)).
Then the cell undergoes mitosis.

Then we further summarized the relationship between
the bifurcation analysis and the size checkpoint. The bifur-
cation analysis shows that MPF exhibits the bistability with
the cell size. There is a critical cell size S2 (corresponding to
saddle node point SN2): if the cell size is smaller than S2,MPF
stays in low level; if the cell size passes S2 point, the low stable
branch disappears and MPF has to jump to the upper stable
branch. As we mentioned previously, experimental studies
[1, 2, 21, 22] have shown that a cell will not begin mitosis until
it grows to a critical size. Therefore, this saddle node point
SN2 naturally performs the role of a check point: before the
size reaches S2, cell remains in G2 state (low MPF); once the
cell passes S2 point, MPF can jump to the upper branch to
trigger mitosis.

After that, a numerical simulation was used to check the
size checkpoint (Figure 3).The initial size of themodel varied
from 0.25 to 4. The result shows that when the initial cell
size is smaller than 1.5, the cycle time shows a significantly
negative relationship with the initial size. However, if the
initial size exceeded 1.5, then the cycle time was mostly
independent of the initial cell size. This result accords with
the previous experimental data in yeast (the inserted figure in
Figure 3 [2]). In this way, 1.5 is established as the size check-
point. The result of the simulation is also consistent with the
bifurcation analysis shown in Figure 2(f), where the critical
size for the mitosis initialization is about 1.5.

In summary, the concentration of MPF exhibits a bistable
steady-state relationship with cell size, which depends on the
spatiotemporal positive feedbacks. This bistability naturally
produces the size checkpoint.

2.3. Stochastic Analysis. Experimental evidence showed that
some intrinsic stochastic noise (such as random cell produc-
tion and collisions betweenmolecules) and extrinsic stochas-
tic noise (such as variations in the environment) will result
in fluctuations in gene expression [23]. In this way, processes
related to the cell cyclemay vary from cell to cell within a pop-
ulation, over time, and even within a single cell. The present
study not only coupled cell size to the rate of synthesis of
Cdc13 but also to the direct spatial regulation provided by the
Pom1 pathway.This direct spatial regulationmay help the size
checkpoint resist interference fromdifferent sources and keep
cell size coupled to cell division.

To evaluate the impact of random fluctuation on the cell
cycle, some stochastic noise was introduced to the present
model: (1) each parameter in the deterministic model was
multiplied by a stochastic factor, which was randomly chosen
from the normal distribution with 𝜇 = 1 and 𝜎 = 0.016 (𝜇
represents themean value and𝜎 represents the variance of the
distribution). In this way, the cell cycle can fluctuate near the
deterministic value. (2) After mitosis, the cell did not divide
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Figure 2: (a)(c)(e)The steady state ofMPFwith different given rates of synthesis (k
𝑠

) and different given concentrations of Cdr (cdr).The dark
blue areas indicate the stable steady state of MPF, and the dark red areas indicate the unstable steady state of MPF. (a)The green vertical plane
represents the variation in the rates of Cdc13 synthesis as the cell grows for a fixed concentration of Cdr. The plane intersects with the bent
surface, forming an S-shaped curve. (b) When this curve is displayed in two-dimensional space, it represents the relationship between MPF
and the rate of synthesis. (c) The green vertical plane represents the variation in the concentration of Cdr as the cell grows for a fixed rate of
Cdc13 synthesis. The plane intersects with the bent surface, forming an S-shaped curve. (d) When this curve is displayed in two-dimensional
space, it represents the relationship between MPF and the concentration of Cdr. (e) The vertical green surface represents the relationship
between the concentration of Cdr and the rate of synthesis of Cdc13 as the cell grows. The vertical green surface intersects with the bent
surface, forming an S-shaped curve. (f) When this curve is displayed in two-dimensional space, it represents the relationship between MPF
and cell size.

into two identical daughter cells. Asymmetrical division was
characterized by a normal distribution with 𝜇 = 0.5 and
𝜎 = 0.016.

Then the model was used to determine if the spatial reg-
ulation can help the size checkpoint resist the fluctuations of
the system.When the stochastic factor was disturbed, the size

check point was calculated 100 times with and without the
Pom1 spatial regulation. Results are shown in Figure 4.

Figure 4(a) shows that if there is no spatial regulation
in the system (i.e., if cell size is linked to cell division only
through the rate of synthesis and if the concentration of Cdr
is fixed at 0.5), the size checkpoint varies from 1.15 to 1.55 in
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Figure 4:The relationship between the steady state of MPF and cell
size in (a) a system without spatial regulation and (b) a system with
spatial regulation.The red points represent the unstable steady state
ofMPF, and the black points represent the stable steady state ofMPF.
The blue bar indicates the range of the size checkpoint.

the presence of stochastic noise. However, if spatial regulation
is taking place in the system, the size checkpoint changes from
1.48 to 1.56, which is much narrower than the one shown in
Figure 4(a). In this way, even with the interference produced
by stochastic noise, the cell must still exceed a strict size
checkpoint. The comparison indicates that the direct spatial
regulation provided by the Pom1 pathway can ensure tight
coupling between cell size and the cell division.

Because direct spatial regulation works through themito-
sis inhibitor Wee1, wee1Δ may show a weak ability to resist
interference.This mathematical model was used to assess the
size checkpoint in wee1Δ (𝑘5 = 0.15, decreases from 2 in
WT, the stochastic noise presents as mentioned previously).
Bifurcation analysis shows the size at which cells undergo
mitosis in wee1Δ to be about half of that in WT (Figure 5(a)).
This result accords with the previous experimental data that
thewee1Δ cell divided at a half size ofWT [2]. However, in the
presence of randomdisturbances, the width of the size check-
point inwee1Δwas found to be twice of that ofWT.These the-
oretical results are consistent with observations made in ear-
lier experiments [2]. Experimental observation showed that
wee1Δfission yeast exhibited larger variance in the duration of
the cell cycle for any given initial size (Figure 1(b) of a
previous study) [2]. Because the duration of the cell cycle
includes the time required for the cell to reach the size check-
point (sizer phase) and the fixed time, which is independent
of other factors (timer phase) [24]. This indicates that the
variation of the size checkpoint is larger inwee1Δ than inWT.
Furthermore, Table 1 in [2] summarized that the variation in
the division lengthwas about twice as large inwee1Δ as inWT,
and the variation in cycle time was increased in the similar
way.Therefore, itmeans that the size control inwee1Δ is not as
strict as that inWT. In thisway, the size checkpoint inwee1Δ is
less robust than in WT.

Then the numerical simulation results of wee1Δ and WT
fission yeast were compared to those produced in earlier
experiments. During the simulation, stochastic factors con-
tinued to act on the cell. And the initial concentrations of pro-
teins and initial size were given in the deterministic model.
After every division, the system listed the initial cell size and
initial concentrations of relevant proteins for the next cell
cycle. The results of the simulation are shown in Figure 5(b):
the overall range of the duration of the cell cycle was similar
in wee1Δ and WT. However, for a given initial size, the range
of the duration of the cell cycle was always larger in wee1Δ
than in WT. The large variation in the length of the cycle
time can be attributed to weakness in the size checkpoint
control. These results are consistent with those of a previous
experiment published by Novak and Tyson [2].

In conclusion, the direct spatial regulation provided by
Pom1 can enhance the robustness of the size checkpoint and
couple cell size to cell division.

3. Discussion

Although a group of models have investigated the temporal
regulation of cell cycle [10, 25–27], most of them did not
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Figure 5: (a) Bifurcation analysis in wee1Δ and in WT fission yeast.
The red points represent the unstable steady state of MPF, and the
black points represent the stable steady state of MPF. The blue bar
indicates the range of the size checkpoint. (b) Stochastic numerical
simulation in wee1Δ and WT. The 𝑥-axis and 𝑦-axis represent the
initial size and the duration of the cell cycle of the fission yeast. The
blue bars represent the range of the cycle time for a given birth size
in wee1Δ and in WT fission yeast.

consider the direct spatial regulation provided by Pom1.
In our model, we take this regulation into account. Vilela
and colleagues built a mathematical model incorporating the
Pom1 pathway [16]. However, they paid more attention on
the formation of the Pom1 gradient and overpassed the link
between bistability and size checkpoint. In our model, we
specified that the critical size S2 (corresponding to saddle
node of the lower branch SN2) is the cell size checkpoint and
focused on the robustness of the size checkpoint.

Since the function of the Pom1 pathway has not been
understood until 2009, our previous work related the size
checkpoint to the cytoplasmic-to-nuclear size ratio. In the

present work, we revealed that the underlying mechanism of
size checkpoint is the saddle node bifurcation.

Bifurcation analysis of wee1Δ (Figure 5(a)) showed that
although the range of the cell size checkpoint is larger than
that of WT, it is still narrower than that of systems without
spatial regulation (Figure 4(a)). This is because the spatial
regulation is still assumed to work in wee1Δ (𝑘5 remains 7.5%
of WT, not 0 in wee1Δ). Even this weak spatial regulation
can enhance the robustness of size checkpoint significantly.
Therefore, the direct spatial regulation provided by Pom1 is
thought to play amore important role in coupling cell growth
to cell division.

Cell size checkpoints are present in many kinds of cells.
A robust cell size checkpoint is required for the maintenance
of appropriate cell size during proliferation. Although only
spatial regulation was reflected in the presentmodel of fission
yeast, other cells, such as frog eggs,may also have similarways
of transferring spatial information directly, but this has not
been experimentally established. Unlike that of fission yeast,
the spatial regulation of oocytes takes place in a spherical
space [12].

In the present study, a mathematical model was used to
investigate themanner inwhich cell size can be coupled to the
cell division in fission yeast. As the cells grow, the rate of syn-
thesis of Cdc13 increases. However, the relief gradient offered
by Pom1 can reduce the concentration of Cdr, which reduces
the ability of Cdr to inhibit Wee1. The novel dynamics shown
in the present model can be used to evaluate the direct spatial
regulation provided by Pom1 and to examine its impact on
cell checkpoints. The positive feedback loops were found to
depend on spatial regulation and to generate a switch-like
MPF response, which naturally produces the endogenetic size
checkpoint. This direct spatial relation was found to protect
the size checkpoint from fluctuations in gene expression.

4. Methods and Materials

The mathematical models of the cell cycle have been exten-
sively studied. We adapted the parameters from the classic
models of Ferrell’s and Tyson’s group. Besides, we also added
the effect of the Pom1 pathway on Wee1 regulation. In other
words, we introduced the spatial regulation to the system.The
ordinary differential equations for this mathematical model
are as follows:

𝑉 = 𝑉
0
∗ 𝑒𝜇𝑡 (1)

𝑑Cdc13 (𝑡)
𝑑𝑡
= 𝑘1 ∗ 𝑉 − 𝑘3 ∗ (Cdc2tot − Cc (𝑡) − Ccp (𝑡)

−Cptp (𝑡) −MPF (𝑡))

∗ Cdc13 (𝑡) + 𝑘4 ∗ CC (𝑡) − 𝑘2

∗ (Apc (𝑡) + Apc basal) ∗ Cdc13 (𝑡) ,
(2)
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𝑑Cc (𝑡)
𝑑𝑡
= 𝑘3 ∗ (Cdc2tot − Cc (𝑡) − Ccp (𝑡)

−Cptp (𝑡) −MPF (𝑡)) ∗ Cdc13 (𝑡)

− 𝑘4 ∗ CC (𝑡) + 𝑘8 ∗ Ccp (𝑡) ∗ Cdc25 (𝑡)

+ 𝑘9 ∗ Ccp (𝑡) ∗ (𝑘10 − Cdc25 (𝑡))

− 𝑘5 ∗Wee1 (𝑡)Cc (𝑡) − 𝑘6

∗ (𝑘7 −Wee1 (𝑡)) ∗ Cc (𝑡) ,

(3)

𝑑Ccp (𝑡)
𝑑𝑡
= 𝑘5 ∗Wee1 (𝑡)Cc (𝑡) + 𝑘6

∗ (𝑘7 −Wee1 (𝑡)) ∗ Cc (𝑡) − 𝑘8

∗ Ccp (𝑡) ∗ Cdc25 (𝑡) − 𝑘9 ∗ Ccp (𝑡)

∗ (𝑘10 − Cdc25 (𝑡)) + 𝑘12 ∗ 𝑦4 − 𝑘11

∗ 𝑦3 − 𝑘2 ∗ (𝑦9 + Apc basal) ∗ 𝑦3,

(4)

𝑑Ccpt (𝑡)
𝑑𝑡
= 𝑘11 ∗ Ccp (𝑡) − 𝑘12 ∗ Ccpt (𝑡)

− 𝑘8 ∗ Cdc25 (𝑡) ∗ Ccptp − 𝑘9

∗ (𝑘10 − Cdc25 (𝑡)) ∗ Ccptp (𝑡)

+ 𝑘5 ∗Wee1 (𝑡) ∗MPF (𝑡) + 𝑘6

∗ (𝑘7 −Wee1 (𝑡)) ∗ 𝑦5 − 𝑘2

∗ (Apc (𝑡) + Apc basal) ∗ Ccptp (𝑡) ,

(5)

𝑑MPF (𝑡)
𝑑𝑡
= 𝑘8 ∗ Cdc25 (𝑡) ∗ Ccpt (𝑡)

+ 𝑘9 ∗ (𝑘10 − Cdc25 (𝑡)) ∗ Ccpt (𝑡)

− 𝑘5 ∗Wee1 (𝑡) ∗MPF (𝑡) − 𝑘6

∗ (𝑘7 −Wee1 (𝑡)) ∗MPF (𝑡)

− 𝑘2 ∗ (APC (𝑡) + Apc basal) ∗MPF,

(6)

𝑑Cdc25 (𝑡)
𝑑𝑡
=
𝑘13 ∗MPF(𝑡)𝑘14

𝑘27𝑘14 +MPF(𝑡)𝑘14

∗ (𝑘10 − Cdc25 (𝑡)) − 𝑘15 ∗ Cdc25 (𝑡) ,

(7)

rel = 𝑉 ∗ 7, (8)

𝑘𝑑1 =
exp (−𝐴 ∗ (rel /2))

exp (𝐴 ∗ (rel /2)) + exp (−𝐴 ∗ (rel /2))
,

𝑘𝑑2 =
exp (𝐴 ∗ (rel /2))

exp (𝐴 ∗ (rel /2)) + exp (−𝐴 ∗ (rel /2))
,

pom1 = 𝑘𝑑1 ∗ exp(𝐴 ∗ rel
2
) + 𝑘𝑑2

∗ exp(−𝐴 ∗ rel
2
) ,

(9)

Cdr = 𝑘cdr on
𝑘cdr on+𝑘cdr off ∗pom1𝑛/ (pom1𝑛 + 𝐾𝑛) (10)

𝑑Wee1 (𝑡)
𝑑𝑡
= −𝑘16 ∗

(MPF (𝑡) + cdr)𝑘17

𝑘28𝑘17 + (MPF (𝑡) + cdr)𝑘17

∗Wee1 (𝑡) + 𝑘18 ∗ (𝑘7 −Wee1 (𝑡)) ,

(11)

𝑑Plo1 (𝑡)
𝑑𝑡
= 𝑘19 ∗

MPF(𝑡)𝑘20

𝑘30𝑘20 +MPF(𝑡)𝑘20

∗ (𝑘21 − Plo1 (𝑡)) − 𝑘22 ∗ Plo1 (𝑡) ,

(12)

𝑑Apc (𝑡)
𝑑𝑡
= 𝑘23 ∗

Plo1(𝑡)𝑘24

𝑘30𝑘24 + Plo1(𝑡)𝑘24
∗ (𝑘25 − Apc (𝑡))

− 𝑘26 ∗ Apc (𝑡) .
(13)

In our model, the change rate of Pom1 at location 𝑥 is
given by a kinetic equation, where the first term is the rate
of diffusion and the second term is its rate of degradation.

𝜕Pom1 (𝑥, 𝑡)
𝜕𝑡

= 𝑚 ∗
𝜕2Pom1 (𝑥, 𝑡)
𝜕𝑥2

− 𝑘

∗ Pom1 (𝑥, 𝑡) .
(14)

Here 𝑚 represents the diffusion coefficient of Pom1 in
fission yeast. And 𝑘 represents the degradation coefficient of
Pom1.

To make the system simpler, we supposed that the gra-
dient of Pom1 can be formed rapidly. Therefore the concen-
tration of Pom1 at x is set in quasi-steady state as follows:

𝑚 ∗
𝑑2Pom1 (𝑥)
𝑑𝑥2

= 𝑘 ∗ Pom1 (𝑥) ,

Pom1 (𝑥) = 𝑘𝑑1 ∗ 𝑒𝑥∗𝐴 + 𝑘𝑑2 ∗ 𝑒−𝑥∗𝐴,
(15)

where 𝐴 = √𝑘/𝑚

𝑘𝑑1 =
exp (−𝐴 ∗ (rel /2))

exp (𝐴 ∗ (rel /2)) + exp (−𝐴 ∗ (rel /2))
,

𝑘𝑑2 =
exp (𝐴 ∗ (rel /2))

exp (𝐴 ∗ (rel /2)) + exp (−𝐴 ∗ (rel /2))
.

(16)

Here rel represents the amplified size of the fission yeast.
These parameters are estimated from the model of Vilela and
colleagues [16]. It is notable that the birth size of the fission
yeast is normalized to 1 in our model. However, the birth
size of fission yeast is 7 𝜇m in Vilela’s model. Therefore, we
amplified the cell size to 7-fold when applying the parameters
of Vilela’s model:

rel = 𝑉 ∗ 7. (17)
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The activity of Cdr is repressed by the Pom1 at the central
zone of the fission yeast. Thus we only need to consider the
concentration of Pom1 at the center of the fission yeast:

pom1 = 𝑘𝑑1 ∗ exp(𝐴 ∗ rel
2
) + 𝑘𝑑2 ∗ exp(−𝐴 ∗ rel

2
) .

(18)

The change rate of Cdr is formulated as follows:

𝑑Cdr (𝑡)
𝑑𝑡
= −𝑘cdr off ∗ Pom1𝑛

𝐾𝑛 + Pom1𝑛
∗ Cdr (𝑡)

+ 𝑘cdr on∗ (1 − Cdr (𝑡)) .
(19)

Similarly, to simplify the model, we assumed that the
concentration of Cdr is set in steady state. Thus the ordinary
equation can be transformed into an algebraic equation:

Cdr = 𝑘cdr on
𝑘cdr on+𝑘cdr off ∗pom1𝑛/ (pom1𝑛 + 𝐾𝑛)

. (20)

The parameters are as follows:

𝑘1 = 0.01056; 𝑘2 = 1; 𝑘3 = 10; 𝑘4 = 0.1;

𝑘5 = 2; 𝑘6 = 0.1; 𝑘8 = 2; 𝑘9 = 0.05;

𝑘7 = 1; 𝑘10 = 1; 𝑘11 = 0.4; 𝑘12 = 0.002;

𝑘13 = 10; 𝑘14 = 4; 𝑘15 = 1; 𝑘16 = 10;

𝑘17 = 4; 𝑘18 = 1; 𝑘24 = 4; 𝑘20 = 4;

𝑘21 = 1; 𝑘25 = 1; 𝑘22 = 0.2; 𝑘23 = 10;

𝑘26 = 0.2; 𝑘19 = 10; 𝑘27 = 0.8; 𝑘28 = 0.8;

𝑘29 = 1.3; 𝑘30 = 1.3; cdk tot = 20;

apc basal = 0.01; 𝑘cdr on = 5; 𝑘cdr off = 497;

𝐾 = 0.5; 𝐴 = √0.12; 𝑛 = 9.

(21)
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Escherichia coli adenylate kinase (ADK) is amonomeric phosphotransferase enzyme that catalyzes reversible transfer of phosphoryl
group from ATP to AMP with a large-scale domain motion. The detailed mechanism for this conformational transition remains
unknown. In the current study, we performed long time-scale molecular dynamics simulations on both open and closed states of
ADK. Based on the structural analyses of the simulation trajectories, we detected over 20 times conformational transitions between
the open and closed states of ADK and identified two novel conformations as intermediate states in the catalytic processes. With
these findings, we proposed a possible mechanism for the large-scale domain motion of Escherichia coli ADK and its catalytic
process: (1) the substrate free ADK adopted an open conformation; (2) ATP bound with LID domain closure; (3) AMP bound with
NMP domain closure; (4) phosphoryl transfer occurred with ATP, and AMP converted into two ADPs, and no conformational
transition was detected in the enzyme; (5) LID domain opened with one ADP released; (6) another ADP released with NMP
domain open. As both open and closed states sampled a wide range of conformation transitions, our simulation strongly supported
the conformational selection mechanism for Escherichia coli ADK.

1. Introduction

Escherichia coli adenylate kinase (ADK) is a monomeric
phosphotransferase enzyme regulating energy homeostasis
in cells by catalyzing reversible transfer of a phosphoryl group
fromATP toAMP.The structure of ADK is well studied in the
past few years, and by now more than 20 crystal structures
of ADK from Escherichia coli and other organisms in the
absence and presence of substrates have been released in
the protein structure databases. According to these crystal
studies, the structure of ADK is mainly composed of three
major components (Figure 1): a core domain (residues 1–29,
68–117, and 161–214), an AMP binding lid domain (also called

NMP domain, residues 30–67), as well as an ATP binding
lid domain (also called LID domain, residues 118–167). These
basic components are shared by many other kinases and
ATPases. As characterized by structural [1–4], biophysical
[5, 6], and computational studies [7–10], ADK is believed
to adopt an open conformation in the absence of substrates
(Figure 1(a)), and with ATP or AMP binding the LID and
NMP domains of this enzyme undergo large conformational
transitions, leading to a closed conformation (Figure 1(b)).
However, during the large conformational transitions, the
core domain is comparatively rigid with the structural
motions mainly located on the LID and NMP domains. This
large conformational transition, especially opening of the
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nucleotide binding lids required for the catalysis and product
release, occur on the microsecond-millisecond times scale
[11].

Large-scale conformational alterations are thought to
mediate allosteric regulation, which are related to the protein
function in signal transduction, immune response, and
enzymatic activity.Thus, a fundamental problem is to under-
stand the mechanism for the large-scale conformational
transitions. To answer this question, two models are pro-
posed: the induced-fitmodel and the population-shiftmodel.
In the induced-fit model, substrate binding is believed to
induce conformational alterations in the active site to cause
a new conformation for the entire enzyme. Contrarily, in the
population-shift model, the enzyme is thought to adopt a
conformational equilibrium among many native states, and
substrates are able to selectively bind to a suitable native
conformation, shifting the equilibrium toward the binding
conformation.

Several computational works have been done in recent
years to study the conformational transitions of ADK. All
atomic molecular dynamics simulations have been success-
fully used to reveal the structural trajectories of ADK during
the large conformational transitions [7–9, 12–21]. However,
these studies still remain on the nanosecond times scale
much smaller than the times scale on which the large con-
formational transitions of ADK occur. Additionally, coarse-
grained simulations [22–26], normal mode analysis [27–
29], and plastic/elastic network approaches [30–33] are also
employed to generate transition pathways of ADK. However,
these theoretical studies are controversial for adopting the
simple harmonic potential approximation instead of all-atom
models, which is less convincing due to the intermediate
structures far away from the native states. To this end, we
performed long time-scale molecular dynamics simulations
on both open and closed state of ADK to study the large
conformational transitions.

2. Materials and Methods

2.1. Initial Structures. Owing to playing an important role
in cellular energy homeostasis, many good attempts have
been made to study the three-dimensional (3D) structure of
ADK. By now, 29 crystal structures of ADK and its homolog,
in the absence and presence of substrates, are available in
the protein structure databases [34–45]. In this study, the
crystal structures (PDB ID: 4AKE [2] and 1AKE [46]) were
selected as the initial structures for the further molecular
dynamics simulations. The former was released in 1996 with
2.2 Å resolutions and treated as an open state of ADK in the
current case. The latter was obtained in the presence of Ap

5
A

with 1.9 Å resolutions and considered as a closed state of ADK
in this study. Except for the polar hydrogen and heavy atoms
of the enzyme and Ap

5
A, all other atoms including nonpolar

hydrogen in both crystal structures were removed. The pKa
values for each residue in ADK were calculated by Delphi
[47, 48] as a Poisson-Boltzmann solver with a dielectric
constant of 4. Hydrogen atoms were subsequently added to
the enzyme with t-Leap procedure of Amber 11 package [49]

based on the computational pKa values in the last step to
give a total charge of −4. Then, the enzyme (together with
Ap
5
A in the closed structure) was solvated in a simulation

box with explicit TIP3P water molecules. To neutralize the
system, 4 sodium ions were added to random place 4 water
molecules in the simulation box. The atoms of the enzyme
were parameterized by Amber force field parameters [50],
while Ap

5
Awas done by Antechambermodule [51] in Amber

11 package.

2.2. Molecular Dynamics Simulations. Two simulation sys-
tems were involved in this study, with the crystal structures
(PDB ID: 4AKE and 1AKE) as initial structures for the open
and closed conformations, respectively. Both systems were
subjected to the steepest descent energy minimization (∼
5000 steps) followed by conjugate gradient energy minimiza-
tion for the next 5000 steps and subsequently equilibrated
with the enzyme atoms (or ligand in the closed system) fixed
for a short-time molecular dynamics simulations at 300K to
reduce the van der Waals conflicts. Finally, 10-nanosecond
(ns) molecular dynamics simulations were performed for
both systems under a constant temperature (300K) byAmber
11 package [49] with periodic boundary conditions and
NPT ensemble. Tweenty five frames were randomly selected
from the first 10 ns simulation trajectories for both systems,
and 10 independent molecular dynamics simulations (10 ns)
were launched for each frame. For the simulations that
were detected to have large scale conformational transitions,
200 ns molecular dynamics simulations were added using
a GPU-accelerated approach. SHAKE algorithm with a tol-
erance of 10−6 was applied to constrain all bonds in both
simulation systems [52, 53], and atom velocities for start-up
runs were obtained according to the Maxwell distribution at
300K [54, 55].The isothermal compressibility was set to 4.5 ×
10−5/bar for solvent simulations [56, 57]. The electrostatic
interactions were treated by the particle mesh Ewald (PME)
algorithm with interpolation order of 4 and a grid spacing of
0.12 nanometers (nm) [58, 59].The van derWaals interactions
were calculated by using a cut-off of 12 Å. All the molecular
dynamics simulations were performed with a time step of
2 femtoseconds (fs), and coordinates for both systems were
saved every 1 picosecond (ps).

3. Results and Discussion

3.1. Conformational Transitions. As ADK has been well
studied, a lot of kinetic and thermodynamic experimental
data were released [60–64], based on which the large-scale
conformational transitions for the NMP and LID domain
opening are considered to be rate limiting for the catalytic
reactions of the enzyme. However, it is really a challenging
task to capture large-scale and long-time conformational
transitions of proteins or enzymes for both experimental and
computational methods. To check whether our simulations
involved the large-scale conformational transitions of ADK,
we calculated the RMS deviations of the C𝛼 atoms from
both open (4ake.pdb) and closed (1ake.pdb) conformations
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Figure 1: The three-dimensional structures of Escherichia coli adenylate kinase in the open (a) and closed (b) conformations. The crystal
structures 4ake.pdb and 1ake.pdb are selected as the open and closed state of ADK, respectively. NMP (residues 30–67), CORE (residues
1–29, 68–117, and 161–214), and LID (residues 118–167) domains are colored in red, yellow, and blue, respectively.
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Figure 2: The RMS deviations of C𝛼 atoms from both open and
closed conformation along themolecular dynamics trajectories.The
open (4ake.pdb) and closed (1ake.pdb) conformations of ADK were
specially labeled. The ribbon RMS deviation distribution indicated
that large-scale conformational transitions were detected during our
molecular dynamics simulations.

of ADK along all the molecular dynamics simulation trajec-
tories. As shown in Figure 2, the RMS deviation employed
a ribbon distribution, indicating that the large-scale confor-
mational transitions occurred in our molecular dynamics
simulations. If no conformational transitions occurred, the
2D-RMS deviations should be divided into two major parts.
Additionally, the 2D-RMS deviations located in the middle
of the ribbon distribution might stand for the intermediate
states. As reported by Shapiro and Meirovitch [64], the
rate for ADK domain motions was about 52 ns. While we
employed a series of simulations with a time scale of 200 ns,
almost 4 times larger than the measured rates for ADK
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Figure 3: The mass center distances of NMP and LID domain with
LID domain. The geometric center distances of NMP and CORE
domains in the open and closed conformations were 62.7 and 18.4 Å,
while those of LID and CORE domain for the open and closed
conformations were 70.1 and 21.0 Å, respectively.

domain motions, thus it was expected that the confor-
mational transitions should be detected in our molecular
dynamics simulations.

To confirm the conformational transitions for Escherichia
coliADK,we alsomeasured the domainmotion ofADKusing
the geometric center distances ofNMPandLIDdomainswith
CORE domain along the molecular dynamics simulation
trajectories. In the crystal structures, the geometric center
distances ofNMP andCOREdomains in the open (4ake.pdb)
and closed (1ake.pdb) conformations were 62.7 Å and 18.4 Å,
while those for LID and CORE domain were 70.1 Å (open
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Figure 4: Conformational transition pathway and proposed cat-
alyticmechanismofADK.Model a, substrate freeADKwith an open
conformation. Model b, ATP bound form of ADKwith a closed LID
domain. Model c, ATP and AMP bound form of ADK with a closed
conformation.Model d, twoADPbound forms ofADKwith a closed
conformation. Model e, one ADP bound form of ADKwith a closed
NMP domain.

state) and 21.0 Å (closed state), respectively. As shown in
Figure 3, the domain distances were clustered into four
major parts. The ones colored in yellow and red, respectively,
represented the open and closed conformations defined by
the crystal structures, whereas the ones colored in blue and
green were identified as novel configurations from the open
and closed states.The blue ones in Figure 3 employed an open
LIDdomainwith a closedNMPdomain, while the green ones
had an open NMP domain with a closed LID domain. We
believed that the blue and green parts in Figure 3 might be
the intermediate states of ADK domain motions.

3.2. Conformational Transition Pathway. The large-scale
domain motions were detected in the catalytic conversion of
Mg2+–ATP +AMP → Mg2+–ADP+ADP by Escherichia coli
ADK [65, 66]. Thus, the possible conformational transition
pathway was thought to be associated with the catalytic
mechanism for Escherichia coliADK. According to the previ-
ous theoretical studies, LID domain motion was believed to
precede NMP domain motion [6, 26, 33, 66]. One possible
reason was that there was a stable salt bridge D118-K136
between LID and CORE, which could connect both domains
by the strong contributions to the total enthalpic interactions.
This salt bridge, also detected in several adenylate kinase
structures of different species, was thought to have stabilizing
function for the open conformation [9]. Another possible

reason was that ATP binding in LID domain was found
to have ability to assist NMP domain motion [66]. Based
on these points, we proposed a possible conformational
transition pathway and catalytic mechanism for Escherichia
coli ADK (Figure 4). The substrate free enzyme adopted an
open state. After ATP binding, ADK would close its LID
domain first to form a novel configuration (model b in
Figure 4 and intermediate state 2 in Figure 3). The closure
motion of LID domain allowed AMP to bind in NMP
domain binding site, resulting in the NMP domain closure
(model c in Figure 4). With ATP and AMP binding, the
enzyme would adopt a complete closed conformation. After
phosphoryl transfer, ATP and AMP were converted into two
ADP molecules. In this step, no conformational transition
occurred, and thus the enzyme remained in its closed state
(model d in Figure 4). When an ADP molecule was released
from the ATP binding site, LID domain altered its closed
configuration into an open state (model e in Figure 4 and
intermediate state 1 in Figure 3). Subsequently, NMP domain
opened via the bending of 𝛼2 helix toward 𝛼4 helix of CORE
domain by nearly 15 degrees with respect to 𝛼3 helix, and the
enzymewould adopt a complete open conformation (model a
in Figure 4).This opening process ofNMPdomain (alsoAMP
binding cleft) was considered to be involved in facilitating an
efficient release of the formed product after catalysis.

Our proposed mechanism was also supported by some
experimental results. Firstly, the complete closed conforma-
tion of ADK was found to be the only product-forming state
[24]. In other words, to achieve its biological functions, ADK
had to convert the open state (substrate free state) into the
closed state. Secondly, The ATP binding site in LID domain
was able to accommodate ATP, ADP, as well as AMP. ATP
employed the highest binding affinity, whereas AMP had the
lowest binding affinity [26]. Thirdly, the AMP binding site in
NMP domain could only accommodate ADP and AMP [26].
Finally, the AMP binding site could only accommodate AMP
in the intermediate state 2 with a closed LID domain and an
open NMP domain [18]. Along the aforementioned pathway,
a secondary structure analysis of the enzyme structure was
performed using DSSP package to check the structural
stability during the large-scale conformational transitions. As
expected, no significant alterations in secondary structures
were detected in CORE and NMP domain during the large-
scale conformational transitions. For LID domain, some
residues were found to bend and turn with few alterations
in secondary structures. Thus, it was believed that ADK
maintained its integrate structure with minute changes in its
secondary structures, indicating that this enzyme behaved as
a rigid body with flexible domains, and pathway detected in
our study was reasonable.

Furthermore, our proposed mechanism was also in good
agreement with previous theoretical studies. In 2008, Lu and
Wang developed a coarse grained two-wellmodel to study the
conformational dynamics of ADK in microscopic detail [19].
They identified the LID-closing and NMP-closing pathways,
providing theoretical evidence to our model (especially the
transitions between model a and b and between model b
and c). In 2008, Kubitzki and de Groot used TEE-REX
molecular dynamics to study the conformational transitions
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of ADK and detected a pathway for the open-to-closed
transitions [9]. Although a complete transition was not
observed, the pathway they found was in accord with the
transitions from model a to model c. In 2010, Prof. Head-
Gordon and her co-workers used normal modes analyses
to study the transition pathway [27]. Although a complete
transition pathway was identified, they did not provide any
explanation for the catalytic mechanism of ADK. Besides
the aforementioned studies, many other works were involved
in the free energy calculations during the conformational
transitions [19–22], giving an indication that there were
intermediate states during the conformational transitions.

3.3. Conformational Transition Mechanism. For the confor-
mational transitions in proteins or enzymes, two different
substrate binding mechanisms, induced-fit model, and con-
formational selection model can be proposed. The former
is a model for enzyme-substrate interactions to describe
that only the proper substrate is capable of inducing the
conformational changes in the binding site, allowing the
enzyme to perform its catalytic function [67]. The latter
believes that the proteins or enzymes exist in the multiple
conformations in the vicinity of its native state, and the
ligand selectively binds to an active conformation to shift the
equilibrium toward the binding conformation [68, 69]. In the
current case, long time-scalemolecular dynamics simulations
were performed on Escherichia coli ADK, which can sample
a large set of conformations between the open and closed
states. Our computational results strongly supported the
conformational selection model proposed for ADK [5, 70–
74].

4. Conclusion

In conclusion, to study the large-scale domain motions in
Escherichia coli ADK, we performed long time-scale molec-
ular dynamics on both open and closed states of ADK. The
two-dimensional RMS deviations of the C𝛼 atoms from both
open and closed conformations along simulation trajectories
confirmed the fact that conformational transitions between
the open and closed conformation occurred during our
simulations. Additionally, two significant intermediate states
were identified by monitoring the domain distances between
LID/NMP and CORE domains, one of which adopted an
open LID domain with a closed NMP domain, and the other
one employed an open NMP domain with a closed LID
domain. Based on these computational results, we proposed a
possible mechanism for the large scale conformational tran-
sitions and the catalytic function (Figure 4). The proposed
mechanism was in good accordance with the previous exper-
imental and theoretical studies, providing strong support to
the conformational selection mechanism for Escherichia coli
ADK.
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Kernel methods, such as kernel PCA, kernel PLS, and support vector machines, are widely known machine learning techniques in
biology, medicine, chemistry, andmaterial science. Based on nonlinear mapping and Coulomb function, two 3D kernel approaches
were improved and applied to predictions of the four protein tertiary structural classes of domains (all-𝛼, all-𝛽, 𝛼/𝛽, and 𝛼+𝛽) and
five membrane protein types with satisfactory results. In a benchmark test, the performances of improved 3D kernel approach were
compared with those of neural networks, support vectormachines, and ensemble algorithm. Demonstration through leave-one-out
cross-validation onworking datasets constructed by investigators indicated that new kernel approaches outperformed other predic-
tors. It has not escaped our notice that 3D kernel approaches may hold a high potential for improving the quality in predicting the
other protein features as well. Or at the very least, it will play a complementary role tomany of the existing algorithms in this regard.

1. Introduction

Due to the rapid development of genome and protein science,
the biological information has expanded dramatically.There-
fore, it is very important and highly desirable for computers to
manage, organize, and interpret the information. As a part of
biochemistry, study of protein structure classes has become
a hot topic, because of experimental and theoretical pur-
poses. Artificial neural networks, support vector machines,
kernel methods, and ensemble algorithms are widely known
machine learning techniques in biology,medicine, chemistry,
and material science [1–10]. In this work, two classification
problems, protein’s tertiary structure classes of domains
and membrane protein types, were researched with some
machine learning techniques.

Several motifs pack together to form compact, local,
and semiindependent units called domains. The details of
proteins domains structures are extremely complicated and
irregular. But their overall structural frames are simple,
regular, and truly elegant [11–13].Many protein domains often

have similar or identical folding patterns even if they are quite
different according to their sequences [14–16]. The overall
3D structure of the polypeptide chain is referred to as the
protein’s tertiary structure. Levitt and Chothia proposed to
classify protein tertiary structures into the following four
structural classes based on the secondary structural content
of the domains. (1)All-𝛼: it is formed essentially by 𝛼-helices.
This class is dominated by small folds, many of which form a
simple bundle with helices running up and down. (2) All-𝛽:
this class has a core composed of antiparallel𝛽-sheets, usually
two sheets pack against each other. (3) 𝛼/𝛽: this class contains
both 𝛼-helices and 𝛽-strands that are largely interspersed in
forming mainly parallel 𝛽-sheet; (4) 𝛼 + 𝛽: this class also
contains both of the two secondary structure elements that,
however, are largely segregated in formingmainly antiparallel
𝛽-sheets.

This concept of structural class has ever since been widely
used as an important attribute for characterizing the overall
folding type of proteins domains. Lots of methods have been
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made to predict the structural classes based on the knowledge
of protein sequences [17].

The research of membrane protein type is also important
because of the special biological functions.The biomembrane
usually contains some specific proteins and lipid components
that enable it to perform its unique roles in the cell and
organelle.

Furthermore, several studies show that many membrane
proteins are also the key targets of drug discovery, particularly
membrane channel proteins [18–20]. Membrane proteins can
be further classified into the five types [21–23]: (a) type
A membrane protein is single-pass transmembrane protein
which has an extracellular (or luminal) N-terminus and cyto-
plasmic C-terminus for a cell (or organelle) membrane; (b)
type B membrane protein is single-pass transmembrane pro-
tein which has an extracellular (or luminal) C-terminus and
cytoplasmic N-terminus for a cell (or organelle) membrane;
(c) type C is multipass transmembrane protein: the polypep-
tide crosses the lipid bilayer multiple times; (d) type D mem-
brane proteins are lipid chain-anchored membrane proteins:
they are bound to the membrane by one or more covalently
attached fatty acid chains or other types of lipid chains
called prenyl groups; (e) type E is GPI-anchored membrane
protein which is bound to the membrane by a glycosylphos-
phatidylinositol (GPI) anchor.

Researchers have applied classification algorithm to pre-
dict the types of membrane proteins based on their amino
acid composition [24, 25]. Figure 1 shows the forms and the
locations of different membrane proteins.

The first goal of this paper is to illustrate the application
of 3D kernel approach as a relatively new tool in proteins
domains field for classification purposes. And the second goal
is to show that the new approach can be applied to analysis of
membrane protein types.

2. Materials and Methods

2.1. Kernel Function. Kernel function was originally a kind
of functions used in integral operator research. However,

Vapnik implemented this function in his newly invented
SVMs method [26]. The use of kernel function makes SVMs
able to treat nonlinear data processing problems by using
linear algorithms. The basic idea of kernel function is to
map the data X into a higher-dimensional feature space F
via a nonlinear mapping Φ and then to do classification and
regression in this space.There are four commonly used kernel
functions:

linear kernel

𝐾(x, y) = ⟨x ⋅ y⟩ + 𝜃. (1)

polynomial kernel

𝐾(x, y) = (⟨x ⋅ y⟩ + 𝜃)𝑑. (2)

Gaussian (RBF) kernel

𝐾(x, y) = exp(
−
x − y

2

𝜎2
) . (3)

sigmoid kernel

𝐾(x, y) = tanh (V ⟨x ⋅ y⟩ + 𝑟) . (4)

The elegance of using kernel function lied in the fact that
one can deal with feature spaces of arbitrary dimensionality
without having to compute the map Φ(x). Any function that
satisfies Mercer’s condition can be used as kernel function.

2.2. Kernel PCA. Principal component analysis (PCA) is a
versatile and easy-to-use multivariate mathematical-statis-
tical method in multivariate data analysis and the extraction
of maximal information [27, 28]. It is a linear transforma-
tion approach that compresses high-dimensional data with
minimum loss of data information. PCA is performed in the
original sample space, whereas kernel PCA (KPCA) applies
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Figure 2: The mapping Φ embeds the data points in a feature space.

kernel functions in the input space to achieve the same effect
of the expensive nonlinear mapping.

From Figure 2, it is found that the basic idea of KPCA
is to map the original dataset into some higher dimensional
feature space. In this complex space, PCA can be applied to
establish a linear relationship which is nonlinear in the origi-
nal input space [29, 30]. For the special case in whichΦ(x) =
x, KPCA is equivalent to linear PCA. From this viewpoint,
KPCA can be regarded as a generalized version of linear PCA.

For PCA, with data X = [𝑥
1
, 𝑥
2
, . . . , 𝑥

𝑛
]𝑇 ∈ 𝑅𝑝, one can

first compute the covariance matrix C:

C =
1

𝑛
XTX. (5)

A principal component v is computed by solving the
following eigenvalue problem:

𝜆v = Cv = 1

𝑛
XTXv. (6)

Thus, the eigenvectors can be written as (𝛼 =

[𝛼
1
, . . . , 𝛼

𝑛
]𝑇)

v =
𝑛

∑
𝑖=1

𝛼
𝑖
𝑥
𝑖
= XT
𝛼. (7)

Then, the eigen value problem can be represented by the
following simple form:

𝜆𝛼 =
1

𝑛
K𝛼, (8)

where K = XXT ∈ 𝑅𝑛×𝑛 is a linear kernel matrix. To derive
KPCA, one firstly needs tomap the dataX into a feature space
F (i.e., M = [Φ(x

1
), Φ(x

2
), . . . , Φ(x

𝑛
)]𝑇). Hence, a nonlinear

kernel matrix K (K = MMT ∈ 𝑅𝑛×𝑛) can be directly
generated by means of specific kernel function ((1), (2), (3),
and (4)). For extracting features of a new sample 𝑥 with
KPCA, one simply projects themapped sampleΦ(x) onto the
first 𝑘 projections V

𝑘
,

V
𝑘
⋅ Φ (x) =

𝑛

∑
𝑖=1

𝛼𝑘
𝑖

⟨Φ (x
𝑖
) , Φ (x)⟩ . (9)

KPCA is to map the original data (in the input space)
with nonlinear features into kernel feature space in which the
linear PCA algorithm is then performed. Therefore, KPCA,
being suitable to describe the nonlinear structure of data set,
can be regarded as a generalized version of linear PCA.
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2.3. GDA. Generalized discriminant analysis (GDA) is a
method designed for nonlinear classification [31–33]. It is a
nonlinear extension of linear discriminant analysis (LDA)
based on a kernel function Φ which transforms the original
space X to a new high dimensional feature space F. The
within-class (or total) scatter (WΦ) and between-class scatter
(BΦ) matrixes of the nonlinearly mapped data are as follows:

WΦ =
𝐶

∑
𝑐=1

∑
x∈X
𝑐

Φ (x) Φ (x)𝑇, (10)

BΦ =
𝐶

∑
𝑐=1

𝑀
𝑐
mΦ
𝑐

(mΦ
𝑐

)
𝑇

. (11)

In (11),m
𝑐
is themean of classX

𝑐
and𝑀

𝑐
is the number of

samples belonging to X
𝑐
. The aim of the GDA is to find such

projection matrix UΦ that maximizes the following Fisher
criterion:

UΦopt = argmax


(UΦ)
𝑇

BΦUΦ



(UΦ)𝑇WΦUΦ



= [uΦ
1

, . . . , uΦ
𝑁

] . (12)

From the theory of reproducing kernels, any solution
uΦ ∈ Fmust lie in the span of all training samples in F:

uΦ =
𝐶

∑
𝑐=1

𝑀
𝑐

∑
𝑖=1

𝛼
𝑐𝑖
Φ(x
𝑐𝑖
) , (13)

where 𝛼
𝑐𝑖
are some real weights and 𝑥

𝑐𝑖
is the 𝑖th sample of

the class 𝑐. The solution is obtained by solving (𝛼 = [𝛼
𝑐
], 𝑐 =

1, 2, . . . , 𝐶; 𝛼
𝑐
= [𝛼
𝑐𝑖
], 𝑖 = 1, 2, . . . ,𝑀

𝑐
):

𝜆 =
𝛼𝑇KDK𝛼
𝛼𝑇KK𝛼

. (14)

K is the 𝑛 × 𝑛 kernel matrix composed of the dot products of
nonlinearly mapped data. And D = diag(D

1
, . . . ,D

𝑐
), where

D
𝑖
is a 𝑛
𝑖
× 𝑛
𝑖
matrix with entries all equal to 1/𝑛

𝑖
.

2.4. New Improved 3D Kernel Approach: 3D KPCA and 3D
GDA. Traditional KPCA and GDA are typical multivariate
two-dimension statistical methods. In this work, KPCA and
GDA are improved with three-dimensional projection and
the concept of electric field intensity.

Firstly, the data of training samples are projected onto
three-dimensional space by KPCA or GDA algorithm with
satisfactory classification effect. The three-dimensional coor-
dinate axes are, respectively, the first kernel principal com-
ponent, second kernel principal component, and third kernel
principal component or the direction vectors of generalized
discriminant analysis.

Secondly, we need to estimate the class (unknown) of
new projection points, such as membrane protein types of
test sample data. There are two estimation methods in this
work: K-Nearest Neighbor algorithm (KNN) [34] and class
intensity model.
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Figure 3: IEFP with different classes in 3D kernel space.

KNN algorithm estimation: new projection point (test
sample) is classified by a majority vote of its neighbors
(training samples in kernel three-dimensional space).

Class intensity model estimation: the projection point of
one training data can be considered as point charge. The
species of charge is related to the class of sample. And the
Electric Quantity of Point Charge (EQPC) is related to the
number of samples (𝑛

𝐶
) which belongs to some class:

EQPC
𝐶
=

1

𝑛
𝐶

. (15)

The value of EQPC is negative related with the sample
amount of same class. Based on theCoulomb law and formula
of intensity of electric field, the Intensity of Electric Field of
one Point (IEFP) in 3D space is

IEFP
𝐶
=
𝑛
𝐶

∑
𝑖=1

EQPC
𝐶

𝑟2
𝑖

, (16)

where 𝑟 is distance between point charge and the space point.
Therefore, in class intensity model, IEFP is a criterion of

classification. For example, there are four classes in training
data: class 1, class 2, class 3, and class 4 in Figure 3. After pro-
jectingwith kernelmethods, all projection class charge points
of training data can form a space electric field.The test sample
can be projected onto this space with the same kernel meth-
ods. Figure 3 illustrates the relationship between point charge
of different class and corresponding IEFP. To project position
of test sample, if there exist IEFP

1
> IEFP

2
, IEFP

1
> IEFP

3

and IEFP
1
> IEFP

4
, test sample should belong to class 1.

3. Results and Discussion

3.1. System and Software Used for Data Analysis. The calcula-
tions were carried out using the Intel(R) Core(TM)DuoCPU
T5870GHz computer running Windows XP operating sys-
tem. All the learning input data were range-scaled to [0∼1] in
this work. The improved 3D kernel approach software pack-
age including 3D kernel PCA and 3D GDAwas programmed
in our laboratory referring to the literature [29, 31] based on
statistical pattern recognition toolbox for MATLAB [35].

3.2. Application of Improved 3D Kernel Approach to Protein’s
Tertiary Structure Classes of Domains. The protein datasets



BioMed Research International 5

Table 1: LOOCV success rates by component-coupled, neural network, SVMs, AdaBoost, and improved 3D kernel approach.

Dataset Algorithm All-𝛼 All-𝛽 𝛼/𝛽 𝛼 + 𝛽 Overall

Dataset A (277 domains)

Component-coupled 84.3% 82.0% 81.5% 67.7% 79.1%
Neural networks 68.6% 85.2% 86.4% 56.9% 74.7%

SVMs 74.3% 82.0% 87.7% 72.3% 79.4%
AdaBoost 87.1% 95.1% 98.7% 81.5% 90.9%
3D kernel 88.6% 85.3% 93.8% 77.0% 86.6%

Dataset B (498 domains)

Component-coupled 93.5% 88.9% 90.4% 84.5% 89.2%
Neural networks 86.0% 96.0% 88.2% 86.0% 89.2%

SVMs 88.8% 95.2% 96.3% 91.5% 93.2%
AdaBoost 96.2% 92.1% 98.5% 89.9% 94.2%
3D kernel 91.6% 95.3% 99.3% 92.3% 95.0%
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Figure 4: Distribution of different protein’s tertiary structure classes
data in 3D kernel space.

studied here were taken from Niu and his coworkers [17]. In
dataset A, there are 277 protein domains, of which 70 are all-
𝛼 domains, 61 all-𝛽, 81 𝛼/𝛽, and 65 𝛼 + 𝛽. In dataset B, there
are 498 protein domains, of which 107 are all-𝛼 domains, 126
all-𝛽, 136𝛼/𝛽, and 129𝛼+𝛽.The amino acid compositionwas
used to represent the sample of a protein domain.

To demonstrate the power of 3D kernel methods, com-
putations were performed by the Leave-One-Out Cross-
Validation (LOOCV), which are widely used by more and
more investigators in testing the power of various predictors.
As such, the data set of 𝑛 sampleswas divided into twodisjoint
subsets including a training data set (𝑛−1 samples) and a test
data set (only 1 sample). After developing each model based
on the training set, the omitted data was predicted and the
difference between experimental value and predicted value
was calculated [36–38].

Based on dataset A, it was found that the projection with
Gaussian (see (3), 𝜎 = 0.5) kernel function and KNN (𝐾 = 3)
algorithmestimationwas suitable for building 3Dkernel PCA
model with the better success rates.

Based on dataset B, it was found that the projection with
polynomial (see (2), 𝑑 = 4, 𝜃 = 1.5) kernel function and
class intensity model estimation was suitable for building 3D
GDA model with the better success rates. Figure 4 illustrates

the protein domains classes distribution of dataset B (498
samples) in 3D kernel space with GDA model. It can be seen
that the data points, which belong to all-𝛼 domains, all-𝛽
domains, 𝛼/𝛽 domains, and 𝛼 + 𝛽 domains respectively, are
located in different regions with a correct classification result.

The success rates thus obtained are given in Table 1,
where, for facilitating comparison, the corresponding rates
obtained by component-coupled algorithm, neural networks,
support vector machines (SVMs), and AdaBoost Learner [17]
are also listed.

As it can be seen from Table 1, the performance of
improved 3D kernelmodel outperforms those of component-
coupled, neural networks, SVMs models but was a little
worse than that of AdaBoost model for the dataset A (277
domains) available in LOOCV test. Based on dataset B (498
domains), improved 3D kernel learner is superior to all the
other predictors in identifying the structural classification.

3.3. Application of Improved 3D Kernel Approach to Clas-
sification of Membrane Proteins. The membrane proteins
dataset studied here was collected from the literature [25].
The dataset contains 2059 prokaryotic proteins (type A
membrane proteins: 435; type B membrane proteins: 152;
type CMulti-pass transmembrane proteins: 1311; type D lipid
chain-anchoredmembrane proteins: 51; type EGPI-anchored
membrane proteins: 110). The amino acid composition was
selected as the input of the classification algorithm, and
the computations were performed by LOOCV to test the
power of various predictors. Based on dataset of membrane
proteins, the classification flow chart (Figure 5) was obtained
as follows.

From Figure 5, there are two steps in building classifi-
cation model. Firstly, the 3D KPCA model with projection
through polynomial (see (2), 𝑑 = 2, 𝜃 = 0.1) kernel function
and KNN (𝐾 = 5) algorithm estimation was built to classify
themultipass transmembrane proteins (type C) and the other
membrane proteins (type A, type B, type D, and type E).
Figure 6 illustrates the data distribution of type C and other
membrane proteins in 3D kernel space with KPCA model.

Secondly, the 3D GDAmodel with Gaussian (see (3), 𝜎 =
5) kernel function and class intensity model estimation was
built to classify type A, type B, type D, and type E membrane
proteins.



6 BioMed Research International

Table 2: LOOCV success rates by covariant discriminant, neural network, SVM, bagging, and improved 3D kernel approach.

Algorithm Rate of correct prediction for each class Overall rate of correct prediction
Type A Type B Type C Type D Type E

Covariant discriminant 74.0% 52.0% 83.7% 49% 45.4% 76.4%
Neural network 75.63% 30.92% 88.86% 50.98% 30.91% 77.76%
SVMs 77.7% 28.3% 92.5% 52.9% 35.5% 80.9%
Bagging 79.80% 48.68% 93.21% 49.02% 60.91% 84.18%
3D kernel 78.11% 31.02% 94.36% 52.63% 45.46% 84.50%

GDA projection x-axis GDA projection y
-axis

G
D

A
 p

ro
je

ct
io

n
z

-a
xi

s 0.04
0.03
0.02
0.01

0

0

−0.02

−0.01

−0.04

−0.04

−0.03

−0.06

−0.05

0.04 0.08 0.12
−0.05

0.05
0.15

Type A
Type B

Type D
Type E

1.5

1

0.5

0

−0.5

−1

−2
−1

0
1

−1.5 −1 −0.5 0 1 1.50.5

Type C
Type A, type B, type D, and type E

−1.5

2059 prokaryotic
proteins samples

KNN

K = 5

1 class: type C

Type C

2 class: type A, type B, type D, and type E

3D-KPCA projection
(Polynomial kernel function, d = 2, 𝜃 = 0.1)

3D-GDA projection
(Gaussian kernel function, 𝜎 = 5)

Intensity model
estimation

Type A Type B Type D Type EKPC1

KPC 2

KP
C 3

Figure 5: Classification flow chart of five type membrane proteins.

Figure 7 illustrates the data distribution of the type A,
type B, type D, and type E membrane proteins in 3D kernel
space with GDA model. 3D kernel method was compared
with other machine learning classification methods: the
covariant discriminant algorithm [23], neural networks,
support vector machines, and Bagging [25], as is shown in
Table 2.

As we can see from Table 2, correct classification rate of
the LOOCV test applied 3D kernel algorithm outperformed
other algorithms. It also means that 3D kernel method has
learned very well through the membrane proteins training
process.

4. Conclusions

The 3D kernel approach is very useful machine learning
classifier. It has remarkably outperformed the powerful
neural network, SVM classifiers, in predicting the protein
domain structural classes for the two datasets constructed
andmembrane protein types for the same dataset constructed
by previous investigators. It is thus anticipated that the 3D
Kernel classifier can also be used to predict other protein
attributes, such as sub-cellular localization [39–41], enzyme
family and subfamily classes [42], and active sites of enzyme.
The concepts of EQPC and IEFP can be easily extended to
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Figure 6: Distribution of the multipass transmembrane proteins
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GDA projection x-axis GDA projection y
-axisG

D
A

 p
ro

je
ct

io
n
z

-a
xi

s

0.04
0.03
0.02
0.01

0
−0.01

−0.02

−0.03

−0.04

−0.05

−0.06

−0.02 0.02 0.06 0.1 0.14
−0.05

0 0.05
0.1

0.15

Type A
Type B

Type D
Type E

Figure 7: Distribution of the type A, type B, type D, and type E data
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many-dimensional space and could be improved to use four
or more dimensions.

It could be concluded that 3D kernel approach is a
robust and highly accurate classification technique that can
be successfully applied to derive statistical models with
statistical qualities and predictive capabilities for the protein
location and function. The 3D kernel algorithm should be
a complementary tool to the existing pattern recognition in
chemometrics and bioinformatics.
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As a class of small noncoding RNAs, microRNAs (miRNAs) regulate stability or translation of mRNA transcripts. Some reports
bring new insights into possible roles of microRNAs in modulating cell cycle. In this paper, we focus on the mechanism and
effectiveness of microRNA-mediated regulation in the cell cycle. We first describe two specific regulatory circuits that incorporate
base-pairing microRNAs and show their fine-tuning roles in the modulation of periodic behavior. Furthermore, we analyze the
effects of miR369-3 on the modulation of the cell cycle, confirming that miR369-3 plays a role in shortening the period of the cell
cycle. These results are consistent with experimental observations.

1. Introduction

MicroRNAs are single-stranded non-coding RNA molecules
containing 21∼23-nucleotides. More and more works imply
that microRNAs are involved in a series of important life
processes, including early development, cell proliferation,
differentiation, and apoptosis [1–11]. MicroRNAs act by base
pairing with their target mRNAs and induce either transla-
tional repression or mRNA degradation through an RNA-
induced silencing complex. Most microRNAs negatively
regulate expression of their target genes. Since microRNA
is a type of small molecules and needs not to be translated
into proteins, it has an energy-saving advantage for the
cell cycle regulation when compared to the regulation by
proteins. In addition, its faster synthesis rate has more
advantage in response to the changes in environment. These
advantages mean that microRNA may play crucial roles in
gene regulation.

A series of recent experiments show that microRNAs
may play crucial roles in modulating periodic behaviors of
biological systems, such as cell cycle and circadian rhythm
[12–19]. Other reports indicate that microRNAs fine-tune
oscillations of p53 in the process of tumor suppression [20–
29]. However, all these findings have still been confined to

experimental stage. The operating mechanism and potential
implication of microRNA-mediated regulation in the mod-
ulation of periodic behavior are less clear and need to be
further investigated.

In this study, we aim to explore the control mechanism
and kinetic characteristics ofmicroRNA-mediated regulation
in the modulation of cell cycle. First, we model two specific
network motifs, which have different periodic behaviors
in the absence of microRNA, that is, oscillation generated
by a Hopf bifurcation and relaxation oscillation. Further-
more, microRNA is incorporated into these two motifs,
respectively.Thedynamical analysis confirms thatmicroRNA
can regulate these two types of oscillations by shortening
their periods. Then we study the microRNA regulation of
a periodic phenomenon in biological system, that is, cell
cycle. The results account for the roles of microRNA in the
modulation of cell cycle observed in recent experiments.

2. MicroRNA Regulation of Two Motifs and
Cell Cycle

2.1. Analysis of Motif I. The first motif without and with the
regulation of microRNA is shown in Figure 1. In this motif,

http://dx.doi.org/10.1155/2013/285063
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Figure 1: Schematic description of the first motif without and with microRNA regulation. (a) Without microRNA regulation; (b) with
microRNA regulation.

protein𝐴 activates the transcription of gene 𝐵, which in turn
inhibits the transcription of gene 𝐴, as shown in Figure 1(a).

With these assumptions, when the microRNA is not
incorporated, we get a set of differential equations on the con-
centrations of the substrates, which describe the behaviors of
the mRNA of gene 𝐵, protein 𝐵, and protein 𝐴, as follows:

𝑑 [𝑚]

𝑑𝑡
= 𝑎
1
𝑓([𝑚]) − 𝑑

𝑚
[𝑚] ,

𝑑 [𝐵]

𝑑𝑡
= 𝑎
2
[𝑚] − 𝑑

𝐵
[𝐵] ,

𝑑 [𝐴]

𝑑𝑡
= 𝑎
3
𝑔([𝐵]) − 𝑑

𝐴
[𝐴] ,

(1)

where [⋅] means the concentration of the substrate, and
𝑓([𝐴]) = [𝐴]𝑛1/([𝐴]𝑛1 + 𝐾

𝑛
1

𝐴

), 𝑔([𝐵]) = 𝐾
𝑛
2

𝐵

/([𝐵]𝑛2 + 𝐾
𝑛
2

𝐵

),
where 𝑛

1
, 𝑛
2
are hill coefficients.

When the microRNA regulation is incorporated into (1)
(see Figure 1(b)), it becomes

𝑑[𝑚]

𝑑𝑡
= 𝑎
1
𝑓([𝑚]) − 𝑑

𝑚
[𝑚] − 𝑑[𝑚] [𝑠] ,

𝑑[𝐵]

𝑑𝑡
= 𝑎
2
[𝑚] − 𝑑

𝐵
[𝐵] ,

𝑑[𝐴]

𝑑𝑡
= 𝑎
3
𝑔([𝐵]) − 𝑑

𝐴
[𝐴] ,

𝑑[𝑠]

𝑑𝑡
= 𝜆 − 𝑑

𝑠
[𝑠] − 𝑑[𝑚] [𝑠] ,

(2)

where 𝜆 is the synthesis rate of microRNA, 𝑑
𝑠
is the degra-

dation rate of microRNA, and 𝑑 is the associate rate of two
RNAs.

Using the dimensionless variables scaled by 𝜏 = 𝑎
1
𝑡, 𝐵 =

𝑑[𝐵]/𝐾
𝐵
, 𝐴 = 𝑑[𝐴]/𝐾

𝐴
, 𝑎
2
= 𝑎
2
/𝑎
1
𝐾
𝐵
, 𝑎
3
= 𝑎
3
/𝑎
1
𝐾
𝐴
, 𝑑
𝑚
=

𝑑
𝑚
/𝑎
1
, 𝑑
𝐵
= 𝑑
𝐵
/𝑎1, 𝑑

𝐴
= 𝑑
𝐴
/𝑎1, 𝑓(𝐴) = 𝐴𝑛1/(𝐴𝑛1 + 1),

𝑔(𝐵) = 1/(𝐵𝑛2 + 1), and �̂� = 𝜆/𝑎
1
, 𝑑
𝑠
= 𝑑
𝑠
/𝑎
1
, 𝑑 = 𝑑/𝑎

1
, we

obtain two sets of equations as follows:
𝑑[𝑚]

𝑑𝜏
= 𝑓(𝐴) − 𝑑

𝑚
[𝑚] ,

𝑑𝐵

𝑑𝜏
= 𝑎
2
[𝑚] − 𝑑

𝐵
𝐵,

𝑑𝐴

𝑑𝜏
= 𝑎
3
𝑔(𝐵) − 𝑑

𝐴
𝐴,

(3)

𝑑[𝑚]

𝑑𝜏
= 𝑓(𝐴) − 𝑑

𝑚
[𝑚] − 𝑑 [𝑚] [𝑠] ,

𝑑𝐵

𝑑𝜏
= 𝑎
2
[𝑚] − 𝑑

𝐵
𝐵,

𝑑𝐴

𝑑𝜏
= 𝑎
3
𝑔(𝐵) − 𝑑

𝐴
𝐴,

𝑑[𝑠]

𝑑𝜏
= �̂� − 𝑑

𝑠
[𝑠] − 𝑑 [𝑚] [𝑠] .

(4)

We can calculate the equilibriums by setting the right-
hand sides of the equations equal to zero. Let the equilibrium
be (𝑚∗, 𝐵∗, 𝐴∗) for (3). Linearizing (3) around the equilib-
rium results in the Jacobian matrix as follows:

J1 = (

−𝑑
𝑚

0 𝑓 (𝐴∗)

𝑎
2

−𝑑
𝐵

0

0 𝑎
3
𝑔 (𝐵∗) −𝑑

𝐴

). (5)

By simple calculation, its characteristic polynomial is derived
as follows:

𝑥3 + (𝑑
𝑚
+ 𝑑
𝐵
+ 𝑑
𝐴
) 𝑥2 + (𝑑

𝑚
𝑑
𝐵
+ 𝑑
𝑚
𝑑
𝐴
+ 𝑑
𝐵
𝑑
𝐴
) 𝑥

+ 𝑑
𝑚
𝑑
𝐵
𝑑
𝐴
− 𝑎
2
𝑎
3
𝑓 (𝐴∗) 𝑔 (𝐵∗) = 0.

(6)

Using Routh-Hurwitz criteria, we know that when the follow-
ing condition is satisfied:

(𝑑
𝑚
+ 𝑑
𝐵
+ 𝑑
𝐴
) (𝑑
𝑚
𝑑
𝐵
+ 𝑑
𝑚
𝑑
𝐴
+ 𝑑
𝐵
𝑑
𝐴
)

= 𝑑
𝑚
𝑑
𝐵
𝑑
𝐴
− 𝑎
2
𝑎
3
𝑓(𝐴∗) 𝑔(𝐵∗) ,

(7)
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a Hopf bifurcation occurs (and the right-hand side should be
also larger than 0). In other words, when the left-hand side
becomes less than the right-hand side in the above equation,
oscillations will occur in (3).

Let the equilibrium be (𝑚∘, 𝐵∘, 𝐴∘, 𝑠∘) for (4). Similarly,
linearizing (4) around the equilibrium results in the Jacobian
matrix as follows:

J2 = (

−𝑑
𝑚
− 𝑑𝑠∘ 0 𝑓(𝐴∘) −𝑑𝑚∘

𝑎
2

−𝑑
𝐵

0 0

0 𝑎
3
𝑔(𝐵∘) −𝑑

𝐴
0

−𝑑𝑠∘ 0 0 −𝑑
𝑠
− 𝑑𝑚∘

). (8)

By calculation, its characteristic polynomial is derived as
follows:

𝑥4 + 𝛼
1
𝑥3 + 𝛼

2
𝑥2 + 𝛼

3
𝑥 + 𝛼
4
= 0, (9)

where 𝛼
1
= 𝑑
𝑚
+𝑑
𝐵
+𝑑
𝐴
+𝑑
𝑠
+𝑑𝑠∘+𝑑𝑚∘, 𝛼

2
= 𝑑𝑠∘𝑑

𝐵
+𝑑𝑠∘𝑑

𝐴
+

𝑑2𝑠∘𝑚∘+𝑑
𝐵
𝑑𝑚∘+𝑑𝑠∘𝑑

𝑠
+𝑑
𝐵
𝑑
𝑠
+𝑑
𝐴
𝑑
𝑠
+𝑑
𝑚
𝑑𝑚∘−𝑑2𝑚∘

2

+𝑑
𝑚
𝑑
𝐴
+

𝑑
𝐵
𝑑
𝐴
+ 𝑑
𝑚
𝑑
𝑠
+ 𝑑
𝑚
𝑑
𝐵
+ 𝑑
𝐴
𝑑𝑚∘, and so on. Again, according

to the Routh-Hurwitz criteria, we can obtain the condition of
Hopf bifurcation as follows:

Δ
3
=



𝛼
1
𝛼
3

0
1 𝛼
2
𝛼
4

0 𝛼
1
𝛼
3



= 0, (10)

that is, when the determinant becomes less than zero (and
𝛼
1
> 0, 𝛼

3
> 0, 𝛼

4
> 0), oscillations will occur in (4).

To investigate the dynamical properties of microRNA
regulation in gene expression, we will next examine and
compare the twomodels by computational analysis. To deter-
mine fundamental differences in these two models without
and with microRNA regulation, it would be of interest to
choose similar parameter values. We first choose values of
parameters in (3), under which oscillations may occur. Then,
under these fixed parameter values, other values of parameter
in (4) are chosen so as to produce oscillations.

In Figure 2, the following parameter values in (3) are used:
𝑛
1
= 2, 𝑛

2
= 2, 𝑎

2
= 1.4, 𝑎

3
= 3.4, 𝑑

𝑚
= 0.1, 𝑑

𝐵
= 0.1, and

𝑑
𝐴
= 0.15. Other parameter values in (4) are �̂� = 2.0,𝑑

𝑠
= 0.2,

and 𝑑 = 0.8. It can be seen that after the incorporation of
the microRNA regulation, the changes of the wave form and
amplitude of the oscillation are slight. In contrast, the period
is shortened evidently, which means that the fine-tuning of
microRNA regulation in the oscillation is period shortening.

2.2. Analysis of Motif II. The second motif is similar to the
first one except the positive autoregulation of protein 𝐴, as
shown in Figure 3.

When the microRNA is not incorporated, it has been
discussed in [30]. It was shown that relaxation oscillation
could occur due to the existence of different time scales. Using
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Figure 2: The modulation of oscillations by microRNA in motif I.
The green and red lines show the concentration of protein 𝐵 with
and without microRNA regulation, respectively.

their model, the systemwithout microRNA regulation can be
expressed as follows:

𝑑𝐴

𝑑𝑡
= Δ(𝑎

1
+

1 + 𝜌𝐴2

1 + 𝜌𝐴2 + 𝜎𝐵2
− 𝐴) ,

𝑑𝐵

𝑑𝑡
= Δ𝑎
2

1 + 𝜌𝐴2

1 + 𝐴2
− 𝐵,

(11)

where Δ is the ratio of degradation rates between the two
proteins 𝐴 and 𝐵, Δ ≫ 1, which means degradation rate of
𝐴 is much faster than that of 𝐵. 𝛼

2
= 𝜖𝛼
1
with 0 < 𝜖 ≪ 1

means that the synthesis rate of protein𝐵 is much slower than
that of 𝐴. Similar to the first motif, after the incorporation of
miRNA regulation, the system can be rewritten as follows:

𝑑𝐴

𝑑𝑡
= Δ(𝑎

1
+

1 + 𝜌𝐴2

1 + 𝜌𝐴2 + 𝜎𝐵2
− 𝐴) ,

𝑑𝐵

𝑑𝑡
= Δ𝑎
2

1 + 𝜌𝐴2

1 + 𝐴2
− 𝐵 − 𝑑𝐵𝑠,

𝑑𝑠

𝑑𝑡
= 𝜆 − 𝑑

𝑠
𝑠 − 𝑑𝐵𝑠,

(12)

where the first equation means that microRNA 𝑠 and protein
𝐵 codegrade nonlinearly at a rate 𝑑 besides their respective
linear degradation. Similarly, the parameter values in (11) are
chosen first so as to produce relaxation oscillations. Then
other parameters in (12) are chosen. More exactly, parameter
values are 𝑎

1
= 1.58, 𝑎

2
= 0.05𝑎

1
, 𝜌 = 50, 𝜎 = 1, Δ = 11,

𝜆 = 5, 𝑑
𝑠
= 0.1, and 𝑑 = 0.1.

When the microRNA is not incorporated, relaxation
oscillation occurs, as shown by the red line in Figure 4.
Similar to the first motif, after the incorporation of the
microRNA, the changes of the wave form and amplitude of
the relaxation oscillation are slight. In contrast, the period is
shortened significantly too, meaning that the main modula-
tion of microRNA regulation in relaxation oscillation is also
period shortening.
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Figure 3: Schematic description of the second motif without and with microRNA regulation. (a) Without microRNA regulation; (b) with
microRNA regulation.
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Figure 4: The modulation of relaxation oscillation by microRNA in motif II. The green and red lines show the concentration of protein 𝐵
with and without microRNA regulation, respectively.

For both of the motifs, we get similar results; that is,
the main modulation of microRNA regulation in periodic
behavior is period shortening. In contrast, the types of
oscillations, the wave forms, and amplitude of oscillations
do not change significantly, thereby fine-tuning periodic
behavior of biological systems.

2.3. Cell Cycle Regulation. Next, we study the roles of
microRNA in modulation of cell cycle by incorporating a
microRNA, that is,miR369-3, into a detailed model.

Recently, experimental report by Vasudevan et al.
revealed that microRNA can up-regulate gene expression in
G0/G1 arrest during mammalian cell cycle [31]. In fact, they
carried out a series of experiments by connecting a reporter
mRNA to studymiR369-3 expression in different conditions.
These results show that miR369-3 promotes translation in
G0/G1 arrest and suppresses translation in proliferating cells.
It is equivalent to shortening the cell cycle process from the
perspective of the entire cell cycle.

Many excellent theoretical models have been proposed
to study the cell cycle [32–45]. The cell cycle consists of
four phases: G1 phase, S phase, G2 phase, and M phase.
Activation of the next stage is dependent on the normal
completion of previous one. In [32], Novák and Tyson model
the cell cycle as a two-steady-state process in which the two
steady states are corresponding to G1 stage and S/G2/M stage,
respectively. And the periodic switching between these two
stable states is a result of the antagonism between CycB/Cdk1
and Cdh1/APC, which creates a G1 state with active Cdh1 and
low CycB activity and an S/G2/M state with high CycB level
and Cdh1 turned off.

Here we develop a computational model based on Tyson’s
cell cycle model [32] to investigate the posttranscriptional
role of microRNA in the modulation of the mammalian cell
cycle. By using computational target prediction algorithm
miRBase [46], we screen out all the potential target genes of
miR369-3; all of them are not directly in the pathway given in
Tyson’s model. However, among these potential target genes,
Lox is found to inactivate CycD, an important gene in cell
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cycle during the periodG0/G1 [47].Therefore, by introducing
the new pathwaymiR369-3-Lox-CycD into the Tyson’smodel,
miR369-3 is incorporated into the cell cycle model.

Now, let us study the regulatory effects of microRNA
in the modified model with kinetic analysis. The dynamical
equations are different from Tyson’s model in two points: two
new equations for Lox andmiR369-3 and one additional term
in equation forCycD to show the inactivation ofCycDbyLox.
Refer to following equations:

𝑑 [𝐶𝑦𝑐𝐷]

𝑑𝑡
= 𝜖𝑘
9
[𝐷𝑅𝐺] + 𝑉

6
[𝐶𝑦𝑐𝐷 : 𝐾𝑖𝑝1]

+𝑘
24𝑟

[𝐶𝑦𝑐𝐷 : 𝐾𝑖𝑝1]−𝑘
24
[𝐶𝑦𝑐𝐷] [𝐾𝑖𝑝1]

− 𝑘
10
[𝐶𝑦𝑐𝐷] − 𝑘

40
[𝐶𝑦𝑐𝐷] [𝐿𝑜𝑥] ,

𝑑 [𝐿𝑜𝑥]

𝑑𝑡
= 𝑘
41
− 𝑘
40
[𝐶𝑦𝑐𝐷] [𝐿𝑜𝑥]

− 𝑘
42
[𝐿𝑜𝑥] [𝑚𝑖𝑅369-3] − 𝑘

43
[𝐿𝑜𝑥] ,

𝑑 [𝑚𝑖𝑅369-3]
𝑑𝑡

= 𝑘
44
− 𝑘
42
[𝐿𝑜𝑥] [𝑚𝑖𝑅369-3]

− 𝑘
45
[𝑚𝑖𝑅369-3] .

(13)

The new parameters 𝑘
44
, 𝑘
45
, 𝑘
42
, 𝑘
41
, 𝑘
43
, and 𝑘

40
are

the production rate of miR369-3, linear degradation rate of
miR369-3-association rate ofmiR369-3 with Lox, production
rate of Lox, linear degradation rate of Lox, and inactivation
rate of CycD by Lox, respectively.

Next, numerical simulations are conducted. In the sim-
ulations, all parameter values are the same as those used in
Tyson’s model except the newly introduced ones. We run the
simulation with a wide range of the new parameters, and
similar results are derived. Here we show the results with
the following set of parameters. Before the incorporation of
the microRNA, the parameter values are taken as 𝑘

40
= 50,

𝑘
41

= 200, 𝑘
42

= 0, 𝑘
43

= 5, 𝑘
44

= 0, and 𝑘
45

= 0. After
incorporating it, they are 𝑘

40
= 50, 𝑘

41
= 200, 𝑘

42
= 80,

𝑘
43
= 5, 𝑘

44
= 200, and 𝑘

45
= 5.

A simulation with and without microRNA regulation is
presented in Figure 5, where concentrations of CycB and
Cdh1 are shown. It can be seen that the incorporation of
miR369-3 shortens the period of CycB with low expression
representing the G1 phase and cells enter M phase earlier,
which is in agreement with the experimental observations.
We infer from the above results that miR369-3 exerts its reg-
ulation on cell cycle through the cell cycle periodmodulation.
This founding is also similar to the results for the two motifs
studied above.

The linear nature of the dependence of period on progres-
sively varied 𝑘

44
is shown in Figure 6, which further reflects

the roles played by the microRNA-mediated regulation. The
period of oscillations decreases slightly but almost linearly
with 𝑘

44
, meaning the fine-tuning of cell cycle by themiR369-

3.
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Figure 5: The modulation of cell cycle by miR369-3. The dashed
and solid lines show the concentration of CycB and Cdh1 with and
without microRNA regulation, respectively.
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Figure 6: The effect of production rate of miR369-3 on the length
of the cell cycle.

3. Discussion

MicroRNA-mediated regulation has gained recent attention.
With the accumulation of our knowledge about microRNA,
more and more regulatory mechanisms will be revealed.

Recent experimental works have implicated that microR-
NAs may play a fine-tuning role in cell cycle regulation.
However, most of them are based on experimental works,
and the regulatorymechanisms are less clear theoretically and
need to be further investigated.

Beginning with two motifs, we find that microRNAs do
not significantly change the type of oscillations, including
their wave forms and amplitudes, while the period changes
significantly. It seems that such a fine-tuning is general for
both motifs. With those results for simplified models, we
further incorporate a microRNA, miR369-3, into a classical
cell cycle model and study the microRNA regulatory effects
and mechanisms for cell cycle. We found that the miR369-
3 regulates cell cycle by slightly shortening the cell cycle
period, thus accelerating the cell cycle, which is in agreement
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with experimental observations. With the accumulatation
of experimental results related to microRNA regulation in
cell cycle, we will further incorporate more microRNAs into
cell cycle and investigate the overall regulatory effects of
microRNAs regulation in the future, which may give deep
insights into microRNA regulatory mechanisms in cell cycle.

Finally, it is worth noting that microRNA-mediated
regulation has gained recent attention, and computational
studies have revealed various regulatory properties unique
to microRNAs. These findings will be helpful for our under-
stating the operatingmechanisms and biological implications
of microRNA-mediated regulation. They also have great
potential for biotechnological, therapeutic applications, and
synthetic biology.
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The second development program developed in this work was introduced to obtain physicochemical properties of DPP-IV
inhibitors. Based on the computation of molecular descriptors, a two-stage feature selectionmethod called mRMR-BFS (minimum
redundancy maximum relevance-backward feature selection) was adopted. Then, the support vector regression (SVR) was used
in the establishment of the model to map DPP-IV inhibitors to their corresponding inhibitory activity possible. The squared
correlation coefficient for the training set of LOOCVand the test set are 0.815 and 0.884, respectively. An online server for predicting
inhibitory activity pIC

50

of the DPP-IV inhibitors as described in this paper has been given in the introduction.

1. Introduction

The incretin hormones glucagon-like peptide-1 (GLP-1) and
glucose-dependent insulinotropic polypeptide (GIP) are the
endogenous peptides that stimulate glucose-dependent insu-
lin secretion [1]. One of the important roles of dipeptidyl
peptidase IV (DPP-IV) [2] is a rapid inactivation of the
GLP-1 and GIP. Inhibition of DPP-4 increases the levels of
endogenous intact circulating GLP-1 and GIP. Consequently,
inhibitors of DPP-4 or gliptins have been recently regarded
as a prospective approach for the treatment of type-2 diabetes
mellitus.

In recent years,multiple small-moleculeDPP-4 inhibitors
have been reported [3, 4]. The development of a structurally
diverse collection of DPP-4 inhibitors is a hot research [5–
8]. Computational and various mathematical approaches
have been widely employed in the quantitative structure-
activity relationship (QSAR) analysis [9–13]. Using statistical
methods, QSAR analyses were carried out on a dataset of 47
pyrrolidine analogs acting as DPP-IV inhibitors by Paliwal
et al. [14]. Murugesan et al. used the comparative molecular
field analysis (CoMFA) and comparativemolecular similarity

indices analysis (CoMSIA) to analyze the structural require-
ments of aDPP-IV active site [15]. Gao et al. developed a novel
3D-QSARmodel to assist rational design of novel, potent, and
selective pyrrolopyrimidine DPP-4 inhibitors [16]. Moreover,
several efforts by using computational and mathematical
approaches have been made in investigating small molecules
of DPP-4 inhibitors. In our previous studies [17], we have
attempted to use the quantum chemistry method [18] to
optimize a series of DPP-IV inhibitors, and a 2D-QSAR
model has been built, which can predict the inhibitory
activity of small molecule with satisfying results. However, it
is time consuming to calculate the molecular descriptors
adopted in 2D-QSAR model.

In view of this, here we will try to devise an effective
method to correctly recognize the possible activity prediction
of small molecules based on physical and chemical properties
of the compounds.

According to the general development trend [19, 20] and
the recent research progress [21–31], the following procedures
should be considered to establish a powerful statistical pre-
dictor for a biological system: (i) a valid benchmark dataset
is constructed or selected to train and test the predictor;
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Figure 1: Molecular structure of cyanopyrrolidine amides as DPP-IV inhibitors.

(ii) the samples are formulated with potent mathematical
functions that are contributed to the prediction; (iii) a
powerful algorithm is introduced or developed to operate
the prediction; (iv) cross-validation tests are used to estimate
the performance of the predictor; (v) a user-friendly online-
server is established for the predictor that is accessible to
the public. In this study, we attempt to describe how to deal
with these steps for predicting the DPP-IV inhibitory activity
pIC
50
based on their physicochemical properties available via

our program.

2. Materials and Methods

2.1. Data Preparation. The dataset used in the present
work contains 48 pyrrolidine amides derivatives. In the
current study, a diverse series of DPP-IV inhibitors with
known IC

50
values were collected from the papers [32, 33].

The detailed structures are documented in Supplementary
Materials.(See Supplementary Material available at http://
dx.doi.org/10.1155/2013/798743.) Figure 1 demonstrates the
common structure of all of these analogues. All of the
structures of compounds under investigation are based on the
structure of Figure 1.

How to describe the molecules is an important problem
in the establishment of the statistical model. In this study, the
molecular descriptors for the 48 molecules were calculated
by the second development software based on the calculator
plugins, which is a product of ChemAxon [34]. ChemAxon
is a company that provides chemical software development
platforms and desktop applications for the biotechnology and
pharmaceutical industries [35].

2.2. The Introduction of Procedure. Due to the use of Marvin
Sketch graphic interface and JChem for Excel program, the
calculations of small molecular descriptors are not very
convenient. ChemAxon provides the calculation plugins of
invoking function API, so our lab members have made
a careful study and repeated experiments. The calculation

Figure 2: The program interface for the computation of molecular
descriptors.

results are compared with the ones of Gaussian 09 [18],
JChem for Excel [34], HyperChem 7.5 [20, 36], and Dragon
[37] programs calculation. By invoking theCalculator Plugins
and using the Java language, we successfully developed a
convenient and available customized batch calculation pro-
gram (second development software) for the small molecular
descriptors.

This program contains a selection of tree box; the user can
choose the visual way to the calculation ofmolecular descrip-
tors (as shown in Figure 2, command-line version does
not provide molecular descriptor selection). The molecule
structures are constructed from Gauss View 5.0 package
[38, 39] as MOL-format file. Command-line version of the
program is operated commonly in Linux server, through the
similar execution command as follows:

java-jar JChemCmd.jar Molecules Pathway Res-
ult.csv Method.xml
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2.3. Model Validation

2.3.1. Dataset. The full dataset included training set (36
compounds) and test set (12 compounds).The whole samples
were ranked by activity and were extracted every fourth
sample for the generation of the test set.

2.3.2. Leave-One-Out Cross-Validation (LOOCV) and Predic-
tive Validation. In this study, Leave-one-out cross-validation
(LOOCV) [40, 41] was used to investigate the prediction
quality of training set. In the cross-validation, each sample
is used to test the model that is established by all of the other
samples at the same time.

2.3.3. Fitting and Predictive Performances of Models. The
fitting and predictive performances of model were measured
by the squared correlation coefficient (𝑞2) and root mean
square error (RMSE) for both the training set and the external
test set. Here the performances of models can be estimated by
𝑞2 and RMSE defined as follows, respectively:

𝑞2 = 1 −
∑ (𝑦
𝑖
− 𝑦
𝑖
)
2

∑(𝑦
𝑖
− 𝑦mean)

2

,

RMSE = √
∑ (𝑦
𝑖
− 𝑦
𝑖
)
2

𝑁
,

(1)

where 𝑦
𝑖
and 𝑦

𝑖
are the actual and predicted pIC

50
values of

𝑖 sample, respectively, and 𝑦mean is the average pIC50 value of
the entire samples.𝑁 is the numbers of the training set.

2.4. Methods. For the sake of the redundancy of some
features, the selection of descriptors before establishing a
suitable model is necessary.The selection of descriptors plays
an important role in construction for the actual model.
In this work, mRMR-BFS method (minimum redundancy
maximum relevance-backward feature selection) [42, 43] was
used for the selection of molecular descriptors. The support
vector regression (SVR) model was established based on the
feature selection results.

2.4.1. mRMR-BFS Algorithm. The mRMR (minimum-redu-
ndancy maximum-relevance) algorithm was introduced by
Ding and Ping [44], which was used usually for feature
selection. It sorts a feature based on score function which is
maximum relevance to target and minimum redundancy to
the already selected features. The score function is defined as
follows:

score
𝑗
= 𝐼 (𝑓

𝑗
, 𝑐) −

1

𝑚

𝑚

∑
𝑖=1

𝐼 (𝑓
𝑖
, 𝑓
𝑗
) , (2)

where 𝑓
𝑗
⊂ 𝑆
𝑛
, 𝑓
𝑖
⊂ 𝑆
𝑚
, 𝑆
𝑚
= 𝑆 − 𝑆

𝑛
, and 𝑆

𝑚
, 𝑆
𝑛
, and 𝑆 are

the feature sets.𝑚 and 𝑛 are the feature numbers. The mutual
information 𝐼(𝑥, 𝑦) is as follows:

𝐼 (𝑥, 𝑦) = ∬𝑝 (𝑥, 𝑦) log
𝑝 (𝑥, 𝑦)

𝑝 (𝑥) 𝑝 (𝑦)
𝑑𝑥 𝑑𝑦, (3)

where 𝑝(𝑥, 𝑦), 𝑝(𝑥), and 𝑝(𝑦) are the probabilistic density
functions.

More details aboutmRMR algorithm can be found in [44,
45].

To gain an even better performance of predictor and
feature selection, backward feature selection (BFS) based
on the result of mRMR is also used in this study. The
most important 50 variables were obtained from the mRMR
procedure. We initialize the BFS-selected feature set 𝑆

𝑠
with

all features in 𝑆:

𝑆
𝑠
= {𝑓
1

, 𝑓
2

, . . . , 𝑓
𝑘

} (1 ≤ 𝑘 ≤ 50) . (4)

With the mRMR-selected feature subset 𝑆
𝑠
, the next BFS-

selected feature set can be gained by the following steps.

(1) Suppose that the candidate feature set is 𝑆
𝐶
= 𝑆
𝑆
−𝑓
𝑘
.

Then an SVR model based on each 𝑆
𝐶
is established

and evaluated by LOOCV method.
(2) The feature 𝑓 which gets the lowest RMSE is selected

when removed from 𝑆
𝑆
.

(3) The feature 𝑓 is removed from 𝑆
𝑠
forming the next

BFS-selected feature set.

2.4.2. SVM (Support Vector Machine). Vapnik and his co-
workers developed the SVM algorithm, which is a supervised
machine-learning method that is used for classification and
regression analysis. Owing to embodying the structural risk
minimization principle, the SVM exhibits a better whole
performance. The SVM is suitable for the problems which
are involved in the small sample set. In this work, SVM was
applied to regression. The details of the algorithm can be
found in reference [46]. The algorithm was performed by
using the software package Weka 3.6.7 [47, 48].

3. Results and Discussion

3.1. Selection of Features. Firstly, mRMRmethod was applied
to rank the total 75 features according to their mRMR
scores. Secondly, we used the backward feature selection
(BFS) algorithm based on SVR to search for the feature
combinations. As different machine learning methods will
lead to different results, several robust machine learning
methods like the nearest-neighbor algorithm (NNA), support
vector machine (SVM based on RBF kernel function), and
Adaboost were employed to find an optimal feature subset
with leave-one-out cross-validation, respectively. As a result,
we adopted the SVM as the prediction engine based on the
LOOCV in this study.

Table 1 lists an optimal subset attained by employing
the above two-stage feature selection method, mRMR-BFS.
The six features in optimal subset can be clustered into
three categories (based on the category of Calculator Plugins
[49]): elemental analysis, geometry, topology, and others.The
geometry and topology factor are more important in this
work.The geometry and topology factor are related to the size
of themolecule as it indicates that the size of cyanopyrrolidine
amides derivatives plays a main role in the inhibitory activity.
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Table 1: Symbols for molecular descriptors involved in the model.

Molecular descriptor Type Description
OComposition Elemental analysis functions O Composition
MaximalProjectionArea Geometry Calculates the maximal projection area
MinimalProjectionArea Geometry Calculates the minimal projection area
BasicpKa pKa Constant denoting basic pKa
RingBondCount Topology Ring bond count
AliphaticRingCount Topology Aliphatic ring count

3.2. Results of Computation. In this work, 𝑞2train, 𝑞
2

train-CV, and
𝑞2test were used to present the squared correlation coefficients
for the training set, cross-validation set, and external test
set, respectively. Also RMSEtrain, RMSEtrain-CV, and RMSEtest
were adopted to present the root mean square errors for the
training set, cross-validation set, and external test set, respec-
tively.

The final model was built by the SVR based on the
Gaussian kernel function (RBF)with the parameters 𝐶, 𝜀, and
𝛾 that are 2.0, 0.05, and 1.0, respectively. The Gaussian kernel
function (RBF) is given as follows:

𝐾(𝑥, 𝑥
𝑖
) = exp (−𝛾𝑥 − 𝑥𝑖


2

) . (5)

The model based on the above parameters with original
data is given as follows:

pIC
50
= 2.10 ∗ [∑

𝑖⊂SV
𝛽
𝑖
exp (−𝑥 − 𝑥𝑖


2

) + 0.207] + 6.60,

(6)

where 𝛽
𝑖
is the Lagrange coefficient of support vectors.

The experimental versus predicted pIC
50
values based on

the SVR model for the training set and test set are shown in
Figure 3. As a result, the values of 𝑞2train, 𝑞

2

train-CV, and 𝑞
2

test
were 0.953, 0.815, and 0.884, respectively. And the values
of RMSEtrain, RMSEtrain-CV, and RMSEtest were 0.123, 0.247,
and 0.193, respectively. Figure 3 illustrates that the regression
straight line is appropriate not only for the fitting pIC

50
values

of the training set but also for the predicted pIC
50

values of
the external test set. Table 2 shows the experimental and the
calculated values over the training set and the test set. From
Figure 3 and Table 2, it can be concluded that the predicted
values are in good agreement with the experimental ones.
Figure 4 illustrates the dispersion plot of the residuals for
the training and test sets. The predicted values are randomly
dispersed around the zero-value line in Figure 4. Itmeans that
the model is appropriate for the data.

3.3. Analysis of the NewMethod. The secondary development
programdeveloped in this workwas used to establish a robust
model with 𝑞2train = 0.953, 𝑞2train-CV = 0.815, and 𝑞2test =
0.884, respectively. In order to validate the generalization
and reliability of the descriptors obtained by using our
secondary development program, the same training and test
sets were also constructed and optimized at the HF/6 − 31G∗
level of theory with the Gaussian program; 1262 descriptors
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Training set (fitting): r2 = 0.953, RMSE = 0.123.

Training set (CV): q2 = 0.815, RMSE = 0.247.
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)

Figure 3: Predicted versus experimental pIC
50

for the training
(circles for fitting and triangle for CV, respectively) and test (stars)
sets.

were computed by HyperChem 7.5 program [20], JChem for
Excel package [34], and the Dragon program [37]. And a
robust and reliable model was obtained with 𝑞2train = 0.969,
𝑞2train-CV = 0.868, and 𝑞

2

test = 0.891, respectively. The statisti-
cal comparisons were summarized in Table 3.

It is indicated that it takes less than 30 minutes for a
molecule from the structure optimization to the computation
of descriptors by using the second development program. In
contrast, more than 36 hours were taken based on the Gaus-
sian program. These results show that the computing speeds
are greatly improved by using the secondary development
program, while the statistical parameters of models are as
good as those obtained with the Gaussianmethod.Therefore,
the second development program is very helpful not only
for saving the time of descriptor computation but also for
providing the effective QSPR models online available in the
future.

In a benchmark test, the support vector regression (SVR)
was contrasted with themultiple linear regression (MLR) and
the back propagation-artificial neural network (BP-ANN)
on the 𝑞2train-CV. The statistical comparisons were shown in
Table 4. From Table 4, SVR has a better generalization ability
in our work.
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Table 2: Experimental and predicted pIC50 for the training and test
sets.

No. pIC50(exp) pIC50(Pred) pIC50(LOOCV)

1 7.00 7.11 7.17
2T 7.20 7.30 —
3 7.35 7.36 7.33
4 7.33 7.23 7.16
5T 7.01 7.00 —
6 7.14 7.04 6.92
7 7.14 7.03 6.84
8 6.71 7.01 7.14
9T 6.64 6.80 —
10 7.06 7.13 7.14
11 6.91 7.01 7.28
12 6.62 6.73 6.89
13 6.60 6.70 6.78
14T 6.85 6.73 —
15 6.67 6.70 6.70
16 6.60 6.70 6.70
17 6.94 6.86 6.86
18 6.74 6.79 6.79
19T 6.52 6.73 —
20 8.70 8.27 8.18
21 8.30 8.34 8.34
22 7.46 7.39 7.39
23 7.40 7.50 7.43
24T 8.22 8.24 —
25 8.15 8.25 8.57
26 8.30 8.24 8.25
27 8.05 8.13 8.14
28 8.22 8.11 8.05
29 8.15 8.05 7.90
30T 8.00 7.78 —
31 7.66 7.77 8.11
32T 8.15 7.80 —
33 7.82 7.93 8.17
34T 7.77 7.54 —
35T 7.51 7.46 —
36 8.10 8.00 7.85
37 7.72 7.82 8.00
38T 7.43 7.09 —
39 7.96 7.93 7.93
40 8.10 8.17 8.18
41 7.51 7.40 7.30
42 7.92 7.89 7.89
43 7.51 7.47 7.47
44 7.92 7.93 7.93
45 7.80 7.70 7.55
46 7.60 7.76 7.84
47 7.85 7.75 7.26
48T 7.89 7.98 —
Tindicates the test samples.
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Figure 4: Dispersion plot of the residuals for the training and test
sets.

Table 3: Comparative statistical parameters obtained by the sec-
ondary development program and the Gaussian program concern-
ing the same compounds.

Program 𝑞2train 𝑞2train-CV 𝑞2test

The secondary development
program developed in this
work

0.953 0.815 0.884

Gaussian, HyperChem 7.5,
JChem for Excel package,
Dragon

0.969 0.868 0.891

Table 4: 𝑞2train-CV of different methods.

Method SVR BP-ANN MLR
𝑞2train-CV 0.815 0.761 0.721

3.4. The Online Web Server. Since user-friendly and
publicly accessible online servers represent the trend
for developing more useful models or predictors, we
established a web server for predicting the DPP-IV
inhibitory activity pIC

50
at http://chemdata.shu.edu.cn:8080/

QSARPrediction/index.jsp.
The web server allows users to upload the MOL-format

file of a molecule, and the server will return the result
of prediction according to the model of our mRMR-BFS-
SVR method. In this course, the Calculator Plugins [49] of
ChemAxon was invoked in the background program. The
server developed has themost outstanding characteristic that
users need to do nothing except for uploading the file of the
unknown small molecule. Then they can get the predicted
result after waiting for some time. It is a remarkable advance
compared to our previous work [17, 20, 36].
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4. Conclusions

In this paper, the secondary development program was
proposed to bring an efficient and fast calculation means
for molecular descriptors. The mRMR-BFS was adopted in
the procedure of feature selection. The SVR was used to
construct the model to map DPP-IV inhibitors to their
corresponding inhibitory activity. The 𝑞2train, 𝑞

2

train-CV, and
𝑞2test of the model are 0.953, 0.815, and 0.884, respectively.
These results are as good as those obtained with the
Gaussian method. The web server, which provides a quick
approach to predict the DPP-IV inhibitory activities pIC

50
of

unknown small molecules based on their MOL-format files,
was established by using our secondary development pro-
gram at http://chemdata.shu.edu.cn:8080/QSARPrediction/
index.jsp. A user-friendly and rapid approach whose accu-
racy is approximate with the Gaussian method is proposed in
this work.
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Actin is one of the most highly conserved proteins and plays crucial roles in many vital cellular functions. In most eukaryotes, it is
encoded by a multigene family. Although the actin gene family has been studied a lot, few investigators focus on the comparison of
actin gene family in relative species. Here, the purpose of our study is to systematically investigate characteristics and evolutionary
pattern of actin gene family in primates. We identified 233 actin genes in human, chimpanzee, gorilla, orangutan, gibbon, rhesus
monkey, and marmoset genomes. Phylogenetic analysis showed that actin genes in the seven species could be divided into two
major types of clades: orthologous group versus complex group. Codon usages and gene expression patterns of actin gene copies
were highly consistent among the groups because of basic functions needed by the organisms, but much diverged within species
due to functional diversification. Besides, many great potential pseudogenes were found with incomplete open reading frames due
to frameshifts or early stop codons. These results implied that actin gene family in primates went through “birth and death” model
of evolution process. Under this model, actin genes experienced strong negative selection and increased the functional complexity
by reproducing themselves.

1. Introduction

Actin is an abundant and highly conserved protein that is
found in all eukaryotic cells [1]. It is also a major component
of total amount of proteins in various kinds of cells [2, 3]
and plays an essential role in a variety of important cellular
processes including vesicle and organelle movements [4, 5],
cell motility [6], cell division [7] and cytokinesis [8], muscle
contraction [9], and the establishment and maintenance of
cell junctions and cell shape [10]. Except for conventional
actin, eukaryotic cells also contain actin-like (ALPs) and
actin-related proteins (ARPs), which have well-characterized
roles in cytoskeletal functions [11, 12]. Actins, ALPs, and
ARPs, comprising a large family of homologous proteins,
share the same structural architecture, known as the “actin
fold” [13]. These three kinds of proteins are encoded by a
multigene family in all animals, plants, and many protozoans
examined to date, making up actin superfamily [14–16],
which is called actin gene family in this work.

Compared to its functional studies, the organization and
evolution of actin gene family are not discussed extensively.
Comparisons of nucleotide sequences from the protein cod-
ing regions and exon-intron arrangements of related genes
provide a means of tracing their evolution pathways [17, 18].
Before the advent of the era of large-scale sequencing, actin
gene family has been investigated in many organisms [19–
24]. Those results indicate that actin gene family is highly
conserved, and the number of actin genes among these
organisms is variable. With the development of sequencing
technology, recent studies of dynamic actin gene evolution
in lower organisms like algae reveal distinct phylogenetic
structures and evolution histories [25, 26]. In most of algae,
actin genes morphologically cluster with each other on the
phylogenetic tree among different algal lineages [25]. In each
algal clade of actin tree, at least two subclades are found,
in which one contains highly conserved sequences, whereas
the other one has very diverged actin isoforms. On the other
hand, phylogenetic analysis in dinoflagellates exhibits at least
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three types of clusters [26]. The first type contains recently
duplicated copies within each species, and the other two types
form clades including sequences from different species, in
which one type contains very similar copies and the other one
has divergent copies across species.

Although there are many studies for this family, no sys-
tematic research has been made in primates. Consequently,
the purpose of this study is to investigate characteristics
and evolutionary pattern of all actin genes in primates.
We first identified 233 actin genes including actin-like and
actin-related gene plus 337 pseudogenes residing in human,
chimpanzee, gorilla, orangutan, gibbon, rhesus monkey, and
marmoset genomes. And then, we analyzed and compared
their phylogenetic distribution, codon usage, and expression
pattern between orthologs and paralogs. Our results indi-
cated that actin genes in primates extraordinarily diverged
among paralogs, but were highly conserved across orthologs.
In this case, we suggested that actin gene family experienced
a duplication followed by mutation process, according with
birth and death model of evolution.

2. Material and Method

2.1. Identification of Actin Genes. The genome and protein
sequences of human (Homo sapiens), chimpanzee (Pan
troglodytes), gorilla (Gorilla gorilla), orangutan (Pongo pyg-
maeus abelii), gibbon (Nomascus leucogenys), rhesus mon-
key (Macaca mulatta), and marmoset (Callithrix jacchus)
were downloaded from Ensembl ftp site (ftp://ftp.ensembl
.org/pub/release-69/fasta/). We identified actin genes as
follows: first of all, we downloaded protein sequences
which were limited to genes with actin domain (Pfam:
PF00022) from Biomart [27] (website: http://asia.ensembl
.org/biomart/martview). Then, the amino acid sequen-
ces of all known actin genes were adopted as queries
in local BLASTP (Basic Local Alignment Search Tool)
searches for potential homologs in seven genomes with
1e-10 as the threshold expectation value. Based on the
BLASTP results, all genes were verified with the conserved
actin domain by searching in corresponding Conserved
Domain Database (CDD) online [28] (http://www.ncbi.nlm
.nih.gov/Structure/cdd/wrpsb.cgi). Thus, the entire actin
genes were identified in the seven genomes. The actin gene,
in which the amino acid length of actin domain was less
than 160aa, was excluded for further analysis. The associated
gene name or ensembl protein id, in which this copy was not
given associated gene names was used for each actin gene.
The suffixal letters “Hsa,” “Ptr,” “Ggo,” “Ppy,” “Nle,” “Mmu,”
and “Cja” of the gene names represented the actin copies
from human, chimpanzee, gorilla, orangutan, gibbon, rhesus
monkey, and marmoset genome, respectively.

2.2. Sequence Alignment and Phylogenetic Analysis. The
amino acid sequence of actin domain was aligned byMEGA4
[29] in ClustalW with default options [30]. The resulting
amino acid sequence alignments were then used to guide
the alignments of nucleotide coding sequences (CDSs).
Phylogenetic trees were constructed based on the bootstrap
neighbor-joining method with a Jukes-Cantor model by

MEGA4. The stability of internal nodes was assessed by
bootstrap analysis with 1000 replicates.

Based on the nucleotide diversity/divergence between
homologs within major clades (<30%) and bootstrap values,
the phylogenetic tree of all actin genes from the seven
genomes can be divided into two major types (Figure 1(a))
and several single genes. The first type, which contained a
single copy of actin genes from each of the seven species,
was designated as orthologous group, shown in Figure 1(d).
The bootstrap value of every clade should be more than 80,
which was considered as a credible clade. On the other hand,
complex group exhibitedmulti-copy number or none of actin
genes from one of the seven species mixed in the clade, as
illustrated in Figures 1(b) and 1(c).

Nucleotide divergence among homologs was estimated
by divergence (d) with the Jukes and Cantor correction [31].
The number of nonsynonymous substitutions per nonsyn-
onymous site and the number of synonymous substitution
per synonymous site were denoted by𝐾

𝑎
and𝐾

𝑠
, respectively.

The 𝐾
𝑎
and 𝐾

𝑠
were calculated based on Nei and Gojobori

[32]. A 𝐾
𝑎
/𝐾
𝑠
ratio greater than 1 suggested positive selec-

tion, and the ratio less than 1 suggested negative selection
generally.

2.3. Identification of Pseudogenes. To identify actin pseu-
dogenes, all of the nucleotide sequences of actin domains
from seven species were employed to search in all the
genomes used in this work (BLASTN). After excluding the
hit sequences which were identified as actin genes above, a
PERL script was written to remove the length of hit sequences
which was shorter than 450 bp. The rest of hit positions
on the chromosomes were considered as locations of actin
pseudogenes.

2.4. CodonUsage Estimates Using Relative Synonymous Codon
Usage (RSCU). The codon usage analysis for every actin
gene was estimated by relative synonymous codon usage
(RSCU) value. The RSCU value of a codon [33] is calculated
by dividing the observed codon usage by that expected
when all codons for the same amino acid are used equally.
Due to an amino acid coded by a single codon (such as
ATG: methionine and TGG: tryptophan), these two codons
and stop codons were not included in an RSCU analysis.
RSCU values are not affected by sequence length and amino
acid frequency since these factors are eliminated during the
computation. The RSCU values <1, 1, and >1 indicated that
the codons used less than average, at average level (no bias),
and more than average [34–36]. For actin domain nucleotide
sequences of each actin gene in this study, RSCU values
were calculated for the 59 relevant codons by a PERL script.
The variation of RSCU value for each codon from actin
genes within every genome or complex groups/orthologous
groups (see Section 2.3) was calculated to estimate codon
usage pattern.

2.5. Actin Gene Expression Analysis. The array datasets of
transcription profiling of human and chimpanzee were
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Figure 1: Schematic for the whole phylogenetic tree of actin genes in the seven species using nucleotide alignment of actin domain (a).Orange
(human), Dark Cyan (chimpanzee), Blue (gorilla),Wine (orangutan), Cyan (gibbon),Magenta (rhesus monkey), and Green (marmoset). The
Red clades represent the orthologous groups. The representative actin domain phylogenies for (b) clades in the complex group displayed
multicopies from the same species, (c) clades in the complex group which lost copies from some species, and (d) clades in the orthologous
group. The tree was built based on the neighboring-joining method with a Jukes-Cantor model.
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downloaded from ARRAYEXPRESS database at the Euro-
pean Bioinformatics Institute (EBI, website: http://www.ebi
.ac.uk/arrayexpress/). The accession number of the experi-
ment was E-AFMX-11 [37], processing on the platform of
“Affymetrix GeneChip Human Genome U133 plus 2.0 [HG-
U133 Plus 2].” An R script was developed to extract the
information of array probe, values of expressed level, and
P values from the array data. The coefficient of variation
(CV; SD/mean) of the expression values for actin genes was
calculated to estimate expression pattern.

3. Result

3.1. Phylogeny and Classification of Actin Genes. According to
the characteristic domain of actin gene (PF00022) reported
previously, we identified 233 actin genes in seven genomes
using BLASTP search and CDD analysis (see Supplementary
Material Table S1, see Section 2.1). Based on the alignment
results for actin domain sequences of all the actin genes found
in the seven species, we constructed a phylogenetic tree using
the Bootstrap neighbor-joining (NJ) method with a Jukes-
Cantor model by MEGA v4.0 [29] (Figure 1). According
to the nucleotide diversity/divergence between homologs
(<30%, see Table S2) and bootstrap values (>80), we split the
tree into 34 groups to investigate evolution of actin genes in
detail. Under these criteria, 14 genes could not be included in
any group.

The whole phylogenetic tree and representative major
clades were shown in Figure S1 and Figure 1, exhibiting two
dominant types of phylogenetic structures. The first type of
major clades that consist of seven copies of actin genes from
all species was designated as orthologous group, shown in
Figure 1(d). On the other side, each clade of complex group
contained more or less than one copy of actin genes from
one of the seven species, as illustrated in Figures 1(b) and
1(c). For example, complex group 16 contained two copies of
actin genes from gorilla genome (Figure 1(b)), while complex
group 7 just included six copies from marmoset, none from
other six species (Figure 1(c)).

Following the definition of two kinds of clades, there
were 14 major clades (41.2% of the total clades) found in
the orthologous groups, comprising 98 (42.0%) of the total
actin genes.The average nucleotide divergence (d) of the actin
domain sequences within the orthologous groups was 2.75%
(Table 1). Twenty clades of complex groups were identified on
the phylogenetic tree, which had 121 actin genes in the clades
(Table 2). The average d value of the actin domain sequences
in the complex groups was 5.66%, which was significantly
greater than that in the orthologous groups (P = 0.028, using
two-tailed t-test). In addition, the total copy number for each
species in all the complex groups was from 11 to 21 (Table 2).
The large d value and variable copy number of complex
groups implied that these actin genes diverged across species.

3.2. Nonsynonymous to Synonymous Substitution. According
to the multiple alignments of all actin genes from seven
species, we calculated the average nonsynonymous substi-
tutions (𝐾

𝑎
) and synonymous substitutions (𝐾

𝑠
) for actin

Table 1: Average nucleotide diversity, nonsynonymous, and synony-
mous substitutions of actin domain from actin genes in each group
and species.

Name 𝑑 𝐾
𝑎

𝐾
𝑠

𝐾
𝑎

/𝐾
𝑠

Orthologous group 1 0.0234 0.0058 0.0819 0.0711
Orthologous group 2 0.0374 0.0188 0.1002 0.1874
Orthologous group 3 0.0149 0.0000 0.0642 0.0000
Orthologous group 4 0.0163 0.0010 0.0674 0.0153
Orthologous group 5 0.0204 0.0000 0.0902 0.0000
Orthologous group 6 0.0362 0.0156 0.1050 0.1488
Orthologous group 7 0.0510 0.0262 0.1268 0.2064
Orthologous group 8 0.0366 0.0184 0.0899 0.2047
Orthologous group 9 0.0107 0.0005 0.0483 0.0107
Orthologous group 10 0.0777 0.0606 0.1349 0.4487
Orthologous group 11 0.0094 0.0000 0.0416 0.0000
Orthologous group 12 0.0186 0.0006 0.0831 0.0069
Orthologous group 13 0.0207 0.0007 0.0893 0.0077
Orthologous group 14 0.0125 0.0005 0.0563 0.0089
Average for
orthologous groups

0.0276 0.0106 0.0842 0.0940

Complex group 1 0.0208 0.0136 0.0445 0.3067
Complex group 2 0.0183 0.0011 0.0755 0.0146
Complex group 3 0.0350 0.0364 0.0305 1.1935
Complex group 4 0.2291 0.2027 0.3317 0.6112
Complex group 5 0.1455 0.1362 0.1770 0.7697
Complex group 6 0.0494 0.0183 0.1570 0.1164
Complex group 7 0.0364 0.0236 0.0793 0.2973
Complex group 8 0.0760 0.0674 0.1053 0.6399
Complex group 9 0.0324 0.0199 0.0754 0.2647
Complex group 11 0.0555 0.0312 0.1382 0.2255
Complex group 10 0.0945 0.0735 0.1574 0.4668
Complex group 12 0.0392 0.0123 0.1343 0.0919
Complex group 13 0.0217 0.0081 0.0657 0.1229
Complex group 14 0.0516 0.0376 0.0928 0.4054
Complex group 15 0.0330 0.0022 0.1388 0.0155
Complex group 16 0.0380 0.0158 0.1133 0.1397
Complex group 17 0.0265 0.0068 0.0924 0.0736
Complex group 18 0.0630 0.0540 0.0931 0.5797
Complex group 19 0.0107 0.0000 0.0466 0.0000
Complex group 20 0.0554 0.0482 0.0816 0.5909
Average for complex
groups

0.0566 0.0404 0.1115 0.3463

Homo sapiens (human) 0.8350 0.6650 1.3310 0.4996
Callithrix jacchus
(marmoset)

0.7360 0.5890 1.2230 0.4816

Gorilla gorilla (gorilla) 0.8510 0.6890 1.3410 0.5138
Macaca mulatta
(rhesus monkey)

0.9040 0.7270 1.4500 0.5014

Nomascus leucogenys
(Gibbon)

1.0050 0.8630 1.5680 0.5504
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Table 1: Continued.

Name 𝑑 𝐾
𝑎

𝐾
𝑠

𝐾
𝑎

/𝐾
𝑠

Pan troglodytes
(chimpanzee) 0.9980 0.8300 1.4780 0.5616

Pongo pygmaeus abelii
(orangutan) 0.8830 0.7050 1.5140 0.4657

Average for all species 0.8874 0.7240 1.4150 0.5106

domain among each pair of homologs within clades from
every complex group and orthologous group (Table 1 and
detail data see Table S2). Whether in orthologous groups or
complex groups, the average 𝐾

𝑎
/𝐾
𝑠
ratios of most groups

(82.4%) are much smaller than 1 (only six groups of average
𝐾
𝑎
/𝐾
𝑠
ratios are greater than 0.5, all of them belong to

complex groups), indicating that the actin genes code highly
conserved proteins because of important functions and were
under strong negative selection.

However, the average 𝐾
𝑎
/𝐾
𝑠
ratio in all the complex

groups was significantly greater than that in the orthologous
groups (0.346 versus 0.0941, P = 0.003, using two-tailed t-
test). Furthermore, the average 𝐾

𝑎
in complex groups was

significantly greater than that in orthologous groups (0.0404
versus 0.0106, P = 0.021, using two-tailed t-test), while the
average𝐾

𝑠
for both two types of clades were not significantly

different from each other (0.1115 for complex groups versus
0.0842 for orthologous groups; P = 0.108, using two-tailed
t-test). This suggested that actin genes included in the two
types of clades experienced similar evolutionary time, but
undergone uneven selections. The results confirmed that the
actin genes included in the orthologous groups were higher
conserved, and the actin genes from complex groups may
experience a relatively relaxed negative selection during a
certain period.

At the same time, we also separately aligned the actin
genes from each species and calculated the average nucleotide
divergence, nonsynonymous, and synonymous substitutions
in the genome (Table 1). Our results showed that the average
𝐾
𝑎
and 𝐾

𝑠
values for all pairs of paralogs in seven species

were from 0.5890 to 0.8630 and from 1.2230 to 1.5680,
respectively. Nevertheless, the maximum averages of 𝐾

𝑎
and

𝐾
𝑠
in both complex groups and orthologous groups were

0.2027 and 0.3317. The average 𝐾
𝑎
and 𝐾

𝑠
values for the

paralogs within species were significantly greater than those
for the homologous actin genes from different species within
the same group (P < 0.001 for both 𝐾

𝑎
and 𝐾

𝑠
), implying

that different actin geneswith distinct functionsmay undergo
diverse selective pressures.

3.3. Pseudogenes Contained Actin Domain. Discriminating
pseudogene from live actin gene could help us to understand
the evolutionary history of actin gene family. In our work,
three-hundred and thirty-seven actin pseudogenes were
identified in the seven genomes (see Section 2.3, Table S3).
The number of pseudogenes was much greater than that of
live actin copies. Marmoset genome has the largest number
(63 copies) of pseudogenes, and the number of pseudogenes
in other genomes in descending order was 59 in human, 51 in

chimpanzee, 48 in orangutan, 41 in gorilla, 40 in gibbon, and
35 in rhesus monkey. All species except rhesus monkey own
more dead actin genes than live ones. Actually, the number
of pseudogene in rhesus monkey was equal to that of live
ones, (see Table S1 and Table S3). The frameshift insertions
or deletions and premature stop codons were observed in all
the pseudogene sequences. The dead actin genes abundantly
existing in all the seven genomes provided evidence that actin
genes went through a duplication first and then varied in the
evolutionary process.

3.4. Codon Usage. The synonymous codons, which code for
the same amino acid, were reported to be used unequally
in almost all species [38–43] and present the evolutionary
pattern of genes. For this reason, the study of codon usage
pattern could be helpful to understand actin gene family.
To study the codon usage of actin genes within species and
within groups (including complex groups and orthologous
groups split from the tree), all the actin domain sequences
of copies were examined by RSCU values of the 59 relevant
codons (see Section 2.4). The variation of RSCU values for
each codon from actin genes within each group and every
species was calculated to examine the extent of difference
in codon usage pattern. The larger the variation value was,
the more various codon usage patterns among the groups
or species there were. The differences of average variations
were revealed between 34 groups and 7 species for every
codon (Figure 2). The average variations in all the species
were significantly greater than those in 34 groups for the total
59 codons (P < 0.001 for all codons, using two-tailed t-test,
see Table S4). These results demonstrated that actin genes
within groups come from different species that had relative
coincident codon usage pattern, while the codon usage of
actin genes within species diverged a lot.

3.5. Actin Gene Expression Pattern. The transcription profil-
ing data of humans and chimpanzees in brain, heart, liver,
kidney, and testis were employed to detect whether there
were any differences of the expression patterns for actin genes
between and within species [37]. The expression level values
of 23 actin genes from human and 21 from chimpanzee in
the five tissues were extracted from array data. Because the
gene expression data were measured in multiple samples,
with the addition of some actin genes represented by more
than one corresponding probes, the average value of actin
gene expression using every probe in all samples was adopted
as the expression level for this actin copy in each tissue. The
extent of difference in gene expression between paralogs and
orthologs was measured by coefficient of variation (CV) of
expression values (Table S5). In our results, a large proportion
of the CV’s (65/67) for actin genes within groups in the five
tissues was smaller than 0.4; however, the minimum CV
of actin genes within species was 0.875, and 80% of them
were greater than 1.50 as well. The significant differences of
average CV results between paralogs and orthologs in all the
tissues were shown as in Figure 3 (P < 0.001, using two-tailed
t-test). These results demonstrated that actin genes within
species, which possessed distinct categories of functions, had
differential expression levels among each other, whereas actin
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Table 2: Distribution of actin copies from seven species in each complex group.

Group name Human Chimpanzee Gorilla Orangutan Gibbon Rhesus monkey Marmoset Total
Complex group 1 3 4 2 1 0 0 0 10
Complex group 2 2 1 1 1 1 2 0 8
Complex group 3 0 0 0 0 0 0 4 4
Complex group 4 0 1 1 1 0 0 0 3
Complex group 5 0 1 1 0 0 1 0 3
Complex group 6 1 0 1 1 1 2 0 6
Complex group 7 0 0 0 0 0 0 6 6
Complex group 8 0 1 1 1 1 1 0 5
Complex group 9 1 1 1 0 1 1 1 6
Complex group 11 1 1 1 1 0 1 1 6
Complex group 10 1 1 1 2 0 0 1 6
Complex group 12 1 1 1 1 1 1 2 8
Complex group 13 1 1 2 1 1 1 0 7
Complex group 14 0 0 1 1 0 1 1 4
Complex group 15 1 1 0 1 1 1 1 6
Complex group 16 1 1 2 1 1 1 1 8
Complex group 17 1 1 0 1 1 1 1 6
Complex group 18 1 1 1 2 1 3 1 10
Complex group 19 1 1 0 1 0 1 1 5
Complex group 20 0 2 0 0 1 1 0 4
Total 16 20 17 17 11 19 21 121

genes within groups but from different species, which might
be involved in the identical function, expressed in the same
level.

4. Discussion

4.1. Phylogenetic Analysis. Actin is reported as an abundant
cytoskeletal protein that plays a central role in many cel-
lular processes. The phylogenetic analysis of actin genes in
multicellular animals showed that phylogeny corresponded
well with distinct functional categories into, for example,
cytosolic, smooth, and cardiac muscle actins [44] and more
divergent actin-related proteins [13, 14]. However, the phy-
logenetic structures in dinoflagellates exhibited at least three
types of clusters [26].

Based on our results, the apparent feature of orthologous
groups was one actin gene copy from each species clustered
together on the phylogenetic tree, possessing distinct func-
tions, which were coincident with Oota’s and Muller’s results
[13, 44]. Nevertheless, more than 50% of the total actin genes
incompletely interspecifically or monophyletically clustered
on the clades formed complex groups. In fact, actin genes
within the complex groups could be divided into three types
in detail, based on the branch length and organization of the
groups. The first type consisted of complex groups 1, 3, 7,
12, and 13, which had more than one copy from a species in
the clades, indicating recent duplication that occurred after
speciation. The complex groups 4 and 5, which contained
much more divergent actin gene sequences than the other
groups did (see Table 1), were designated as type 2. These

actin genes would possibly subject to faster relative mutation
rate or longer divergence time than other genes. And the
other complex groups belong to the third type, in which
one or two orthologous copies were lost in some primates.
Furthermore, 85% of the lost copies in the third type were
found to become pseudogenes in the corresponding genomes
or have truncated actin domain which were excluded in the
work (the nucleotide length of actin domain was smaller than
160 bp). Thus, actin gene sequences within the three types of
complex groups plus the orthologous groups in the primates,
which had similar phylogenetic structures in dinoflagellates
at some extent [26], appeared to have diverged from one
another at different time points during and after speciation.
The copy number variation on the phylogenetic tree reflected
complicated evolutionary patterns of actin gene family.
The results also implied that the actin gene family might
obtain new function or alter original function by chang-
ing copy number in the genome during the evolutionary
process.

4.2. Distinct Selection. Actin genes within orthologous
groups and complex groups showed significantly different
levels of nucleotide diversity,𝐾

𝑎
and𝐾

𝑎
/𝐾
𝑠
ratios, suggesting

they had undergone nonuniformly selections. The 𝐾
𝑎
/𝐾
𝑠

ratios in the orthologous groups were significantly smaller
than those in the complex groups (Table 1), implying that
actin genes within orthologous groups were highly conserved
under strong background selection owning to their basic
functions in the cells. On the other hand, relaxation of
negative selection or positive selection was associated with
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Figure 2: Variations of relative synonymous codon usage (RSCU) values for actin genes within groups (black columns) and species (red
columns) in each codon. Each column represents average variations of all groups (or species) for one codon. For all the 59 codons, the red
columns are significantly higher than black ones (P < 0.001 for all codons, detailed corresponding P value for each codon see Table S4 in
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within species were very distinct among each other, while those of actin genes within groups were much similar.
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Figure 3: Coefficient of variations (CVs) of gene expression values for actin genes within groups (black columns) and species (red columns)
in each tissue. Each column represents average CVs of all groups (or species) for one tissue. For all the five tissues, the black columns are
significantly lower than red ones, indicating that the actin genes within groups exhibited similar expression patterns, while actin genes within
species did not (P < 0.001, using two-tailed t-test).

copy number variation, which was detected in complex
groups, leading to relatively rapid diversification of actin
genes within complex groups.

At the same time, we found that actin genes were tremen-
dously divergent from each other within species, which the
average nucleotide diversity, 𝐾

𝑎
and 𝐾

𝑠
of the actin domain

sequences in each genome was greater than 0.70, 0.58 and
1.20, respectively (Table 1). This result was much unexpected,

for actin was one of the most highly conserved proteins [24].
Actins in plant genomes, such as Populus and Arabidopsis
thaliana, were reported to share high sequence homology,
larger than 90% identity [45, 46]. Similarly, 𝐾

𝑎
and 𝐾

𝑠
for

actin genes in dinoflagellate species were less than 0.05 and
0.55 [26], much smaller than our results. In consideration
of the fundamental importance of actins, we inferred that
molecular diversification of actin gene family could result in
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functional diversification in the complex higher organisms
like primates. Besides, 82.8% of actins were conserved across
species instead of within species, suggesting that parallel
selection played a major role in the evolution of actins.

4.3. The Different Characteristics of Actin Genes across and
within Species. On the basis of the transcription profiling
data of humans and chimpanzee in brain, heart, liver, kidney,
and testis, 72.7% of actin genes appear to be differentially
expressed in different tissues. The actin genes, twelve from
human and ten from chimpanzee, have available array data
in all the five tissues (see Table S6), for which the average
CVs of expression level values were 0.584 and 0.527 of human
and chimpanzee, respectively. The CVs for 16 out of 22 actin
genes were greater than 0.4, significantly greater than those
for almost all the orthologs of actin genes between species,
suggesting overlapping and unique expression patterns of
actin gene family members due to distinct functions. The
findings were in agreement with previous studies, in which
the isoforms of nonplant actin appear to be differentially
expressed in striated muscle, smooth muscle, and nonmuscle
tissues [47], and individual actins from plants, such as
Arabidopsis thaliana and Populus, show specific expression
patterns, congruent with their evolutionary relationships [45,
46, 48–50].

In addition, the average CVs of expressed values for
actin copies within species in every tissue were significantly
greater than those of each actin copy among the tissues,
implying that actin geneswith distinct functions had different
expression levels. The CVs of gene expression values for
actin copes within species were much greater than those for
actin genes within groups across species, suggesting a big
difference between paralogs and orthologs of actin copies.
Besides, similar results in the codon usage pattern as well
as the findings for divergence and ratio of nonsynonymous
to synonymous substitutions were also revealed between
paralogs and orthologs of actin copies, implying that actin
copies were highly homologous within groups. All these
results might provide a clue for paralogs and orthologs of
actin copies through different evolutionary histories.

4.4. Dynamic Actin Gene Family Evolution in Primates. In
agreement with previous studies, actin was highly conserved
across primates due to its important functions, proved by
our results that about 40% of actin genes belong to the
orthologous groups with well-interspecific distribution and
little divergence. On the other hand, actin was needed to
obtain new function constantly in order to adapt more and
more complicated system in complex higher organisms. How
did actin evolve to meet the pair of conflict demands in
primates?

Generally speaking, gene acquired new function resulting
from increase of self-complexity or copy number variation.
Increasing gene length or fusing with other domains could
increase its complex, while duplication offered a chance to
gain new functions without losing the original ones.

Interestingly, several actins were found to fuse with
other domains to generate new functions. For example,

actins within complex group 1 also contained POTE ankyrin
domain [51, 52]. And a length of DUF1542 domain sequences
was examined to insert into actin geneswithin complex group
17 that encode ACTR5 protein. Similarly, actin domain of
ACTR8 genes comprising orthologous group 12 was encom-
passed in COG5277 domain. However, the rest of the actin
genes comprising complex groups chose the other way. The
tremendous pseudogenes, presenting for the copies that failed
to gain new function, also gave an evidence for the numerous
duplications of actin genes. The organization of actins and
characteristics of actin gene family indicated that actins
acquired new function in various evolutionary pathways.
Both of increasing self-complexity and copy number, espe-
cially the second way, played important roles in promoting
the evolution of actin.

Taken together, several evolutionary characteristics of
actin gene family in primates were observed in our results.
First, the phylogenetic tree structure for all the actin domain
sequences exhibited that 89.7% of actin genes clustered with
other orthologous copies from distinct species, implying
incomplete lineage sorting [53] during the divergence of the
seven primates and inconsistent divergence time or rate of
variance between gene copies. Second, the differences of
divergences, codon usage, and expression patterns between
orthologs and paralogs of actin copies within groups and
within species indicated that actin genes within groups were
highly homologous, but actin genes within species were very
divergent. Therefore, we deduced that multiple rounds of
gene duplication events have occurred and that themostmul-
tiple actin gene homologs likely existed in the recent common
ancestor. Finally, the presence of a great deal of pseudogenes
provided convinced evidence for actin gene experiencing
duplicated,mutated, anddead process.We conclude that gene
family expansion and contraction have continued during and
after speciation of these primates. These features of actin
gene family in primates provided evidence for us to explain
how actin gene family evolved leading to the contradictory
characteristics of conserved across species but divergent
within species in the evolutionary history in primates.

Generally, “concerted evolution” and “birth and death”
models were often invoked to explain the divergence and
evolution of multigene families [54]. Under concerted evolu-
tion model, new gene copies were duplicated, homogenized,
and deleted by interlocus recombination or intergenic gene
conversion, resulting in a high degree of sequence similarity
amongmultigene familymembers [55–57]. In contrast, under
the model of “birth and death,” new gene copy was created
by various forms of gene duplications in order to diverge
functionally, in which some duplicated copies with new
function or original function maintained in the genomes,
and others became nonfunctional or deleted due to mutation
and degeneration. Thus, the predicted end result of this
model was a mixture of divergent groups of genes and
highly homologous genes within groups plus many great
pseudogenes present in the multigene family [54].

Obviously, although actin gene copies from the same
species shared highly similar sequences clustered on the first
type of complex groups partly corresponded with convert
evolution model, the major characteristics of actin genes,
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such as the variation in copy number, the structure of the
phylogenetic tree with a mixture of divergent groups of
gene copies, the differences of divergences, codon usage,
expression patterns between orthologs and paralogs of actin
genes across and within species, and the presence of many
pseudogenes, fit well with “birth and death” model of multi-
gene family evolution [54].

Since actin family plays such a crucial role in all aspects of
cell activities, their related functions cannot be easily altered
or removed. However, the way of the copy number of actin
genes changed following “birth and death model” maybe
affording an alternative evolutionary pathway to meet the
conflicting demands that actin was conserved to maintain
vital functions and evolved new functions in the body in
order to help adapting to environmental pressure. Under
this scenario, organisms may not only keep bodies working
regularly, but make species evolving from simple to complex,
from rough to fine. We infer that birth and death evolution
model might be a common evolutionary mechanism in other
highly conserved multigene families.

5. Conclusions

In summary, 233 actin genes and 337 pseudogenes were
identified in the seven primates. Phylogenetic analysis for
actin genes exhibited two major types of clades. Actin
genes interspecifically clustered that belong to the ortholo-
gous groups were highly conserved because of fundamental
importance. On the contrary, complex groups contained
actin gene members that displayed copy number variation
with significantly higher levels of average nucleotide diver-
gence and𝐾

𝑎
/𝐾
𝑠
ratios compared to the orthologous groups.

Analysis of codon bias and gene expression level revealed that
actin genes in primates were extraordinarily divergent from
each other within species, but were highly conserved within
groups across species. These results may be explained by a
birth and death evolutionary process of actin gene families,
which would be the general evolutionary mechanism for
other highly conserved multigene families.
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Lung cancer is one of the leading causes of cancer mortality worldwide. The main types of lung cancer are small cell lung cancer
(SCLC) and nonsmall cell lung cancer (NSCLC). In this work, a computational method was proposed for identifying lung-cancer-
related genes with a shortest path approach in a protein-protein interaction (PPI) network. Based on the PPI data from STRING,
a weighted PPI network was constructed. 54 NSCLC- and 84 SCLC-related genes were retrieved from associated KEGG pathways.
Then the shortest paths between each pair of these 54 NSCLC genes and 84 SCLC genes were obtained with Dijkstra’s algorithm.
Finally, all the genes on the shortest paths were extracted, and 25 and 38 shortest genes with a permutation𝑃 value less than 0.05 for
NSCLC and SCLCwere selected for further analysis. Some of the shortest path genes have been reported to be related to lung cancer.
Intriguingly, the candidate genes we identified from the PPI network contained more cancer genes than those identified from the
gene expression profiles. Furthermore, these genes possessed more functional similarity with the known cancer genes than those
identified from the gene expression profiles.This study proved the efficiency of the proposedmethod and showed promising results.

1. Introduction

Lung cancer is one of the leading causes of cancer mortality
worldwide [1]. Two main types of lung cancer are non-small
cell lung cancer (NSCLC), which accounts for 80%–85%, and
small cell lung cancer (SCLC), which accounts for around
20% of all cases. However, the SCLC has an extraordinarily
high degree of metastasis and a strong association with
smoking [2]. Diagnosis and treatment at the early stage of the
disease process could reduce fatalities and increase the prob-
ability of disease-free survival. Therefore, it is meaningful

to screen lung-cancer-related genes that could be used as
prognostic factors or to help elucidate the mechanism of the
disease.

Recently, as high-throughput biotechnologies develop
rapidly, numerous biological data have been generated from
processes such as protein complex, yeast two-hybrid sys-
tems, and gene expression profiles. These data are useful
resources for understanding and deducing gene function. So
far, protein-protein interaction (PPI) data has been widely
utilized to annotate and predict the gene function assuming
that interaction proteins possess the similar or identical
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functions and thusmayparticipate in the samepathways.This
so-called “guilt by association” rule was initially proposed by
Nabieva et al. [3]. This rule could also be utilized to identify
novel cancer-related genes.

Search Tool for the Retrieval of Interacting Genes
(STRING) is an online database resource [4] that provides
both predicted and experimental interaction information
with a confidence score. It has been shown that proteins with
short distances between each other in the PPI network tend
to have the same biological functions [5–8], and interactive
neighbors are prone to have the same biological functions
as noninteractive ones [9, 10]. The possible reason is that
the query protein and its interactive proteins might form
a protein complex to exert a particular function or might
participate in the same pathways.

Though great successes have been achieved for gene
function prediction and identification of novel cancers-
related genes with the application of the high-throughput
data, yet high-throughput data is not error free. In this
work, we proposed a computational method for identifying
lung-cancer-related genes based on PPI network constructed
from STRING. 54 NSCLC and 84 SCLC related genes were
retrieved from associated KEGG pathways. Then, Dijkstra’s
algorithm [11] was employed to obtain the shortest paths
between each pair of the 54 NSCLC and 84 SCLC genes.
All the genes present on the shortest paths were extracted
and analyzed. Several of these genes have been reported to
be related to lung cancer. However, some of them were not
previously reported.Therefore, there are probably novel lung-
cancer-related genes and have the potential to be biomarkers
for diagnosis of lung cancer.

2. Materials and Methods

2.1. Lung-Cancer-Related Gene List. We compiled all 54 genes
existing in the human nonsmall cell lung cancer (NSCLC)
pathway and 84 genes in the small cell lung cancer (SCLC)
pathway from KEGG [12]. These two gene sets and cor-
responding Ensembl protein IDs are listed in Additional
file S1 in Supplementary Matrial available online at doi:
http://dx.doi.org/10.1155/2013/267375.

2.2. Lung Cancer Gene Expression Data. The gene expression
profiling in Kastner et al.’s work was used in our study [13],
which includes 8 SCLC, 16 NSCLC, and 14 normal lung
tissue samples. It was retrieved from NCBI Gene Expression
Omnibus (GEO) (Accession number: GSE40275). The gene
expression profile was obtained by the Human Exon 1.0
ST Array with 56283 probes corresponding to 26410 genes.
Signal intensity was first log2 transformed and then quantile
normalized with “preprocessCore” package of R [14].

2.3. Identifying Differentially Expressed Genes. The “samr”
package of R [15] was utilized to identify the differentially
expressed genes between NSCLC, SCLC, and normal tissues
separatelywith the criterion that false-discovery-rate- (FDR-)
adjusted 𝑃 value [16] was less than 0.01 and fold change was
greater than 3 or less than 0.33.

2.4. Cancer-Related Gene List. A list of 742 cancer-related
genes was compiled from three different sources [17]. First, a
list of 457 cancer-related genes was collected from the Cancer
Gene Census. Second, a list of cancer-related genes from the
Atlas of Genetics and Cytogenetic in Oncology was retrieved
[18]. We compiled the third list from the Human Protein
Reference Database (HPRD) [19].

2.5. STRING PPI Data and Shortest Path Identification. The
initial weighted PPI network was constructed based on
data from STRING (version 9.0) [4] (http://string.embl.de/).
Each interaction in STRING is evaluated by an interaction
confidence score in range from 1 to 999 to quantify the
likelihood that an interaction may occur. We used Dijkstra’s
algorithm which has also been used in our previous works
[20, 21] to identify the shortest path between each protein
pair corresponding to the 54 NSCLC and 84 SCLC genes
in the PPI network, respectively. Finally, all the proteins
present on the shortest paths were ranked according to their
betweenness.The Dijkstra’s algorithm was implemented with
R package “igraph” [22].

2.6. KEGG Pathway Enrichment Analysis. KEGG pathway
enrichment analysis was performed with the functional
annotation tool DAVID [23]. The enrichment 𝑃 value was
corrected with the Benjamin multiple testing correction
method to control family-wide false discovery rate less than
0.05 [24]. All the protein-coding genes in human genome
were taken as background during the enrichment analysis.

3. Results

3.1. Differentially Expressed Genes of the Gene Expression Pro-
file. With the SAMR method, 1918 significantly upexpressed
probes and 2243 downexpressed probes corresponding to
1825 genes were identified for NSCLC when compared with
14 normal lung tissues (for probes see additional file S2,
and for gene symbols see additional file S3). For SCLC, 819
significantly up-expressed probes and 820 down-expressed
probes corresponding to 1063 genes were identified (for
probes see additional file S2, and for gene symbols see
additional file S3).

3.2. Shortest Path Genes and Enrichment Analysis. An undi-
rected graph was constructed with the PPI data from
STRING. Subsequently, we repeatedly chose a pair of proteins
corresponding to 54 NSCLC genes and the 84 SCLC genes
respectively, and the shortest path between these two proteins
was determined with Dijkstra’s algorithm. A total of 1711
and 3916 shortest paths were obtained (see additional file
S4) with lowest cost for NSCLC and SCLC containing 114
and 161 path genes, respectively. Shown in Figure 1 are the
1711 shortest paths between the 54 NSCLC genes. The weight
was labeled on the edge between each of the interaction
gene pairs. Shown in Figure 2 are the 3916 shortest paths
between the 84 SCLC genes. To determine whether our 114
and 161 shortest path genes were also hubs in the background
network, we performed a permutation to count the number
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Figure 1: 1711 shortest paths between 54 NSCLC genes. The 1171 shortest paths between 54 NSCLC genes were identified with Dijkstra’s
algorithm based on PPI data from STRING. Yellow round represents 54 NSCLC genes. Red round represents 114 genes existing on shortest
paths.Numbers on edges represent the edgeweight to quantify the interaction confidence.The smaller the number, the stronger the interaction
between two nodes.

of their occurrences on the shortest paths between 54 and
84 randomly selected genes only if they had a greater
betweenness than that in our study.This process was repeated
2000 times, and the proportion of occurrences for the 114
and 161 shortest path genes was regarded as the 𝑃 value. The
detailed results thus obtained are given in additional file S5.
Then we chose the 25 NSCLC and 38 SCLC shortest path
genes with a 𝑃 value less than 0.05 for further analysis (see
additional file 5).

The GO enrichment analysis of 25 NSCLC shortest path
genes indicated that they were significantly enriched in the
regulation of intracellular signaling cascades and regulation
of macromolecule metabolic processes (see additional file
S6). These terms had been demonstrated to make great
contributions to the survival and reproduction of cancer
cells, while they also appeared in the enriched GO terms
of 38 SCLC shortest path genes (see additional file S6).
Besides these terms, the analysis result of SCLC shortest path
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Figure 2: 3916 shortest paths between 84 SCLCgenes.The 3916 shortest paths between 84 SCLCgeneswere identifiedwithDijkstra’s algorithm
based on PPI data from STRING. Yellow round represents 84 SCLC genes. Red round represents 161 genes existing on shortest paths. Numbers
on edges represent the edge weight to quantify the interaction confidence. The smaller the number, the stronger the interaction between two
nodes.

genes showed that they were significantly enriched in cell
adhesion processes, suggesting that genes in this term might
play an important role in differentiating SCLC from NSCLC
(see additional file S6). The KEGG pathway enrichment of
these 38 SCLC shortest path genes indicated that they were
enriched in canonical-cancer-related pathways such as the
cell cycle and p53 signaling pathway (Table 1).

3.3. Comparing the Overlap between Candidate Genes with
742 Cancer-Related Genes. The 25 and 38 shortest path
genes were regarded as candidate genes for NSCLC and
SCLC, respectively. We checked the overlap between 742
cancer genes and differentially expressed genes from the gene
expression array as well as the overlap between the candidate
genes identified in our study (Table 2). The entire 5-gene
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Table 1: KEGG enrichment analysis of 38 SCLC shortest path genes.

Term Counta Percentageb P value Benjamini adjusted P value
Focal adhesion 8 21.1 1.40𝐸 − 05 6.70𝐸 − 04

Regulation of actin cytoskeleton 7 18.4 2.20𝐸 − 04 5.40𝐸 − 03

Arrhythmogenic right ventricular cardiomyopathy (ARVC) 5 13.2 2.70𝐸 − 04 4.40𝐸 − 03

ECM-receptor interaction 5 13.2 4.00𝐸 − 04 4.80𝐸 − 03

Hypertrophic cardiomyopathy (HCM) 5 13.2 4.20𝐸 − 04 4.10𝐸 − 03

Dilated cardiomyopathy 5 13.2 5.70𝐸 − 04 4.60𝐸 − 03

Cell cycle 5 13.2 1.80𝐸 − 03 1.20𝐸 − 02

p53-signaling pathway 4 10.5 2.90𝐸 − 03 1.70𝐸 − 02
aThe number of genes belonging to a certain pathway.
bThe percentage of genes belonging to a certain pathway accounts for all the genes undergoing KEGG pathway analysis.

Table 2:Overlap between candidate genes and cancer-related genes.

Gene set
Number of
candidate
genes

Overlap with
742 cancer

genes
P value

NSCLC from array 1825 93 6.698𝑒 − 04

SCLC from array 1063 69 2.218𝑒 − 06

NSCLC in our study 25 6 2.518𝑒 − 05

SCLC in our study 38 5 2.559𝑒 − 03

P value was calculated with the hypergeometric test assuming the total
number of protein-coding genes was 20000.

set can be found in additional file S3. From Table 2, we
can see that both the lung cancer candidate genes identified
from the gene expression array and those identified by our
method had a significant overlap with the 742 cancer genes.
However, the 25 NSCLC candidate genes identified with our
method contained more cancer genes than those from the
gene expression array (𝑃 value = 3.858e − 03) (Table 3).
The 38 SCLC candidate genes had a higher percentage of
cancer-related genes (0.1316) than those from expression
array (0.0649) though the𝑃 value of Fisher’s exact test was not
significant (𝑃 value = 0.186). At least, the 38 SCLC candidate
genes contained comparable cancer-related genes as those
from gene expression array.

4. Discussion

4.1. Shortest Path Genes in Nonsmall Cell Lung Cancer
(NSCLC). We identified 25 shortest path genes in NSCLC
and 38 shortest path genes in SCLC with a permutation
𝑃 value less than 0.05. Intriguingly the top five shortest path
genes in NSCLC are also among the most significant genes
in SCLC, while SCLC has several unique genes with large
betweenness values.Thesemay help to reveal the relationship
between the two major types of lung cancer.

As in NSCLC, HSP90AA1 [25–27] has been well docu-
mented to be relevant to lung cancer. We focus on candidate
genes with large betweenness values and discuss the potential
relationship between them and lung cancer.

Table 3: Comparing the overlap between candidate genes with
cancer-related genes.

Gene set
Number of
candidate
genes

Overlap with
742 cancer

genes
P value

NSCLC from array 1825 93
NSCLC in our study 25 6 3.858𝑒 − 03

SCLC from array 1063 69
SCLC in our study 38 5 0.186
P value was calculated with Fisher’s exact test.

Estrogen receptor 1 (ESR1) belongs to the nuclear ster-
oid hormone receptor superfamily which acts as ligand-
dependent, sequence-specific transcription factors and regu-
lates the expression of genes involved in signal transduction,
cell-cycle control, and cell survival [28]. Previous evidence
showed that the proportion of never smokers among women
with lung cancer is higher compared with men. Hyper-
methylation of ESR1 was reported to be detected only in
lung tumors, but not in normal lung tissues, with a higher
frequency being found in male patients than in female
patients [29]. These all indicated ESR1 as a prognostic factor
in lung cancer and as a potential target of hormone therapy.

ATP-binding cassette sub-family Amember 1 (ABCA1) is
a sulfonylurea-sensitive and cAMP-dependent anion trans-
porter with critical impact on intracellular cholesterol trans-
port. Cholesterol level increase has been found in cancers
compared with normal tissue in many kinds of cancers [30],
such as oral cancer [31]. Smith and Land demonstrated in
colon cancer cells that ABCA1 had an anticancer activity
in which deficiency allowed for increased mitochondrial
cholesterol, inhibited release of mitochondrial cell death-
promotingmolecules, and facilitated cancer cell survival [32].
As abnormalmetabolism is generally found in cancer, ABCA1
deserves further investigation with regard to its role in lung
cancer.

Insulin receptor substrate 1 (IRS1) is an adaptor pro-
tein for insulin-like growth factor (IGF) signaling and is
associated with IGF-stimulated proliferation [33]. It has
been reported to be downregulated in NSCLC [34], and
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its degradation accelerates lung tumor growth by upgrad-
ing interaction between the potent mitogen platelet-derived
growth factor receptor (PDGFR) and phosphatidylinositol 3
kinase (PI3 K) [35]. Correspondingly, our study shows that
the shortest path of IRS1 is designated more than 100 and is
significant in both NSCLC genes and SCLC genes, indicating
that it may play a crucial part in lung cancer development.

FDXR (NADPH: adrenodoxin oxidoreductase) serves as
the first electron transfer protein in the mitochondrial P450
systems. FDXR is identified to be target of the p53 family. It
could be induced in a p53-dependent way by DNA damage
in cells and participated in p53-mediated apoptosis via
generating oxidative stress in mitochondria [36, 37]. Owing
to the significance of p53 in apoptosis during tumorigenesis,
the contribution of FDXR to lung cancer is worthy of further
elucidation.

4.2. Shortest Path Genes in Small Cell Lung Cancer (SCLC).
The KEGG pathway enrichment analysis shows that there is
a distinct group of shortest path genes in SCLC compared
with NSCLC. These are the extracellular-matrix- (ECM-)
related genes (Table 1). This coincides with the KEGG path-
way enrichment analysis result of known SCLC pathway
genes. ECM surrounds SCLC cells and includes collagen
IV, tenascin, fibronectin, and laminin. Cell surface receptor
integrins interact with ECM components and numerous
signal transduction pathways which play important roles in
cell cycle regulation, apoptosis, and so on and thus promote
cancer cell proliferation [38]. Hodkinson et al. found that
ECM can inhibit the caspase-3 activation and subsequent
cell apoptosis induced by etoposide via stimulating phos-
phatidyl inositol 3-kinase- (PI3K-) signaling pathway in
SCLC cells in a ITGB1/PI3K-dependent way [39]. Choi et al.
demonstrated that downregulation of the phosphorylation
activity of ILK (integrin-linked kinase) by single deletion of
ILK protein itself or deletion of ITGB4/ILK complex could
suppress the invasion of ovarian cancer [40]. Other studies
also demonstrate that the intracellular signals activated by
ECM components account for the high metastasis potential
and drug resistance of SCLC [41]. In this work, we found
that collagen IV members COL4A5 and COL4A3, integrin
members ITGA1, ITGB4 and ITGA4, and linked kinase ILK
all have a betweenness of more than 80 and a 𝑃 value < 0.05,
all of which may indicate their crucial roles in SCLC.

Forkhead box protein M1 (FOXM1) is a transcription
factor regulating cell proliferation and DNA damage repair
[42, 43]. Research shows that it could be phosphorylated by
MAPK (ERK) kinase [44] and then activate the expression
of a number of cell-cycle-related genes which are crucial for
DNA replication and mitotic division in the Ras-mitogen-
activated protein-kinase- (MAPK-) signaling pathway, such
as cyclinA2, cyclin B1,AuroraB kinase, Cdc25Bphosphatase-
and Polo-like kinase1 [45]. Additionally, the protein level of
FXOM1 has been found increased in prostate adenocarci-
nomas [46], infiltrating ductal breast carcinomas [47], basal
cell carcinomas [48], intrahepatic cholangiocarcinomas [49],
and in many other solid tumors [50]. A study by Kim et al.
[51] showed that in human NSCLC Foxm1 protein is over-
expressed and promotes tumor cells proliferation during the

Table 4: The functional similarity between identified lung cancer
genes and 742 cancer genes.

742 cancer genes
1825NSCLC genes from array 0.4314∗

1063 SCLC genes from array 0.4845∗

25NSCLC genes from our study 0.5554∗

38 SCLC genes from our study 0.6919∗
∗Pearson correlation coefficient of functional profiles.

development of NSCLC. These all indicate that FXOM1 may
play an import role in SCLC as well.

Immunoglobulin-binding protein 1 (IGBP1) was formerly
identified as a signal transduction molecule with a surface
IgM receptor. More recently, it has been shown to regulate
the phosphatase catalytic activity of protein phosphatase 2A
(PP2A) [52]. PP2A is composed of a majority of cellular
serine/threonine phosphatases [53] and regulates a number
of important cellular processes, such as cell cycle transition,
apoptosis, transcription, translation, autophagy [54], and
cell transformation [55]. IGBP1 directly interacts with the
catalytic subunit of PP2A [56], and this interaction leads
to an antiapoptosis function. Recent studies show that, in
carcinogen-transformed human cells and primary human
cancers such as primary lung cancers, primary hepatocellular
carcinomas and primary breast cancers, the expression level
of IGBP1 is upregulated, [57]. Sakashita et al. found its
overexpression in small cell adenocarcinomas [58], and Li
et al. found that in a lung adenocarcinoma cell line the
interaction of IGBP1 and Lactoferrin could induce cell apop-
tosis [59], implying IGBP1 to be a candidate target for SCLC
therapy.

4.3. Functional Similarities between Candidate Genes and
Known Cancer Genes. In order to compare the functional
similarities between our candidate genes and the 742 known
cancer genes, their functional profiles were constructed using
the −log10 of the hypergeometric test 𝑃 value on Gene
Ontology (GO) terms [20, 21]. Then the Pearson correlation
coefficient of their functional profiles was calculated [20, 21].
The functional similarities of five gene sets are shown in
Table 4. All five gene sets can be found in additional file S3.
Our 25 NSCLC (0.5554) and 38 SCLC (0.6919) candidate
genes both had greater functional similarity with the cancer
genes than the NSCLC (0.43139) and SCLC (0.48451) genes
identified from gene expression profiles. It is suggested that
our way is more efficient in identifying cancer-related genes.

5. Conclusion

In this study, we propose a computational method based
on a protein-protein interaction network to identify cancer-
related genes. We applied this method to lung cancer to
find the shortest paths between 54 NSCLC and 84 SCLC
genes in the protein-protein interaction network constructed
based on STRING data and selected the 25 and 38 genes
with a significant 𝑃 value for NSCLC and SCLC, respectively.
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Analysis of these shortest path genes indicates that some of
these genes, such as ESR1, FDXR, ABCA1, IRS1, HSP90AA1,
FOXM1, and IGBP1 are related to lung cancer. In addition,
the candidate genes of lung cancer identified in our study
contain more cancer genes than those identified from gene
expression profiles.Moreover, it is revealed that our candidate
genes have greater functional similarity with the cancer genes
than those identified from gene expression profiles. These
candidate genes may be worth experiment validation and
further research. It is expected that this method is useful in
predicting novel cancer-related genes and has widespread use
in cancer research.
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Although stromal cell signaling has been shown to play a significant role in the progression of many cancers, relatively little is
known about its importance in modulating ovarian cancer development. The purpose of this study was to investigate the process
of stroma activation in human ovarian cancer by molecular analysis of matched sets of cancer and surrounding stroma tissues.
RNA microarray profiling of 45 tissue samples was carried out using the Affymetrix (U133 Plus 2.0) gene expression platform.
Laser capture microdissection (LCM) was employed to isolate cancer cells from the tumors of ovarian cancer patients (Cepi)
and matched sets of surrounding cancer stroma (CS). For controls, ovarian surface epithelial cells (OSE) were isolated from the
normal (noncancerous) ovaries and normal stroma (NS). Hierarchical clustering of themicroarray data resulted in clear separations
between the OSE, Cepi, NS, and CS samples. Expression patterns of genes encoding signaling molecules and compatible receptors
in the CS and Cepi samples indicate the existence of two subgroups of cancer stroma (CS) with different propensities to support
tumor growth. Our results indicate that functionally significant variability exists among ovarian cancer patients in the ability of the
microenvironment to modulate cancer development.

1. Introduction

The epithelial cells of the ovary interact with the cells of the
surrounding microenvironment in order to regulate tissue
homeostasis. Morphologically, the normal ovarian epithelial
cells form a flat-to-cuboidal monolayer supported by a base-
ment membrane. Cells located below this basement mem-
brane are composed of various cell types collectively referred
to as stromal cells. The most common types of stromal
cells are fibroblasts, pericytes, endothelial cells, and various
immune and inflammatory cells. Stromal and epithelial cells
communicate through the secretion and binding of growth
factors and other signalingmolecules that promote reciprocal
cellular responses appropriate for coordinated cell functions,
for example, those required for the replication of ovarian
surface epithelial cells following ovulation [1–3].

During cancer progression, genetic and epigenetic alter-
ations lead to changes in the morphology and behavior of

both epithelial and stromal cells by disrupting the tissue
architecture and by interfering with signaling mechanisms.
For example, signaling changes in a wide variety of develop-
ing cancer cells have been shown to result in the disruption
of tissue homeostasis by inducing extracellularmatrix (ECM)
turnover, basement membrane disassociation, and increased
stromal cell proliferation [1, 4].

Despite the well-documented role of stromal cell sig-
naling in cancer progression, relatively few studies have
been focused specifically on epithelial ovarian cancer-stromal
interactions (EOC-SI). Previously reported studies on EOC-
SI have focused on particular stromal components [5, 6], on
specific cell lines [7], and/or employed in-house fabricated
microarrays of limited scope [8]. We report here the results
of a study of EOC-SI using high-throughput gene expression
(microarray) analysis of normal ovarian surface epithelial
cells and cells captured from normal stroma, cancer epithe-
lia, and cancer stroma using laser capture microdissection
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Table 1: Patient samples used in this study.

Patient ID Age at time of surgery Tissue for microarray Histopathology Stage Grade
460 65 OSE WNL (within normal limits) N/A N/A
552 41 OSE WNL N/A N/A
563 66 OSE WNL N/A N/A
567 78 OSE WNL N/A N/A
434 41 OSE/NS WNL N/A N/A
437 54 OSE/NS WNL N/A N/A
440 50 OSE/NS WNL N/A N/A
448 63 OSE/NS WNL N/A N/A
452 51 OSE/NS WNL N/A N/A
463 48 OSE/NS WNL N/A N/A
470 44 OSE/NS WNL N/A N/A
475 63 OSE/NS WNL N/A N/A
317 59 Cepi Serous adenocarcinoma Ic 3
489 48 Cepi Serous adenocarcinoma IV 3
528 66 Cepi Serous adenocarcinoma IIIc 3
537 64 Cepi Serous adenocarcinoma IIIa 2
542 61 Cepi Serous adenocarcinoma IV 3
551 59 Cepi Serous adenocarcinoma IIIc/IV 3
588 71 Cepi Serous adenocarcinoma IIIc 2
606 54 Cepi Serous adenocarcinoma IIIa 3
617 64 Cepi Serous adenocarcinoma IIIc 2
620 62 Cepi Serous adenocarcinoma III/IV 3
651 46 Cepi Serous adenocarcinoma IIIb/IIIc 3
183 66 Cepi/CS Serous adenocarcinoma III 2
369 52 Cepi/CS Serous adenocarcinoma IIIc 2
229 58 Cepi/CS Serous adenocarcinoma IIIc 3
242 63 Cepi/CS Serous adenocarcinoma IIIb 3
336 63 Cepi/CS Serous adenocarcinoma Ic 3
367 56 Cepi/CS Serous adenocarcinoma II 3
413 49 Cepi/CS Serous adenocarcinoma IIb 3

(LCM). Our results reveal the existence of two categories of
ovarian cancer stroma.Analysis of ligand-receptor patterns of
gene expression indicates that one of these classes of cancer
stroma may be more permissive and one more resistant to
associated cancer cell growth.

2. Materials and Methods

2.1. Tissue Collection. Tissues were collected at Northside
Hospital (Atlanta, GA, USA) under appropriate Institutional
Review Board protocols. Following resection, the tumor
tissues were placed in cryotubes and immediately (<1minute)
frozen in liquid nitrogen. Samples were transported on
dry ice to Georgia Institute of Technology (Atlanta, GA,
USA) and stored at −80∘C. All tissues were examined, and
diagnoses weremade by a pathologist.The histopathology for
each sample is listed in Table 1.

For each of the cancer tissue samples, 7mm frozen
sections were cut from samples embedded in cryomatrix
(Shandon) and attached to uncharged microscope slides.
Immediately following dehydration and staining (HistoGene,

LCM Frozen Section Staining Kit, Arcturus), slides were
processed in an Autopix (Arcturus) instrument for laser cap-
ture microdissection (LCM) of cancer epithelial cells (CEPI),
cancer stroma (CS), and normal stroma (NS) using CapSure
Macro-LCM Caps (Arcturus). Approximately 30,000 cells
were collected from each of the samples. Normal ovarian
surface epithelial (OSE) cells were also collected from normal
ovaries at the time of surgery by light brushing using a Cyto-
brush Plus (Medscand), immediately stabilized in RNAlater
(Ambion), and subsequently stored at −20∘C. Microscopic
examination of all collected cells was carried out to confirm
the integrity and purity of the samples.

2.2. RNA Extraction and Amplification. PicoPure RNA Isola-
tion Kit (Arcturus) protocols were followed for RNA extrac-
tion from the LCM cells on the Macro-LCM caps in 25𝜇L
of extraction buffer. Normal OSE cells were pelleted from
RNAlater; RNA was isolated with Trizol (Invitrogen) and
purified with the PicoPure RNA Isolation Kit. RNA quality
was verified for all samples on theBioanalyzer RNAPicoChip
(Agilent Technologies).
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Total RNA from the above extractions was processed
using the RiboAmp HS Kit (Arcturus) in conjunction
with the IVT Labeling Kit from Affymetrix, to produce
an amplified, biotin-labeled mRNA suitable for hybridiz-
ing to GeneChip Human Genome U133 Plus 2.0 Arrays
(Affymetrix) following manufacturer’s recommendations.

2.3. Microarray Data Analysis. We generated 45 individual
gene expression profiles from 12 OSE brushings and 18 Cepi,
8 NS, and 7 CS patient samples isolated by laser capture
microdissection (LCM). Affymetrix CEL files were processed
using the Affymetrix Expression Console (EC) Software
Version 1.1 with the default MAS5.0 probeset normalization
algorithm. The expression values from the 12 OSE, 18 Cepi,
8 NS, and 7 CS samples were log

2
transformed and then

averaged for each probeset across each sample type. The
microarray data were deposited in the Gene Expression
Omnibus (GSE38666).

Probesets (genes) with nearly constant expression values
(log
2
normalized) across samples (SD < 1) were excluded

from further consideration. Of the 54,675 probesets on the
U133 Plus 2.0 chip, 42,698 were thus retained. A four-
way ANOVA was subsequently employed to identify genes
significantly differentially expressed (𝑃 ≤ 0.001) across the
four sample groups (OSE, Cepi, NS, and CS). These 6,654
genes were employed in the initial clustering analysis.

A subsequent comparison among the CS samples (CS
1

and CS
2
) alone was performed using a similar approach.

Specifically, genes with nearly identical expression values
(SD < 1) across CS

1
and CS

2
were discarded, and the

remaining 38,972 genes were subjected to an unpaired 𝑡-test
to identify those genes that were significantly differentially
expressed between the CS

1
and CS

2
subgroups (𝑃 ≤ 0.001,

88 genes).
All heat maps were generated using the UPGMA

(unweighted average) clustering method and the Euclidean
distance similarity measure.

2.4. Ligand-Receptor Compatibility Analysis. For the ligand-
receptor compatibility analysis, probesets associated with no
or marginal expression across all 45 samples were discarded
resulting in 5,865 differentially expressed genes.The presence
or absence of the expression in samples was determined
using the Affymetrix default MAS 5.0 decision algorithm.
The MAS 5.0 algorithm uses Tukey’s biweight estimator to
provide a robust mean signal value and the Wilcoxon’s rank
test to calculate the significance of the signal or 𝑃 value and
detection call (present,marginal, or absent) for each probeset.
The 𝑃 values upon which the presence-absence calls for each
ligand and receptor are based are presented in the appropriate
Tables 1–5.

3. Results

3.1. Hierarchical Clustering Establishes Two Distinct Classes of
Stroma among the Ovarian Cancer Patient Samples. Forty-
five gene expression profiles were generated from 12 OSE
brushings and 18 Cepi, 8 NS, and 7 CS patient samples

isolated by laser capturemicrodissection (LCM).The relevant
histopathologies of these 45 samples are listed in Table 1.
Expression analysis yielded 6,654 differentially expressed
probesets among the four sample types (ANOVA,𝑃 ≤ 0.001).
Hierarchical clustering of these expression data resulted in
clear separations between the OSE, Cepi, NS, and CS samples
(Figure 1). Interestingly, the CS samples subdivided into
two distinct groups. One (CS

1
) was more closely associated

with the NS samples, and the other (CS
2
) was more closely

associated with the Cepi samples.
One possibility is that the two subclasses of CS are simply

a reflection of differential responses of stroma to molecular
differences in the adjacent Cepi. If this were the case, we
would expect to see a correlated substructure among the
molecular profiles of the Cepi samples associated with the
CS
1
and CS

2
subgroups. As shown in Figure 1, no such

coordinated substructure pattern exists among the Cepi
samples indicating that the two subclasses of CS are not
merely a reflection of differential responses of the stroma to
different Cepi subtypes.

As stated above, microscopic examination of LCM col-
lected cells was carried out to validate the integrity of
our samples. As a further confirmation, we conducted an
additional computational analysis. In this analysis, probesets
associated with no or marginal expression across all 45 sam-
ples were discarded resulting in 5,865 differentially expressed
genes. If the reason for the presence of two classes of CS
samples is that the CS

2
class was a mixture of stroma and

invasive Cepi cells, the gene expression levels in the putative
mixed cancer stromal class (CS

2
) would be expected to lie

within the range of the maximum and minimum expression
levels of the NS and Cepi groups (i.e., avg(CS

2
) < Min and

avg(CS
2
) >Max). Inconsistent with this prediction, we found

that 2,342 or 40% (2,342/5,865) of the differentially expressed
genes making up the CS

2
class displayed values outside the

predicted range of the mixed cell types. The fact that 60%
of the expression values lie within the predicted range is not
indicative of contamination but rather of the fact that not all
genes are significantly overexpressed in the stroma relative to
cancer samples. Collectively our microarray results are con-
sistent with the microscopic examination in demonstrating
the absence of infiltrating Cepi cells in the cancer stroma
samples.

3.2. Gene Expression Patterns Are Consistent with the Exis-
tence of Ligand-Receptor Interactions between Cepi and CS.
The significance of the presence of two distinct classes of
ovarian cancer stroma may involve differential interaction
between these stromal and the adjacent cancer cells. To
explore this possibility, we first examined the expression
levels of genes encoding signaling ligands and compatible
receptors in the CS and Cepi datasets.

Two lists were established from the 5,865 differentially
expressed probesets across the OSE, Cepi, NS, and CS sam-
ples. One list is comprised of all differentially expressed gene
probes (note that each gene may be represented by multiple,
nonoverlapping probes) encoding secreted ligands (ligand
list) and the other of all expressed gene probes encoding
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Figure 1: Hierarchical clustering of OSE, Cepi, NS, and CS expression profiles. The heat map was generated by 𝑧-score normalization of log
2

expression values from Affymetrix HG U133 Plus 2.0. The results show that the OSE, Cepi, NS, and CS samples cluster into separate groups.
The CS samples clustered into two distinct subgroups (CS

1

and CS
2

).

surface receptors (receptor list) with documented binding
affinity to the differentially expressed ligands (compatible
ligands and receptors). The ligand list consists of 34 CS and
36 Cepi ligands while the receptor list is comprised of 20 Cepi
and 21 CS receptors (Tables 2(a) and 2(b)).

We considered the expression of a ligand in CS (or Cepi)
and its compatible receptor in Cepi (or CS) to be indica-
tive of a potential CS-Cepi signaling interaction. Based on
these criteria, we identified potential epithelial cancer-stroma
signaling interactions (34 CS ligands and 20 Cepi receptors,
see Table 2(a) and 36 Cepi ligands and 21 CS receptors,
see Table 2(b)). Of these, there were 17 compatible pairs
for both the CS ligands-Cepi receptors and Cepi ligands-CS
receptors interactions (Table 3). Viewed from the perspective
of individual genes (i.e., combining multiple probes of the
same genes), there were 12 unique CS ligand-Cepi receptor
pairs and 12 unique Cepi ligand-CS receptor pairs in our
observed dataset (Table 4).

To determine if the observed coexpression of these 17
pairs of compatible ligands and receptors (probes)was greater

than what would be expected by chance, we generated two
lists. One list of observed data consisted of the expressed
probes of the 17 CS ligands and 17 compatible Cepi receptors
(Table 3(a)) and the other of the 17 expressed Cepi ligands
and 17 CS receptors (Table 3(b)). A second list of random
associationswas generated using the samenumber of pairings
as in the observed list (17 random pairs) and randomly
selecting 17 pairs of ligands and receptors. One randomly
selected CS (or Cepi) ligand from the pool of the 34 CS-(or
36 Cepi-) expressed ligands (Table 2(a)) was paired with one
randomly selected Cepi (or CS) receptor from the pool of the
20 Cepi-(or 21 CS-) expressed receptors (Table 2(b)). These
random associations were generated 100 times, and each time
the number of biologically compatible ligand-receptor pairs
arising by chance was counted. The number of biologically
compatible interactions in the observed data (17) was then
compared to the number of compatible interactions scored
from the randomized associations using 𝑧-statistics. Two
types of comparisons were performed, one for the pairs of CS
ligands and Cepi receptors and another for the pairs of Cepi
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Table 2: The 34 CS-expressed ligands with the 20 expressed Cepi
receptors (a) and the 36Cepi-expressed ligandswith the 21 expressed
CS receptors (b).

(a)

CS ligands Cepi receptors
Gene symbol Probeset ID Gene symbol Probeset ID
∗∗∗CXCL1 204470 at ∗∗∗∗CXCR4 217028 at
∗CXCL3 207850 at ∗∗FGFR2 208228 s at
∗∗∗CXCL9 203915 at ∗∗∗FGFR3 204379 s at
∗∗∗CXCL10 204533 at ∗∗MET 203510 at
∗∗∗CXCL11 210163 at ∗TGFBR2 207334 s at
∗∗∗CXCL12 209687 at ∗∗∗TGFBR2 208944 at
∗∗∗CXCL12 203666 at ∗∗TGFBR3 204731 at
∗∗∗CXCL13 205242 at ∗∗∗TGFBR3 226625 at
∗∗CXCL16 223454 at ∗∗∗PDGFRA 203131 at
CXCL17 226960 at ∗PDGFRA 1554828 at
∗FGF1 205117 at ∗∗∗IL1R1 202948 at
∗FGF2 204422 s at ∗IL1R1 215561 s at
∗∗∗FGF7 1554741 s at ∗IL1R2 205403 at
∗FGF9 239178 at ∗∗IL7R 226218 at
∗∗FGF9 206404 at ∗∗IL10RA 204912 at
∗∗∗FGF13 205110 s at ∗∗FZD1 204451 at
∗HGF 210997 at ∗∗FZD2 210220 at
∗∗∗IGF1 209540 at ∗∗FZD7 203705 s at
∗IGF2 202409 at ∗∗∗FZD7 203706 s at
∗TGFA 205016 at ∗∗FZD10 219764 at
∗∗∗TGFB2 209909 s at
∗PDGFA 205463 s at
∗∗∗PDGFD 219304 s at
∗IL7 206693 at
∗∗∗IL15 205992 s at
∗∗IL16 209828 s at
∗∗IL17D 227401 at
∗∗IL18 206295 at
∗∗WNT2B 206458 s at
∗WNT7A 210248 at
∗∗∗WNT5A 213425 at
∗∗∗VEGFA 210512 s at
∗VEGFA 210513 s at
∗VEGFA 211527 x at

(b)

Cepi ligands CS receptors
Gene symbol Probeset ID Gene symbol Probeset ID
∗∗∗CXCL1 204470 at ∗∗∗∗CXCR4 217028 at
∗∗CXCL3 207850 at ∗∗FGFR2 208228 s at
∗∗∗CXCL9 203915 at ∗FGFR3 204379 s at
∗∗∗CXCL10 204533 at IL12RB1 1552584 at
∗∗∗CXCL11 210163 at ∗∗∗IL1R1 202948 at
∗CXCL12 203666 at ∗∗∗TGFBR2 208944 at
∗CXCL12 209687 at ∗∗∗TGFBR3 204731 at
∗∗CXCL13 205242 at ∗∗∗TGFBR3 226625 at
∗∗CXCL16 223454 at ∗∗∗PDGFRA 203131 at

(b) Continued.

Cepi ligands CS receptors
Gene symbol Probeset ID Gene symbol Probeset ID
CXCL17 226960 at ∗∗PDGFRA 215305 at
∗FGF1 205117 at ∗∗∗MET 203510 at
∗∗∗FGF9 206404 at ∗∗IL1R1 215561 s at
∗∗∗FGF9 239178 at ∗IL1R2 205403 at
∗FGF11 227271 at ∗∗IL7R 226218 at
∗∗∗FGF18 231382 at ∗∗IL10RA 204912 at
∗FGF18 211029 x at ∗IL21R 221658 s at
∗FGF18 206987 x at ∗∗FZD1 204451 at
∗∗FGF18 214284 s at ∗∗FZD2 210220 at
∗∗TGFA 205016 at ∗∗∗FZD7 203705 s at
∗∗TGFB2 209909 s at ∗∗FZD7 203706 s at
∗∗PDGFA 205463 s at ∗∗∗FZD10 219764 at
∗∗∗PDGFD 219304 s at
∗∗∗IGF1 209540 at
∗IL7 206693 at
∗IL1B 39402 at
∗∗∗IL15 205992 s at
∗∗IL18 206295 at
∗∗WNT2 205648 at
∗∗WNT2B 206458 s at
∗∗∗WNT5A 213425 at
∗WNT7A 210248 at
∗∗WNT11 206737 at
∗∗∗VEGFA 210512 s at
∗∗∗VEGFA 210513 s at
∗VEGFA 211527 x at
∗∗VEGFA 212171 x at

Significance of detection calls: ∗𝑃 ≤ 0.05, ∗∗𝑃 ≤ 0.005, and ∗∗∗𝑃 ≤ 0.0005.

ligands andCS receptors. For both comparisons, the observed
number of biologically compatible ligand-receptor pairs was
significantly greater than what is expected by chance (CS
ligands-Cepi receptors 𝑧-score = −4.68, 𝑃 ≤ 0.0002; Cepi
ligands-CS receptors 𝑧-score = −4.35, 𝑃 ≤ 0.0002). Thus,
the observed coexpression of pairs of compatible ligands and
receptors is biologically significant.

3.3. Specific Ligand-Receptor Pairs between Cepi and CS Show
Differential Gene Expression in the Two CS Classes. Of the
24 compatible pairs of ligand- and receptor-encoding genes
listed in Table 4, most display similar expression patterns
between CS

1
and CS

2
. However, 6 of the ligand and receptor

pairs display differential patterns of expression between the
two groups of CS suggesting that CS

2
may be a more

conducivemicroenvironment for tumor growth (Table 5). For
example, the FGF2 ligand, a documented inhibitor of tumor
growth [9], is expressed inNS and inCS

1
but not inCS

2
. Since

a compatible receptor of this inhibitor (FGFR3) is expressed
in Cepi, CS

2
may be amore conducive microenvironment for

tumor growth than CS
1
. The interleukin-7 (IL7) ligand has

been previously implicated as an inducer of tumor growth
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Table 3: The expressed, compatible ligands and receptors as poten-
tial interactions between the Cepi and the CS samples from Tables
2(a) and 2(b).

(a)

CS ligands Probesets Compatible
Cepi receptors Probesets

∗∗∗CXCL12 203666 at ∗∗∗CXCR4 217028 at
∗∗∗CXCL12 209687 at ∗∗∗CXCR4 217028 at
∗FGF1 205117 at ∗∗FGFR2 208228 s at
∗FGF1 205117 at ∗FGFR3 204379 s at
∗FGF2 204422 s at ∗FGFR3 204379 s at
∗∗FGF9 206404 at ∗FGFR3 204379 s at
∗FGF9 239178 at ∗FGFR3 204379 s at
∗HGF 210997 at ∗MET 203510 at
∗PDGFA 205463 s at ∗PDGFRA 1554828 at
∗PDGFA 205463 s at ∗∗∗PDGFRA 203131 at
∗∗∗TGFB2 209909 s at ∗TGFBR2 207334 s at
∗∗∗TGFB2 209909 s at ∗∗∗TGFBR2 208944 at
∗WNT2 205648 at ∗FZD2 210220 at
∗∗WNT2B 206458 s at ∗FZD10 219764 at
∗WNT7A 210248 at ∗FZD7 203705 s at
∗WNT7A 210248 at ∗∗FZD7 203706 s at
∗IL7 206693 at ∗∗IL7R 226218 at

(b)

Cepi ligands Probesets Compatible CS
receptors Probesets

∗CXCL12 203666 at ∗∗∗CXCR4 217028 at
∗CXCL12 209687 at ∗∗∗CXCR4 217028 at
∗FGF1 205117 at ∗∗FGFR2 208228 s at
∗FGF1 205117 at ∗FGFR3 204379 s at
∗FGF9 206404 at ∗FGFR3 204379 s at
FGF9 239178 at ∗FGFR3 204379 s at
∗PDGFA 205463 s at ∗∗∗PDGFRA 203131 at
∗PDGFA 205463 s at ∗PDGFRA 215305 at
∗TGFB2 209909 s at ∗∗∗TGFBR2 208944 at
∗WNT2 205648 at ∗FZD2 210220 at
∗WNT2B 206458 s at ∗∗∗FZD10 219764 at
∗WNT7A 210248 at ∗∗∗FZD7 203705 s at
∗WNT7A 210248 at ∗∗FZD7 203706 s at
∗IL1B 39402 at ∗∗∗IL1R1 202948 at
∗IL1B 39402 at ∗IL1R2 205403 at
∗IL1B 39402 at ∗IL1R1 215561 s at
∗IL7 206693 at ∗IL7R 226218 at
Significance of detection calls: ∗𝑃 ≤ 0.05, ∗∗𝑃 ≤ 0.005, and ∗∗∗𝑃 ≤ 0.0005.

in lymphoblastic leukemia [10], prostate cancer [11], breast
cancer [12], and colorectal cancer [13]. IL7 is expressed in
CS
2
but not in CS

1
, again suggesting that CS

2
may be a more

conducive microenvironment for tumor growth than CS
1
.

Table 4: The unique compatible ligands and receptors as potential
interactions between the Cepi and the CS samples when multiple
probes from Tables 3(a) and 3(b) are combined.

CS ligands Compatible
Cepi receptors Cepi ligands Compatible CS

receptors
∗∗∗CXCL12 ∗∗∗CXCR4 ∗CXCL12 ∗∗∗CXCR4
∗FGF1 ∗∗FGFR2 ∗FGF1 ∗∗FGFR2
∗FGF1 ∗FGFR3 ∗FGF1 ∗FGFR3
∗FGF2 ∗FGFR3 ∗∗FGF9 ∗FGFR3
∗∗FGF9 ∗FGFR3 ∗∗PDGFA ∗∗∗PDGFRA
∗HGF ∗MET ∗∗TGFB2 ∗∗∗TGFBR2
∗PDGFA ∗∗∗PDGFRA ∗∗IL7 ∗IL7R
∗∗∗TGFB2 ∗∗∗TGFBR2 ∗∗IL1B ∗IL1R1
∗IL7 ∗∗IL7R ∗∗IL1B ∗IL1R2
∗WNT2 ∗FZD2 ∗∗WNT2 ∗FZD2
∗∗WNT2B ∗FZD10 ∗∗WNT2B ∗∗∗FZD10
∗WNT7A ∗∗FZD7 ∗∗WNT7A ∗∗∗FZD7
Significance of detection calls: ∗𝑃 ≤ 0.05, ∗∗𝑃 ≤ 0.005, and ∗∗∗𝑃 ≤ 0.0005.

The well-documented cancer-inducing ligands FGF1 and
FGF9 [14–16] are both highly expressed in Cepi. The fact
that the compatible FGFR3 receptor is expressed in CS

2

but not in CS
1
again suggests that CS

2
is a more favorable

microenvironment for ovarian cancer growth than CS
1
.

The WNT family of genes is involved in a variety of
developmental processes, and aberrant expression of various
members of WNT genes has been implicated in cancer [17].
For example, WNT7A is a ligand present in the extracellular
matrix that participates in the sexual development of the
Mullerian ducts [18]. Recent in vivo mouse studies suggest
that WNT7A is an inducer of ovarian cancer growth [19].
Consistent with this interpretation, WNT7A has recently
been identified as a potential early stage biomarker of human
ovarian cancer [20]. The fact that WNT7A is expressed in
CS
2
but not in CS

1
is also consistent with the hypothesis that

CS
2
may be a more conducive microenvironment for ovarian

cancer growth than CS
1
.

A second member of the WNT family, WNT2B, is
expressed in CS

1
but not CS

2
suggesting, contrary to what is

presented above, that CS
1
may be more permissive for cancer

growth. However, the fact that WNT2B has been previously
reported to be expressed in normal ovaries [21] coupled with
our finding that it is also expressed in NS makes interpreting
the significance of the dichotomy in WNT2B expression
between CS

1
and CS

2
ambiguous.

4. Discussion

Cancer progression is a dynamic process involving cellular
adaptation and survival that is, in part, driven by signal-
ing interactions between participating cells. Many signaling
interactions have been documented to take place between
cancer epithelial cells and the surrounding stroma [22]. Early
in tumor development, cancer cells produce growth factors
that are believed to modulate or “activate” the surrounding
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Table 5: The unique compatible ligands and receptors from Table 4
showing the expression pattern in NS, CS1, CS2, and Cepi. The 6
bold signals had the same expression in NS and CS1 but different
expression between CS1 and CS2 despite the fact that their compati-
ble signals in Cepi were always expressed.

NS Ligands CS1 CS2 Receptors Cepi
+ CXCL12 + + CXCR4 +
− FGF1 + + FGFR2 −

− FGF1 + + FGFR3 +
+ FGF2 + − FGFR3 +
+ FGF9 + + FGFR3 +
− HGF + + MET +
+ PDGFA + + PDGFRA +
+ TGFB2 + + TGFBR2 +
− IL7 − + IL7R +
− WNT2 + + FZD2 +
+ WNT2B + − FZD2 +
− WNT7A − + FZD7 +
NS Receptors CS1 CS2 Ligands Cepi
+ CXCR4 + + CXCL12 +
+ FGFR2 + + FGF1 +
− FGFR3 − + FGF1 +
− FGFR3 − + FGF9 +
+ PDGFRA + + PDGFA +
+ TGBFR2 + + TGFB2 +
+ IL1R1 + + IL1B +
− IL1R2 + − IL1B +
+ IL7R + + IL7 +
+ FZD2 + + WNT2 +
+ FZD2 + + WNT2B +
+ FZD7 + + WNT7A +
Expression is denoted with “+” (i.e., there is at least one Affymetrix present
call with detection𝑃 value ≤ 0.05) and nonexpression with “−” (i.e., there are
no Affymetrix present calls in the samples with detection 𝑃 value ≤ 0.05).

stroma in order to convert the stroma into a supportive
microenvironment for cancer growth [2, 14]. For example, it
has been shown that growth factors secreted by macrophages
can contribute to cancer progression and metastasis [23].
Other inflammatory cells such as lymphocytes, neutrophils,
mast cells, T-regulatory cells, and platelets also have been
shown to have the potential to support tumor progression by
negatively regulating the anticancer host immune response
[24–26]. Fibroblasts, the major component of the stroma,
have been shown to be able to participate actively in the
malignant progression of cancer by producing growth factors,
various chemokines, and extra cellular matrix components
that facilitate the production of endothelial cells and pericytes
conducive to tumor growth [14, 27].

The purpose of this study was to investigate the process
of stroma activation within the context of ovarian cancer.
Toward this end, we conducted RNA microarray profiling
of 45 tissue samples using the Affymetrix (U133 Plus2) gene
expression platform. Laser capture microdissection (LCM)
was used to isolate cancer cells from the tumors of 18 ovarian

cancer patients (Cepi). For 7 of these patients, a matched set
of surrounding cancer stroma (CS) was also collected. For
controls, we isolated surface epithelial cells (OSE) from the
normal (noncancerous) ovaries of 12 individuals including
matched sets of samples ofOSE andnormal stroma (NS) from
8 of these patients.

Unsupervised hierarchical clustering of the microarray
data resulted in the expected separation between theOSE and
Cepi samples. Consistent with models of stromal activation,
we also observed significant separation between the NS and
CS samples. Somewhat unexpected, however, was our finding
that the CS samples clustered into two distinct subgroups
(CS
1
and CS

2
).

Based on patterns of coexpression of ligand and receptor
encoding genes, we determined that 6 biologically compatible
pairs of ligands and receptors are differentially expressed
between Cepi and the CS

1
and CS

2
cancer stroma. The

patterns of differential expression between the compatible
ligands and receptors are consistent with the hypothesis
that CS

2
may be a more conducive microenvironment for

tumor growth (Table 5). For example, the expression of
tumor promoting ligands in Cepi is always matched with the
expression of compatible receptors in CS

2
but not in CS

1
.

The fact that certain tumor microenvironments are capa-
ble of inhibiting tumor growth and/or development is well
established. For example, macrophages can act as anticancer
agents within the context of the innate immune response
[28]. Likewise, fibroblasts, in some cellular contexts, have
been shown to revert tumor cells to a normal, noncancerous
phenotype [9, 29]. Normal ovarian stromal cells have been
shown to significantly inhibit ovarian cancer cell growth
when coinjected into nude mice [30].

The apparently innate anticancer properties of normal
stroma are generally considered to be transient giving way
to the “activation” of procancer growth signals induced by
cancer cells as the tumors progress [1]. However, since the
majority of the patients associated with the CS

1
class of

cancer stroma have, like the majority of the cancer patients
included in our study, already progressed to advanced staged
disease (Table 1), it is unlikely that the CS

1
molecular

profile represents a transient condition. Rather, our results
suggest that variability exists among ovarian cancer patients
with respect to the propensity of normal stroma to become
activated.

5. Conclusions

An understanding of the potential clinical significance of
the observed molecular dichotomy between ovarian cancer
stroma is beyond the scope of this present study. However,
it is relevant to note that all of the cancers associated with
the putatively more permissive CS

2
cancer stroma were

classified as grade 3 while those associated with the putatively
more resistant CS

1
cancer stroma were classified as grade

2. The fact that no distinction was apparent between the
molecular profiles of grade 2 and grade 3 Cepi samples
(Figure 1) suggests that cancer grade may, at least in part,
be determined by the relative permissiveness of the tumor
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microenvironment. Molecular profiling of larger numbers of
matched sets of ovarian cancer and stroma samples will be
required to adequately test this hypothesis. Nevertheless, the
current results are consistent with the hypothesis that the
microenvironment plays a significant role in ovarian cancer
development and suggest that functionally significant vari-
ability may exist among ovarian cancer patients in the ability
of the microenvironment to modulate cancer development.
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The psychrophilic enzyme is an interesting subject to study due to its special ability to adapt to extreme temperatures, unlike
typical enzymes. Utilizing computer-aided software, the predicted structure and function of the enzyme lipase AMS8 (LipAMS8)
(isolated from the psychrophilic Pseudomonas sp., obtained from the Antarctic soil) are studied. The enzyme shows significant
sequence similarities with lipases from Pseudomonas sp. MIS38 and Serratia marcescens. These similarities aid in the prediction of
the 3D molecular structure of the enzyme. In this study, 12 ns MD simulation is performed at different temperatures for structural
flexibility and stability analysis. The results show that the enzyme is most stable at 0∘C and 5∘C. In terms of stability and flexibility,
the catalytic domain (N-terminus) maintained its stability more than the noncatalytic domain (C-terminus), but the non-catalytic
domain showed higher flexibility than the catalytic domain. The analysis of the structure and function of LipAMS8 provides new
insights into the structural adaptation of this protein at low temperatures. The information obtained could be a useful tool for low
temperature industrial applications and molecular engineering purposes, in the near future.

1. Introduction

A lipase (also known as triacylglycerol acylhydrolase (E.C
3.1.1.3)) is a serine hydrolase, which acts under aqueous
conditions on the carboxyl ester bond of triacylglycerol to
produce fatty acids and glycerol [1]. Lipases display common
𝛼/𝛽-hydrolase folds that are also present in other hydrolases
[2]. A typical lipase consists of an active site comprised of the
catalytic triad of serine, glutamine/aspartate, and histidine
[3].

Lipases are widely distributed among living organ-
ism, including bacteria, eukarya, and archaea as has been
reported by Jaeger et al. [4]. Recently, lipases produced
by psychrophilic bacteria have been studied because of
their low optimum temperatures and high activities at very
low temperatures. This is reportedly due to the inherent
greater flexibility compared to mesophilic and thermophilic
enzymes. These enzymes are severely impaired by an excess
of rigidity. Additionally, peculiar properties of psychrophilic
enzymes render them particularly useful as valuable tools for
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biotechnological purposes and for investigating the possible
relationships between stability, flexibility, and specific activity
[5, 6].

However, the adaptation of the enzyme at low temper-
atures is not fully understood because there has been little
study on psychrophilic enzymes. Some features discovered
by scientists include reduced numbers of salt bridges, slightly
lower [Arg/(Arg + Lys)] ratios, reduced numbers of nonpolar
residues, and higher numbers of exposed nonpolar residues
[7]. In term of stability, psychrophilic enzymes are mostly
unstable, as has been proven by various demonstrations,
including fluorescence spectroscopy and other techniques.
The enzyme tends to unfold at lower temperatures and calori-
metric enthalpies [8]. Researchers suggest that one feature
of these enzymes is higher numbers of nonpolar residues
on their surfaces, which is responsible for the destabilization
of the water structure surrounding the enzymes. There are
also fewer arginine and proline residues; this may increase
the backbone flexibility. Note that research regarding the
flexibility of the psychrophilic enzymes (using spectroscopic
analysis, dynamic fluorescence quenching, and molecular
dynamics simulations) has supported the idea that increased
flexibility of psychrophilic enzymes contributed to the evolu-
tion of psychrophilic enzymes [9].

The importance of understanding the structural adap-
tations of extremozymes is underscored by their usefulness
in various industrial applications. Until now, only a few
extremophilic organisms, particularly psychrophiles, have
been characterized and used as enzyme sources for indus-
trial processes. Previously, a new strain of psychrophilic
bacteria (designated strain AMS8) from Antarctic soil was
screened for extracellular lipase activity and further analyzed
using a molecular approach. Analysis of 16S rDNA showed
that the strain AMS8 was similar to Pseudomonas sp. A
lipase gene named LipAMS8 was successfully isolated from
strain AMS8 with an open reading frame of 1,431 bp that
encoded a polypeptide consisting of 476 amino acids. This
crude lipase exhibited maximum activity at 20∘C. Additional
genetic studies revealed that LipAMS8 lacked an N-terminal
signal peptide and contained a glycine- and aspartate-rich
nonapeptide sequence at theC-terminus (experimental data).

In this study, the structure and function of lipase isolated
from Pseudomonas sp. strain AMS8 are studied by using
the structure predicted by using appropriate software. The
structural adaptation of the enzyme at low temperatures
is also studied using molecular dynamic simulation (MD
simulation). Because it is a newly isolated enzyme, further
study is needed to provide further understanding and reveal
the potential of this psychrophilic enzyme, which may be
used for the industrial, biotechnological, and fundamental
purposes.

2. Materials and Methods

2.1. Software. The modeling and simulation of the enzyme’s
predicted structure was run on a single PC (Intel (R) Core
RM i5 CPU, 650 @ 3.2GHz Co, 4.0GB RAM) with the
Windows 7 Ultimate operating system. The Yet Another

Scientific Artificial Reality Application (YASARA) software
[10] program was installed on the PC and was used for
the molecular modeling and molecular dynamics (MD)
simulation of the LipAMS8 predicted molecular structure.

2.2. Sequence Alignment of LipAMS8. The amino acid
sequence of the LipAMS8 enzyme obtained from NCBI with
Accession Number of ADM87309 consists of 476 amino
acid residues; a weight of 50 kDa is used for sequence
analysis and modeling. The BLAST [11] program identified
the homologous sequence that has high sequence identity
with the LipAMS8 enzyme. The sequence with the highest
score of sequence identity was chosen based on certain char-
acteristics, including the type of origin and the availability
of the solved 3D structures. Subsequently, multiple sequence
alignment was carried out using the Biology Workbench
[12] open software with the protein sequences of Serratia
marcescens [13] and Pseudomonas sp. MIS38 [14] as both of
these templates fulfilled the criteria needed as mentioned
above.

2.3. Comparative Modeling and Validation. The templates
used for the modeling were the crystal structures of the
lipases obtained from Serratia marcescens [13] and Pseu-
domonas sp. MIS38 [14]. The atomic coordinates for the
lipases Serratia marcescens (PDB ID: 2qua) and Pseudomonas
sp. MIS38 (PDB ID: 2z8x) were obtained from the Protein
Data Bank. The 3D model was generated using the YASARA
[10]. The validation was performed with VERIFY3D [15] (to
evaluate the fitness of the protein sequence in its current
3D structure) and Ramachandran plot [16] (to evaluate the
geometrical aspects of the structure).

2.4. Molecular Dynamics (MD) Simulations at Various Tem-
peratures. AnMDsimulation providedmore information for
detailed microscopic modeling on the molecular scale. The
method follows the constructive approach by mimicking the
behavior of molecules with the use of model systems. More
powerful computers make it possible to study greater com-
plexity with a realistic expectation of obtaining meaningful
and useful information [17].

In this study, the MD simulation was performed in water.
This involved the simulation of predicted model inside a tra-
jectory box filled with 6940 molecules of solvent (including
NaCl and water) and 467 LipAMS8 amino acid residues at
the temperatures of 0∘C, 5∘C, 25∘C, 37∘C, 50∘C, and 100∘C.
The density of water varies with temperature because the
theoretical density of water depends on temperature.

The AMBER03 [18] force field parameter which imple-
mented in the YASARA software was used for MD simula-
tion. In each simulation, the initial model was minimized in
order to reduce the contact area difference (CAD) between
the proteinmodel and the solventmolecule. During themini-
mization, conjugate-descent and steepest-descent algorithms
were employed.

2.5. Simulation Analysis. The enzyme was studied using
240 saved steps for each simulation, which represents up
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to 6 nanoseconds of the production period. The analysis
provides better understanding of the dynamic properties
of the enzyme in water at different temperatures. The root
mean square deviation (RMSd) was computed for the protein
backbone and residues in order to check the stability of the
trajectories. Additionally, the root mean square fluctuation
(RMSf) was computed per residue in order to study the
flexibility of the trajectories. Further analysis was performed
by calculating the radius of gyration (Rgyration) and solvent
accessible surface area (SASA) of the enzyme within the 6
nanoseconds (ns) of production time.

3. Results and Discussion

3.1. Comparative Modeling of LipAMS8

3.1.1. Modeling of LipAMS8. The sequence alignment
searches for suitable templates to construct the 3D structure
of the lipase AMS8 (LipAMS8), using comparative modeling.
In this study, the crystal structures from Pseudomonas sp.
MIS38 lipase and Serratia marcescens LipA (which score 80%
and 69% for sequence identity) were chosen as the templates
for modeling because both have highest scores of sequence
identity when aligned with the LipAMS8 sequence. Both
templates also have solved structures that can be obtained
from the RSCB PDB Data Bank, which is important for
predicting the 3D structure of the enzyme.

Two templates were used in the modeling of LipAMS8
in such a way that a model was formed from each template,
as well as hybrid model which formed based on the best
configuration of protein using the two templates chosen.
However, the Z-score of each model is the most crucial
parameter as the best Z-scores value obtained from each
model obtained will denote for the accuracy and the quality
of the model itself. Subsequently, the hybrid structure which
is expected to be the best model for LipAMS8 is rejected due
to poor Z-scores compared to the one obtained using only
Pseudomonas sp. MIS38 as template.

The model was validated using the Ramachandran plot
(Figure 2). The model had 89.5% of the residues residing in
the most favored allowed region. Although the best scores
are 90.0% and higher, the score obtained is considered to be
acceptable because the model is a prediction model and not
a crystal structure (i.e., the crystal structure is a fully solved
structure compared to the predicted one). In a previous
study, the serine of the catalytic triad, which resides in
the negative/disallowed region of the Ramachandran plot,
was proposed for the active conformation of the enzyme
[19]. However, from this study, the Ser207 of the catalytic
triad of the LipAMS8 resides in the allowed region of
the Ramachandran plot. This suggests that the enzyme is
in the nonactive conformation, which is supported by the
observable lid structure of the enzyme (closed conformation).
Prediction of the active conformation of the enzyme also can
be performed by observing the lid structure.

As compared to the template structure used to model
LipAMS8 as shown in superimposed image in Figures 1(b)
and 1(c), the predicted model of LipAMS8 also displays two
main regions: the catalytic (green) and noncatalytic (blue)

domains, as shown in Figure 1(a).The catalytic domain at the
N-terminal is rich in 𝛼 helices, while the noncatalytic domain
at the C-terminal is dominated by 𝛽-strands. The catalytic
domain also exhibits the presence of an 𝛼/𝛽-hydrolase fold
and catalytic triad, which includes Ser207, His255, and Asp313
residues. The Ser207appears in the pentapeptide of G-X-S-
X-G motifs (where X represents His206 and Leu208) and is
located at the sharp turn between the 𝛽-strand and 𝛼-helix
that resembles the nucleophilic elbow (normally present in
the structural family of 𝛼/𝛽-hydrolases) [20]. This suggests
that the catalytic serine is aided by an oxyanion hole that
stabilizes the negative charge generated during a nucleophilic
attack by Ser O𝛾 [19].

Generally, a lipase can exist in 2 conformational states:
active and inactive. The lid conformation (open or closed)
determines whether the enzyme is in the active or inactive
conformation. The active conformation of the lipase is nec-
essary for catalytic activity [19]. In this study, there is a lid-
like structure that covers the catalytic site on the catalytic
domain, which suggests the inactive conformation of the
enzyme. Previous studies suggested that the active form of
the enzyme has the lid open, allowing for the entrance of
the substrate into the binding site for catalysis [21]. Thus, the
closed conformation of the lid in this study meant that the
nucleophilic Ser207 could not attack the substrate. To open
the lid, a water-oil interface is required so the lid can be
modulated to uncover the catalytic site, providing access to
the catalytic pocket for the substrates [19]. This enhances the
activity of LipAMS8. Lid number 1 of LipAMS8 has high
numbers of hydrophobic residues, including Ala51, Leu53,
Val54, Val57, and Val58. This may allow efficient interaction
between the hydrophobic lid residues with the lipid interface
and contribute to easier lid opening.

From this study, the LipAMS8 consists of RTX motifs
at the noncatalytic domain, suggesting the LipAMS8 is one
of the RTX lipases that belong to the I.3 subfamily. This is
further proven by the absence of cysteine residues [22]. Note
that, the RTX motif is present in a variety of Gram-negative
microorganisms [6]. This motif (comprised of glycine-rich
nonapeptide sequences) is usually located at the carboxy-
terminal portion of an enzyme [22]. In the 3D structure
of LipAMS8, the sequence of RTX motifs constituted the
parallel 𝛽-roll, which the first 6 residues of each motif form
to attach calcium ions (Ca2+).The remaining 3 residues build
short 𝛽-strands, which result in the right-handed helix of
the 𝛽-strand on the noncatalytic domain. The exact function
of the RTX motifs remains obscure. However, they could
be receptor binding domains, enhancers of secretion, and
internal chaperones [6].

In the predicted model of LipAMS8, there are metal ions,
including 6 atoms of Ca2+ and 1 atom of Zn2+. Note that
metal ions are required by a substantial fraction of enzymes to
perform catalytic activity. Metal ions may also contribute to
substrate activation and electrostatic stabilization of enzyme
structure. In this study, Asp128, Asp130, and the ligand interact
in the Zn2+ binding sites.TheZn2+ present in this LipAMS8 is
not located in the catalytic site, so it may not contribute to the
catalytic activity of the enzyme. Alongwith their contribution
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(a) (b) (c)

Figure 1: (a) LipAMS8 predicted 3D structure. The structure is composed of catalytic (green) and noncatalytic (blue) domains. The lid is
colored in (red). (b) and (c) are superimposition of LipAMS8 structure (purple) with 2QUA (silver), and 2Z8X (yellow).
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Figure 2: Ramachandran plot of the LipAMS8 3D structure. The
structure scores 89.5%, meaning that 89.5% of the residues reside in
the most favored region.

to catalytic activity, ions may ensure the local and overall
structural stability, similar to the function of disulfides [23].
To conclude, there are metal ions in the predicted structure
of LipAMS8, which may contribute to the overall structural
stability. However, the enzyme is observed to have few or
no arginines compared to lysines, low proline content, and
a lack of a salt bridge, which reportedly contributes to the
adaptation of psychrophilic enzymes at low temperatures.
Additionally, the enzyme is predicted to have higher flex-
ibility compared to mesophilic or thermophilic enzymes,
allowing psychrophilic enzymes to be active at low energy
costs [7].

3.1.2. Molecular Dynamic (MD) Simulations. MD simulation
was performed to reveal changes in the structure, flexibility,

and dynamics of LipAMS8 when simulated in elevated
temperatures. The conformational sampling was limited to
12 ns. It has been suggested that LipAMS8 is a cold-active
enzyme. Therefore, the structure should denature or unfold
as the temperature increases from to 25∘C to 100∘C because
of the disruption of the intermolecular forces, due to the
increase in kinetic energy at elevated temperatures. However,
in this study, there was no much unfolding of the secondary
structure even when the enzyme is simulated at a higher
temperature.Thismight be due to the limitation of conforma-
tional sampling, which is amaximumof 12 ns.The simulation
time may need to be prolonged in order to see the structural
changes.

3.1.3. Molecular Dynamics Simulation Data Analysis. The
root mean square deviation (RMSd) values of the backbone
atoms in the initial models assess the convergence of the
protein system. In this study, the RMSd values from the min-
imized predicted model structure during MD simulation at
0∘C, 5∘C, 25∘C, 37∘C, 50∘C, and 100∘C are shown in Figure 3.
At 5∘C, the protein remains native-like and equilibrates with
an average of 1.83 Å from the minimized structure. This
indicates the stability of the enzyme at 5∘C. Compared to 5∘C,
RMSd value at 0∘C demonstrated that the 3D structure of
the protein becomes unstable when it reaches 1000 ps. The
RMSd value begins to fluctuate to values higher than 2 Å
and even reached the value of 3.45 Å at 2525 ps. The value
dropped to 1.807 Å at 3675 ps and rose to higher than 2 Å at
4000 ps. The unstable fluctuation of the RMSd is consistent
with the difference in secondary structure elements observed
during the simulation. However, the structural stability is
observed after 5500 ps as the pattern of RMSd fluctuation is
maintained and does not diverge more than 2 Å towards the
end of simulation at 12 ns.

The fluctuation trend for the stability of the enzyme at
25∘C, 37∘C, 50∘C, and 100∘C increased in value throughout
simulation with RMSd values remaining higher than 4.0 Å at
3000 ps for the rest of the simulation period. The unstable
state of this enzyme is supported by experimental data, which
found that the enzyme activity of LipAMS8 was reduced
when the temperature was increased above 25∘C. From the
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Figure 3: LipAMS8 root mean square deviations (RMSd) of the
backbone atoms as functions of time.

study, we deduce that at 25∘C, 37∘C, 50∘C, and 100∘C, the
global 3D structure of the protein loses its native structure in
order to adapt the molecule to changes in temperature and
water density (the solvent). Thus, this result indicates that
changes in the geometry coordinates and unfolding of the
protein result from the reduced stability of the system.

We deduced that the most stable temperatures for
LipAMS8 simulated in water are 0∘C and 5∘C as low temper-
ature promotes less conformational movement maintaining
structural integrity and stability. On the other hand, for
temperatures between 25∘C and 100∘C, the enzyme structure
is unstable and greatly deviates from its initial structure. The
higher deviation of the enzyme structure when simulated in
water at 25∘C to 100∘Cmay be related to the disruption of the
molecular forces, which leads to higher kinetic activities of
themolecules. However, the structural changes of the enzyme
simulated in water are not that critical when compared to the
structural changes that occur when the enzyme is simulated
in an organic solvent [24].

Interestingly, average RMSd scores for 0∘C and 5∘C
was seen to be stable throughout simulation. However, the
stability was only adapted to catalytic domain of enzyme
which is believed to be promoted by the presence of metal
ions such as Zn2+ and Ca2+. In other hands, the unstable state
of this enzyme which is contributed from high flexibility of
the noncatalytic domain at low temperature such as 0∘C and
5∘C however is somehow predictable since the enzyme has to
adjust itself towards the low temperature whereby the kinetic
energy is slowly decrease. If the enzyme does not increase
their flexibility at this point, the structure may become too
rigid and could not compensate for the decrease in catalysis
temperature.

Figure 4 shows the root mean square fluctuations (RMSf)
per residue for LipAMS8 simulated in water at temperatures
from 0∘C to 100∘C. The average RMSf scores per residue
for all temperatures vary from 1.12 Å to 4.1 Å. The highest
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Figure 4: LipAMS8 atoms root mean square fluctuations (RMSf) as
functions of time.

fluctuation score is at 100∘C. This result is equivalent to the
effect of higher temperature on the flexibility of the enzyme.
However, when comparing the flexibility of the enzyme at
0∘C and 5∘C, the RMSf value decreased from 1.43 to 1.12 Å.
The higher flexibility of the enzyme at the lower temperature
may suggest an adaptation of the enzyme to counteract the
“freezing effect” as the temperatures dropped.

At the catalytic site, the RMSf scores do not indicate
higher flexibility of the residues simulated in water at dif-
ferent temperatures. The flexibility is maintained at a value
below the average RMSf score at different temperatures. This
suggests the stability of the catalytic triad is supported by the
figure of RMSd per residue.

Overall, the pattern of fluctuation per residue was similar
to the pattern shown in the figure of RMSd per residue.
Both figures show that higher fluctuation occurs at the
noncatalytic domain. The most consistent fluctuation across
temperatures occurred at residues 393–476, which reside
in the noncatalytic domain whereby the RTX repeats are
present. The flexibility of the domain may occur because of
the presence of high glycine residues, which are known to
introduce flexibility in protein structure because they lack
side chains [25]. The increased flexibility of LipAMS8 (which
originated from the low stability of the noncatalytic domain)
may imply that the noncatalytic domain is the crucial part
of the LipAMS8 molecular structure. This domain may
contribute to high enzyme activity at low temperature.

An examination of the structural flexibility of the lid
structure reveals that lid number 1, comprised of residues
51–58, does not have a higher than average RMSf score at
any temperature. However, lid number 2, which comprised
of residues 148–167, does have fluctuation at residues 148–
153 at most temperatures. This proves the flexibility of the lid
residuewhen simulated inwater at various temperatures.This
result led to the hypothesis that lid number 2 of LipAMS8
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may be able to undergo a conformational transition under
the right conditions, such as the presence of substrates. The
residues 148–153 on lid number 2, which is more flexible, may
acts like a holder that opens up the lid structure to expose the
binding site in interfacial activation. In contrast to lid number
1, lid number 2 is more flexible. Thus, lid number 2 may be
the first lid to open when substrates are present. The water-
oil interface around the opening of first lid is less flexible for
binding the substrate to the catalytic site. Note that the lid
opening is a crucial step in a lipase with lid-like structure.
The flexibility of the residues that reside in the lid structure is
important for determining the motion rate of the lid, which
plays an important role in the adaptation of enzyme function
at low temperatures [7].

The structural flexibility observed on the structure of
LipAMS8, simulated in water at various temperatures, may
lessen if simulated in organic solvent. A previous study
suggests higher rigidity of the enzyme in organic solution
[26]. However, there is no much information available at the
molecular level to accept or reject the proposal. To check
the structural flexibility of the enzyme in both aqueous and
nonaqueous environments, further simulation is needed to
compare the structural basis of the enzyme.

The root mean square fluctuation (RMSf) analysis per
residue and root mean square deviation per residue (RMSd)
of the backbone atoms are used to analyze the atomic fluctua-
tions of the predicted model of LipAMS8. Figure 5 shows the
RMSd per residue at 0∘C, 5∘C, 25∘C, 37∘C, 50∘C, and 100∘C.
The average RMSd for all residues, including the terminal
residue, qualitatively measures the protein flexibility for the
relationship between protein conformational flexibility and
dynamics.

From the data, the RMSd average values of residues are
almost the same between 0∘C and 5∘C. However, at 25∘C,
37∘C, 50∘C, and 100∘C, the RMSd average values increase to
6.29 Å. The pattern of the RMSd average values of residues is
similar to the average values of root mean square fluctuation
(RMSf) at all temperatures.

The deviation of the structural geometry of the enzyme
mainly occurred at the noncatalytic domain. The RMSd
values per residue at residues 412–425 and 436–470 are higher
than the average score of RMSd at each temperature. From
this, the destabilization of the enzyme does not involve the
whole protein as proposed by one study [19]. Instead, the
destabilization of the enzyme may involve a portion of the
enzyme (as observed in this study). Additionally, the data also
rejected the postulate that the destabilization of the enzyme
mostly occurs at the catalytic domain [8]. The destabilization
of the enzymemostly occurs on the noncatalytic domain; this
may be caused by the presence of residues that cause a loss
in stability of the enzyme 3D structure. Interestingly, 𝛽-roll is
proposed tomaintain the stability of Pseudomonas sp.MIS38.
Deletion, alteration, and mutation on this 𝛽-roll which is
formed by the presence of RTXmotifs and Ca2+ would cause
the structural conformation changes and denaturation of the
enzyme. However, we proposed that actually shorter/lesser
number of RTX repeats, less number of metal ions in this
counterpart of Pseudomonas sp. MIS38, may be the reason
why LipAMS8 is able to adapt in extremely cold environment.
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Figure 5: LipAMS8 atoms root mean square deviations (RMSd) per
residue.

Study of the catalytic domain shows that Asp128 and
Asp130, which interact with the Zn2+, have RMSd per residue
values higher than the average scores of RMSd at each tem-
perature. Thus, Asp128 and Asp130 are among those residues
that fluctuate and mobilize the adaptation to temperature.
However, the ratios of fluctuation of Asp128 and Asp130 to
the average scores of the RMSd at each temperature decrease
as the temperature increases. This implies higher interaction
between metals and Asp128 and Asp130 at higher tempera-
tures.This result strongly agrees with a previous study, which
suggested that Zn2+ promotes structural stabilization in an
active conformation of the enzyme at elevated temperatures
[27].This result suggests a higher probability of adaptation of
the enzyme at higher temperatures, especially in the catalytic
domain because Zn2+ stabilizes the enzyme structure.

As depicted from Figure 4, the scores for those residues
that interact with Ca2+ in the catalytic domain are main-
tained.This indicated that themetal contributes to stabilizing
the catalytic domain so that the structure does not deviate
from its initial structure. This result agrees with the function
of Ca2+ in the structural stability of the lipase proposed in
a previous study of the B. glumae lipase [28]. Experimental
data, on the effect of calcium on LipAMS8 activity, also
supported the idea that Ca2+may promote structural stability
of the enzyme.Thus, the enzymatic properties aremaintained
and the catalytic activity is improved to provide a greater
yield. In contrast to the residues that interact with Ca2+at the
catalytic domain, Ca2+ in the noncatalytic domain has higher
values of RMSd and RMSf, which indicates destabilization
and flexibility of the residue. The Ca2+contribution on the
stability of the residue does not agree with the suggestion that
it promotes stability. The scores of RMSd and RMSf of the
residue that interacts with Ca2+ in the noncatalytic domain
may be due to the process of adaptation fromCa2+ so that the
catalytic domain remains stable. This prevents the catalytic
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functions of time.

domain, which is responsible for catalytic activity, from being
unfolded and dysfunction due to changes in the structural
stability and configuration.

The radius of gyration (Rgyration) of the enzyme at
different temperatureswithin the trajectories at 12 ns is shown
in Figure 6. The parameter provides information on the ten-
dency of the protein structures to expand during a dynamic
simulation. At 5∘C, the score of Rgyration is maintained
throughout the simulation compared to the Rgyration score
of the enzyme when simulated at higher and lower temper-
atures. The highest score of radius of gyration of LipAMS8
is at 25∘C; the score increased to 27.128 Å within the 12 ns
of simulation. This is followed by other temperatures’ scores

Table 1: Ramachandran plot scores for LipAMS8 after simulation
for 12 ns at different temperatures.

Temperature 0∘C 5∘C 25∘C 37∘C 50∘C 100∘C
Most favored regions (%) 85.1 83.1 87.2 81.3 84.4 82.1
Additional allowed
regions (%) 13.1 15.9 12.3 17.7 14.9 16.2

Generously allowed
regions (%) 1.5 0.8 0.3 0.3 0.0 1.3

Disallowed regions (%) 0.3 0.3 0.3 0.8 0.8 0.5
Nonglycine and
nonproline residues (%) 100.0 100.0 100.0 100.0 100.0 100.0

Endresidues (excl. Gly
and Pro) 2 2 2 2 2 2

Glycine residues 69 69 69 69 69 69
Proline residues 15 15 15 15 15 15
Total number of residues 476 476 476 476 476 476

except for the score at 5∘C.This indicates the adaptation of the
enzyme structure to prevent loss of the native compactness
of the structure at low temperature. In general, the result
is proportional to the deviation of the enzyme structure,
as indicated in Figure 3. While SASA indicates the transfer
of free energy required to move a protein from aqueous to
nonpolar solvent [29], as exhibited in Figure 7, the SASA
scores at 5∘C and 0∘C show the fluctuation pattern, which
is maintained throughout the 12 ns of simulation. Compared
to 25∘C, the figure increases, which indicates unfolding of
enzyme within the simulation period. The unfolding of
enzyme at this temperature is proportional to the structural
changes of enzyme’s secondary structure. The increase in
SASA score is also observed at the temperatures of 37∘C, 50∘C,
and 100∘C.

From further analysis done, it is observed that the
scores obtained from the Ramachandran plot may be able
to provide insight about the relationship between enzyme
activity and the stability. It is suggested by previous studies
from researchers worldwide that 20∘C to 30∘C is the range for
the optimum temperature of cold-active enzyme. Suggesting
that, in order for the enzyme to perform the catalytic activity
optimally at particular temperature, the enzyme should be
in good conformation whereby the degree of quality of
the enzyme may be judged based on the scores obtained
from the Ramachandran plot. As stated in Table 1, structure
obtained from 25∘C scores for the highest percentage of
Ramachandran plot compared to others indicates the best
geometrical conformation of the enzyme at this temperature.
On the contrary the stability judged from the figure indicates
the instability of enzyme at 25∘C. The contrast result from
Ramachandran plot and average RMSD scores is found
to be the key to explain how the structural stability and
conformation could give impact to the catalytic activity of the
enzyme.

Noting that, in cold-active enzyme the issue on the
enzyme dynamic stability and activity remained as hot issue
to be discussed among cold-active enzyme researchers. As
observed, at 25∘C the enzyme is in a good geometrical
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conformation which may allow for the best activity at this
temperature even though the enzyme is seen to be unstable at
this temperature. From these, we deduce that flexibility of the
enzyme is crucial to allow the catalytic activity of the enzyme.
In contrary to mesophilic and thermophilic counterparts, if
the cold-active enzyme is too rigid or too stable with low
flexibility, the low activation free energy value (Δ𝐺#) may
not be able to be overcome so that the activity cannot be
promoted and thus leads to inability of the enzyme to perform
the catalytic activity.

As observed in all lipases, the common 𝛼/𝛽-hydrolase
fold which is normally seen in lipases structure is also
observable in the structure of both LipAMS8 and T1 lipases
[30]. Both have lid structures that proposed to function
like doors that will open up during interfacial activation.
Noting that both LipAMS8 and T1 differ in terms of their
philicity towards temperature, significance difference in sta-
bility towards certain temperature is observed. LipAMS8,
due to its psychrophilic properties, is suggested to be stable
at 0∘C and 5∘C with optimum temperature for activity
around 25∘C as annotated by the pattern of average C𝛼
atom rootmean square deviation throughout 12 ns simulation
period. Compared to T1 lipase which is stable at 60∘C
with optimum temperature of 70∘C [31], LipAMS8 has the
ability to function at low temperature whereby no other
thermophilic enzyme is able to function. The mechanism of
adaptation for LipAMS8 enables it to withstand andmaintain
the stability of the enzyme even at low temperature. However,
to concise that eventhough LipAMS8 is able to maintain
the stability at low temperature, LipAMS8 also is prone to
cold denaturation due to broken bond and interaction of
molecules. In other hands, T1 lipase which is thermoalka-
lophilic enzyme is more stable at higher temperature due
to the presence of numbers of metal ions such as Zn2+ and
Ca2+ that are proposed to promote stability towards the T1
lipase.

4. Conclusions

The structural and dynamic study of LipAMS8 provides
insights on the structural properties of the enzyme when
simulated in water at various temperatures.This RTX (repeat
in toxin) lipase might be the first psychrophilic lipase studied
in terms of structural stability and flexibility using MD
simulation. The enzyme is in a closed conformation and
inactive as indicated by the presence of closed lids. From
the MD simulation, the LipAMS8 has higher stability at 0∘C
and 5∘C; the catalytic domain exhibits higher stability but
lower flexibility compared to the noncatalytic domain. The
structural change mainly occurs on the noncatalytic domain
of the enzyme, including the unfolding of the secondary
structures.

There has not been much work on the physicochemical
properties of the enzyme. Therefore, further study, including
crystallization of the enzyme, simulation of the enzyme in
organic solvent, and docking, should be performed to provide
information and understanding of the cold adaptation and
structural insights of LipAMS8.
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With a large number of disordered proteins and their important functions discovered, it is highly desired to develop effective
methods to computationally predict protein disordered regions. In this study, based on Random Forest (RF), Maximum Relevancy
Minimum Redundancy (mRMR), and Incremental Feature Selection (IFS), we developed a new method to predict disordered
regions in proteins. The mRMR criterion was used to rank the importance of all candidate features. Finally, top 128 features were
selected from the ranked feature list to build the optimal model, including 92 Position Specific ScoringMatrix (PSSM) conservation
score features and 36 secondary structure features. As a result, Matthews correlation coefficient (MCC) of 0.3895 was achieved on
the training set by 10-fold cross-validation. On the basis of predicting results for each query sequence by using the method, we
used the scanning and modification strategy to improve the performance. The accuracy (ACC) and MCC were increased by 4%
and almost 0.2%, respectively, compared with other three popular predictors: DISOPRED, DISOclust, and OnD-CRF.The selected
features may shed some light on the understanding of the formation mechanism of disordered structures, providing guidelines for
experimental validation.

1. Introduction

The protein structure-function paradigm has been believed
as a dogma in the 20th century. However, the discovery of
intrinsically disordered proteins, which have regions devoid
of stable secondary structures or have a large number of
conformations [1], challenges the traditional view and calls
for reassessment of the paradigm.

Eukaryotic proteins apparently havemore intrinsic disor-
dered regions than those of bacteria or archaea [2], suggesting
also more important functions such as being involved in
signaling and regulation of gene expression [3]. Lack of

intrinsic structures could render protein additional func-
tions, including binding to different targets [4], transcrip-
tional regulation, translational regulation, and cellular signal
transduction regulation [5].

Although there is a growing amount of disordered
proteins discovered or shown to have disordered regions
under physiological conditions [6], most of themwere poorly
detected by experimental approaches [2, 4, 5, 7–9]. Firstly,
such experimental methods are often time consuming and
expensive. Furthermore, it is believed, in X-ray crystallog-
raphy, that regions missing electron density were related to
disorder in many protein structures [6]. However, without
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additional experiments, it is not sure whether a low electron-
density region is intrinsically disordered or is a wobbly
domain, or just the result of technical difficulties [2]. NMR
spectroscopy, one of the most readily suited techniques
for detecting disordered proteins in solution, could also
underrepresent a native molten globular domain, which is
one of the types of disordered regions [2].

Generally speaking, intrinsically disordered proteins
have a biased amino acid composition. Weathers and col-
leagues reported that amino acid composition was sufficient
to be used to accurately recognize disorder [10]. Several
algorithms for predicting intrinsically disordered proteins
have been developed, such as DISOPRED [11], DISOclust
[12], and OnD-CRF [13]. DISOPRED is a web service,
which is trained on high resolution X-ray crystal structures
and identifies disorder when the electron density map of a
residue misses coordinates. It is initially generated sequence
profile by a PSI BLAST [14] searching. After being trained
using a support vector algorithm, the classifier can output a
probability estimate. However, a limitation of this algorithm
is that coordinatesmissingmay be caused by the artifact of the
crystallization process rather than disorder. DISOclust, based
on analysis of three-dimensional structure models, identifies
disorder when residues change or are consistently missing.
OnD-CRF is a method for predicting the transition between
structured and disordered regions. The approach uses condi-
tional random fields relying on features derived from amino
acid sequences and secondary structure prediction results.

In the present study, we developed a new strategy for ana-
lyzing and predicting protein disordered regions by means
of Random Forest (RF), Maximum Relevancy Minimum
Redundancy (mRMR), Incremental Feature Selection (IFS),
and a scanning and modification strategy. Optimal feature
set was selected from candidate features, containing Position
Specific Scoring Matrix (PSSM) conservation score features
and secondary structure features. Our method outperformed
other three existing disorder predictors achieving the highest
ACC and MCC values.

2. Materials and Methods

2.1. Benchmark Dataset. In this study, disordered proteins
were downloaded from the Database of Protein Disorder
(DisProt) (version 4.9) [8], which is constructed based on
literature description, providing structured and functional
information for intrinsically disordered proteins. Ordered
proteins were collected from DisProt database and PDB-
Select-25 (the October 2008 version) [15]. PDB-Select-25
is a representative subset of the Protein Data Bank (PDB),
containing protein families less than 25% sequence identity
[16]. Data was preprocessed according to the following
criteria. (i) Only disordered protein chains having more than
50 residues and only proteins with low resolution (≥2 Å) were
retained. (ii) Only chains having no missing backbones or
side chain coordinates were retained. Finally, 960 protein
chains containing 293,780 residues were obtained, in which
55,637 residues were in disordered regions. All protein chains
were divided randomly into training set and test set.

A 21-residue sliding window approach was employed
along each of the protein sequence, containing the center
ordered or disordered residue and 10 residues upstream
and downstream of the center residue. Since the dataset
used in this study was an unbalanced dataset with much
more ordered samples than disordered ones, for the training
set, we randomly selected the equal number of ordered
samples tomatch the disordered ones. Finally, 43,903 ordered
samples and 43,903 disordered samples from 753 proteins
were obtained in the training set, which can be found
in Online Supporting Information S1 available online at
http://dx.doi.org/10.1155/2013/414327. The test set contained
54,582 ordered samples and 11,734 disordered samples from
192 proteins, which were given in Online Supporting Infor-
mation S2.

2.2. Feature Extraction

2.2.1. Feature of PSSM Conservation Scores. Evolutionary
conservation is considered important in biological sequence
analysis. Amore conserved residue within a protein sequence
indicates that it is under stronger selective pressure and hence
more important for the protein function. Mutations on such
residues may cause significant changes of the protein. In view
of this, we used conservation scores to encode peptides.

Herein, the Position Specific Iterative BLAST (PSI
BLAST) was employed to measure the conservation status
for a specific residue. For each residue, a 20-dimensional
vector was calculated to denote the conservation probabilities
of mutations to 20 basic amino acids. For a given protein
sequence, a Position Specific ScoringMatrix (PSSM [17]) was
obtained, which was constructed by all vectors of all residues
in the sequence.

2.2.2. Feature of Secondary Structures. Intrinsically disor-
dered proteins are devoid of well-defined tertiary structures
under physiological conditions; however, generally speaking,
they often display signs of local secondary structures [18,
19]. After statistical analysis of complex of 24 intrinsically
disordered proteins, Fuxreiter et al. [20] found that some
regions in disordered proteins had strong preference for
helical structures. Therefore, in this study, each amino acid
was encoded as three types of secondary structures: helix,
strand, or coil, as predicted by SSPro [21]. Helix, strand, and
coil are the threemajor kinds of protein secondary structures.
Helix is the protein region with spiral conformation. Strand
is a protein structural unit of twisted, pleated sheet. The coil
region is the region that does not belong to helix or strand.
SSPro predicts the protein secondary structures based onPSI-
BLAST profiles with an ensemble neural network model [21].

Thus, each 21-residue peptide was encoded into a vector
containing (20+3)×21 = 483 features.The features are named
with following rules: first, the amino acid position (“AA” with
position), then, feature types (“PSSM” and “SS”), and last,
detail information. For PSSM features, it is the amino acid
type. For secondary structure (SS) features, it is the secondary
structure code. In secondary structure code, H, E, and C
strand for helix, strand, and coil, respectively.
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2.3.MaximumRelevancyMinimumRedundancy (mRMR). A
classification model containing more features may not have
more discriminating power. Additional features may have
detrimental effects on the classification such as slowing down
the learning process and causing overfitting the training data.
It is believed that feature selection is an effective way of
reducing the dimension of the feature space to improve the
prediction performance.

The Maximum Relevancy Minimum Redundancy
(mRMR) method was used in this study to select an optimal
feature subset. The mRMR was originally developed by Peng
et al. [22] to deal with the microarray data processing. If a
feature had better tradeoff between maximum relevance to
the target and minimum redundancy among other features,
it was deemed as a better feature and would be ranked first
(with a smaller index) in the final ordered list. The algorithm
is described briefly below.

To determine the relevance properties of the feature
space, the mutual information (MI), denoted as 𝐼, is defined
as

𝐼 (𝑥, 𝑦) = ∬ 𝑃 (𝑥, 𝑦) log
𝑃 (𝑥, 𝑦)

𝑃 (𝑥) 𝑃 (𝑦)
𝑑𝑥 𝑑𝑦, (1)

where 𝑥 and 𝑦 are two random variables. 𝑃(𝑥, y) is the
joint probabilistic density function of 𝑥 and 𝑦. 𝑃(𝑥) and
𝑃(𝑦) are the margin probabilistic density functions of 𝑥
and 𝑦, respectively. To calculate MI, the joint probabilistic
density function 𝑃(𝑥, 𝑦) and the margin probabilistic density
functions 𝑃(𝑥) and 𝑃(𝑦) should be given in advance.

Suppose𝐺 denotes the entire feature space; we aim to find
a subset 𝑆 of the features to satisfy both maximum relevance
and minimum redundancy.

Based on MI, the following mRMR function is con-
structed:

max
𝑓
𝑗
∈Ω
𝑡

[

[

𝐼 (𝑓
𝑗
, 𝑐) −

1

𝑚
∑
𝑓
𝑖
∈Ω
𝑠

𝐼 (𝑓
𝑗,
𝑓
𝑖
)]

]

(𝑗 = 1, 2, . . . , 𝑛) , (2)

where Ω
𝑠
is the already selected feature set and Ω

𝑡
is the to-

be-selected feature set, and 𝑚 and 𝑛 are the sizes of these two
feature sets, respectively. The higher the ordered rank is, the
more important the feature is.

A parameter is introduced here to deal with the continu-
ous variables. In our study, 𝑡 was assigned to be 1. Finally, an
ordered feature list was obtained in which better features had
smaller indexes.

The mRMR software could be obtained from http://
penglab.janelia.org/proj/mRMR/.

2.4. The Random Forest (RF) Method. The Random Forest
(RF) algorithm, firstly introduced by Svetnik [23] in 2003, is a
combining ensemble tree-structured classifier.The individual
decision tree in the forest depends on a random vector and
has independent identically distribution.The Random Forest
has been widely used in various fields such as economics and
medical and text categorization. It has been also successfully
employed in biological prediction problems [24–26] and even
can efficiently handle large-scale dataset.

In our research,we use theRandomForest (RF) algorithm
to construct a prediction model to predict whether an amino
acid is in disordered region or not. The method is briefly
introduced as follows.

Firstly, 10 decision trees are grown according to the
following criteria.

(a) Suppose the number of cases in the training data is𝑀;
sample 𝑀 cases randomly with replacement from the
original data to keep the size of the original data not
changing.

(b) When dealing with each note, 𝑛 predictors are
selected randomly in terms of 𝑁 features (where 𝑛 ≪
𝑁). The split on the 𝑛 predictors is also implemented
to split the corresponding note. The m value is set to
constant.

(c) Each tree is grown as large as possible and unneces-
sarily pruned. Then each tree gives the queried input
a classification. Finally, the forest will choose the one
that has the most votes among the trees.

In this study, the Random Forest classifier in Weka was
employed with default parameters. The WEKA program
is available at http://www.cs.waikato.ac.nz/ml/weka/index
downloading.html.

2.5. The Cross-Validation Method. In the literature, cross-
validation methods are used to evaluate the stability of a
predictor. The independent dataset test, subsampling (𝑘-
fold cross-validation), and jackknife analysis are the three
methods generally used [27]. For a given benchmark dataset,
the jackknife test generates a unique outcome and is deemed
as the most objective one compared to other two methods,
as elucidated in [28, 29] and demonstrated by [30, equations
(28)–(32)] in. However, to reduce the computational time,
in this study, 10-fold cross-validation test was used instead
of jackknife test. During the 10-fold cross-validation, the
whole dataset is divided into 10 equal parts. Each part is in
turn used as test set and the remaining 9 parts as training
set. We introduced prediction accuracy (ACC), specificity
(SP), sensitivity (SN), and Matthews correlation coefficient
(MCC) to evaluate the performance of the predictor, which
are calculated as follows:

ACC =
TP + TN

TP + TN + FP + FN
,

SN =
TP

TP + FN
,

SP =
TN

TN + FP
,

MCC

=
TP × TN − FP × FN

√(TP + FN) × (TN + FP) × (TP + FP) × (TN + FN)
,

(3)

where TP, TN, FP, and FN stand for the number of true
positive, true negative, and false positive, false negative
samples, respectively.
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2.6. Incremental Feature Selection (IFS). The incremental
feature selection (IFS) [31–33] procedure was used to find an
optimal subset from the mRMR feature list generated above.
Suppose the total number of the features is 𝑁; we can obtain
𝑁 feature subsets which are initiated from a subset containing
one feature and generated by adding them one by one from
the mRMR feature list.

The 𝑖th subset is denoted by

𝑆
𝑖
= {𝑓
1
, 𝑓
2
, . . . , 𝑓

𝑖
} (1 ≤ 𝑖 ≤ 𝑁) . (4)

Based on the 𝑁 feature subsets, 𝑁 Random Forest
predictors were constructed with 10-fold cross-validation
evaluating its performance. Then the IFS curve of MCC to
the feature subset index 𝑖was plotted, in which the peak point
was noted as ℎ. Finally an optimal feature subset was obtained
with which the corresponding predictor yields the bestMCC.

3. Results and Discussion

3.1. Feature Reduction. We calculated the Cramer’s 𝑉 coef-
ficient [34, 35] between features and targets. The Cramer’s
𝑉 coefficient is a statistical measurement derived from the
Pearson chi-square test [36]. It ranges from 0 to 1 with smaller
value indicatingweaker association. FeatureswithCramer’s𝑉
coefficient less than 0.1 were removed. After this procedure,
175 features remained containing 112 PSSM conservation
features and 63 secondary structure features, which can be
found in Online Supporting Information S3.

3.2.ThemRMRResult. Two kinds of outcomeswere obtained
after executing the mRMR program. One was called “MaxRel
feature list” that ranked the features according to the rele-
vance to the target; the other was named “mRMR feature list”
that ranked the features based on the criteria of maximum
relevance and minimum redundancy. In our research, only
the “mRMR feature list” was used to select optimal feature
subset in the IFS procedure. It was listed inOnline Supporting
Information S4.

3.3. IFS and Optimal Feature Subset. 175 predictors were
constructed based on the 175 feature subsets in the IFS
procedure. Prediction results of the predictors were listed in
Online Supporting Information S5 and the IFS curve was
plotted in Figure 1 in which the MCC reached the topmost
0.3895 with 128 features on the training set. Thus, the top 128
features were considered as the optimal feature subset and
were used to construct the final predictor. The 128 features
were given in Online Supporting Information S6. The MCC
of the predictor on independent test set was 0.2791.

3.4. Feature Analysis. The distribution of the feature types in
the final optimal feature set was shown in Figure 2. In the
128 optimal features, 92 were from PSSM conservation scores
and 36 from secondary structure features (Figure 2(a)). The
two types of features contributed to the prediction. It can be
seen from the site-specific distribution of the optimal feature
set (Figure 2(b)) that features at sites 8–14 played important
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Figure 1: The IFS curve showing the Matthews correlation coeffi-
cient (MCC) against the number of features. The details were given
in Online Supporting Information S5. With the top 128 features,
the MCC on training set by 10-fold cross-validation takes the peak
0.3895.

roles. In addition, features at sites 1-2, sites 5-6, and sites 15–17,
19, and 21 also had considerable impacts on the prediction of
disordered protein.

3.5. PSSM Conservation Score Feature Analysis. As men-
tioned above, among the 128 optimal features, 92 belonged
to the PSSM conservation scores, accounting for the most.
Mutations to 20 different amino acids could have different
impacts in determining the disordered regions. It can be
clearly seen from Figure 3(a) that only 8 out of 20 amino acid
mutationswere affected. In this regard, the amino acid P (Pro-
line) or S (Serine) could impact most, successively followed
by K (Lysine), Q (Glutamine), and so forth. Interestingly,
it has been reported that Q was overrepresented in protein
interaction domains [37]. It was recently reported that the
Ure2p prion and other Q/N-rich yeast prion proteins, which
were completely disordered, were driven to format amyloid
primarily by intermolecular interactions [38]. Meanwhile,
as shown in Figure 3(b), for the 21-length peptides, PSSM
conservation scores at sites 8–15 played the most important
role. Furthermore, 6 out of the top 10 features in the optimal
feature list were PSSM conservation features. The first one
was the conservation feature against residue K (Lys) at site 6
(index 2, “AA6 PSSM-12-K”). The other 5 were conservation
features against residues E, P, and K at sites 7, 1, and 8,
respectively (index 5, “AA7 PSSM-7-E”, index 6, and index 7,
“AA1 PSSM-15-P” and “AA8 PSSM-12-K”) and conservation
features against residue E, D at site 21 and site 15 (index 6 and
index 7, “AA21 PSSM-7-E” and “AA15 PSSM-4-D”).

3.6. Secondary Structure Feature Analysis. The feature sub-
types and site-specific distributions of the secondary struc-
ture features in the optimal feature set were plotted in
Figure 4. From Figure 4, it can be seen that features of “coil”
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Figure 2:The distribution of feature types and amino acid sites in optimal feature subset. The histograms show the number of each type and
each site of features in optimal feature subset. In (a), there are 92 PSSM features and 36 secondary structure features. (b) provides the site
distributions of the features in the optimal feature set.
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Figure 3: The distribution of amino acid compositions and sites on PSSM conservation feature. The histograms reveal the types and site
distributions of PSSM features in the optimal feature set. (a) indicates the effects on prediction of mutations to 20 different amino acids. (b)
provides the site distributions of the PSSM features in the optimal feature set.
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and site distributions of secondary structure features in the final optimal feature set. (a) indicates the effects on prediction of three different
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and “strand” did affect the disorder (Figure 4(a)). And the
“coil” feature was affected the most, followed by the “strand”
feature. The secondary structure features at 15 out of 21
sites had relatively more impact than the left 5 (Figure 4(b)).
Intrinsically disordered and aggregation-prone domains exist
within the very diverse set of human extracellularmatrix pro-
tein [39]. Recently Evans reported that the aragonite extra-
cellular matrix proteins (AECMPs) had evolved signature
molecular traits of intrinsically disordered and aggregation-
prone “interactive” sequences that enabled matrix assembly
[40]. It was also reported that cyclization of the skeletal
DHPR II-III loop affected the secondary structures and the
dynamic properties of the helical A/B region as well as the
critical C region.These structural effects were correlated with
a change in vitro activation profile of the RyR1 and with
an interaction with DHPR II-III loop 𝛼-helical recognition
sites in the SPRY2 domain of RyR1 [41]. So it is believed the
sequence location and number of intrinsically disordered and
secondary motifs may be important for aggregation, protein
orientation, and assembly stability andmay also play a role in
the recognition and interaction between proteins with other
specific component(s).

3.7. Scan the Entire Protein Sequence to Refine the Disordered
Region Prediction. Theprediction result of the predictor con-
structed based on the 128 optimal features on the independent
test was shown in Online Supporting Information S7. The
third column, predicted, was the prediction result where “1”
indicated the residue was in ordered regionwhile “2” denoted
the residue was in disordered region. It can be seen that

many ordered (1) sites were wrong predicted as disordered
(2), resulting in short disordered segments (2) being inserted
in an ordered segment (1), and vice versa. Therefore, we
used a scanning method to refine the prediction results
according to the following criteria [42]. (i) Any predicted
disordered sites (2) were refined to ordered (1) if there were
more than 4 continuous “1s” upstream of the site but less
than 4 continuous “2s” downstream of it. (ii) Any predicted
ordered sites (1) were changed to disordered (2) if there
were more than 4 continuous “2s” upstream of the site
but less than 3 continuous “1s” downstream of it. After the
refinement procedure, the performance improved much as
shown in Table 1. The scanning results can be found in the
last column, scanning, also can be found inOnline Supporting
Information S7.

3.8. Comparison with the Existing Methods. Our method was
compared with three other existing methods, DISOPRED,
DISOclust, and OnD-CRF. The DISOPRED server allows
users to submit a protein sequence and returns a probability
estimate of being disordered of each residue in the sequence
[11]. In the prediction results by DISOPRED, disordered
residues were marked with asterisks (∗) and ordered residues
were marked with dots (⋅). The prediction results by DISO-
clust were formulated by a series of “D” and “O,” denoting
the residues being in disordered region and ordered region,
respectively. The predicting result by Ond-CRF only delivers
users the information of disordered regions. As a result, our
method outperformed the other three existing methods. As
shown in Table 1, the ACC and MCC were improved to
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Table 1: The evaluation of prediction result on independent test set by different methods.

Method Accuracy
(ACC)

Matthews correlation coefficient
(MCC)

Sensitivity
(SN)

Specificity
(SP)

Before scanning 0.7028 0.2791 0.7189 0.6281
After scanning 0.7508 0.3304 0.7806 0.6118
DISOPRED 0.7173 0.3285 0.7239 0.6864
DISOclust 0.6650 0.3105 0.6453 0.7570
OnD-CRF 0.6562 0.3228 0.6265 0.7941

a certain extent, at least 4% increase on ACC and almost
0.2% increase on MCC. It is suggested that our method is
pretty more effective than other methods on prediction of
intrinsically disordered protein region.

3.9. Useful Insights for Guiding Experiments or Being Vali-
dated by Experiments. About 50% of human proteins were
previously predicted to contain at least one larger disordered
region, and it was shown that the main reason for the
existence of such regions was to harbor binding sites [43]. In
this study, the selected features at different sites could provide
insights for researchers to find or validate new disordered
protein or disordered regions, as can be seen from the
following two aspects. (i) PSSM feature: it was found from
the results that the PSSM conservation score that mutates to
amino acid P or S had the most impact. Besides, mutations
to amino acids K, Q, and E also had more impacts than
others. However mutations to other 12 amino acids were
affected little. For example, phosphorylation of Ser66 in
the intrinsically disordered N-terminal region of AtREM1.3
weakened the interaction strength with importin 𝛼 proteins,
indicating a regulatory domain in the N-terminal region
stabilizing the interactions [44]. (ii) Secondary structure
feature: it was found in our optimal feature set that the second
structure feature at site 11 had the ranking index 1, implying
the most important role to the prediction. Interestingly, it has
been reported that disorder regions often correlated domain
boundaries where usually harbor some coil structures [45].
Accordingly, other features in the optimal feature set are
certainly worth being further investigated by future experi-
ments.

4. Conclusion

The plasticity of disordered regions provides interaction
capacity. In this study, we investigated important features
for predicting disordered protein regions. As a result, the
PSSM conservation scores and the second structures are two
types of important features, which play key important roles in
determining disordered regions. Among these, only 8 amino
acids play major roles. The coil and strand structures also
affected the prediction.These may provide additional insight
into disordered proteins.
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and Z. Obradović, “Intrinsic disorder and protein function,”
Biochemistry, vol. 41, no. 21, pp. 6573–6582, 2002.

[8] M. Sickmeier, J. A. Hamilton, T. LeGall et al., “DisProt: the
database of disordered proteins,”Nucleic Acids Research, vol. 35,
supplement 1, pp. D786–D793, 2007.

[9] D. Eliezer, “Biophysical characterization of intrinsically disor-
dered proteins,” Current Opinion in Structural Biology, vol. 19,
no. 1, pp. 23–30, 2009.

[10] E. A. Weathers, M. E. Paulaitis, T. B. Woolf, and J. H. Hoh,
“Reduced amino acid alphabet is sufficient to accurately recog-
nize intrinsically disordered protein,” FEBS Letters, vol. 576, no.
3, pp. 348–352, 2004.

[11] J. J. Ward, L. J. McGuffin, K. Bryson, B. F. Buxton, and D. T.
Jones, “The DISOPRED server for the prediction of protein
disorder,” Bioinformatics, vol. 20, no. 13, pp. 2138–2139, 2004.

[12] L. J.Mcguffin, “Intrinsic disorder prediction from the analysis of
multiple protein fold recognition models,” Bioinformatics, vol.
24, no. 16, pp. 1798–1804, 2008.

[13] L. Wang and U. H. Sauer, “OnD-CRF: predicting order and
disorder in proteins conditional random fields,” Bioinformatics,
vol. 24, no. 11, pp. 1401–1402, 2008.



8 BioMed Research International

[14] S. F. Altschul, T. L. Madden, A. A. Schäffer et al., “Gapped
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Colorectal cancer is generally categorized into the following four stages according to its development or serious degree: Dukes A, B,
C, andD. Since different stage of colorectal cancer actually corresponds to different activated region of the network, the transition of
different network statesmay reflect its pathological changes. In view of this, we compared the gene expressions among the colorectal
cancer patients in the aforementioned four stages and obtained the early and late stage biomarkers, respectively. Subsequently, the
two kinds of biomarkers were both mapped onto the protein interaction network. If an early biomarker and a late biomarker were
close in the network and also if their expression levels were correlated in the Dukes B and C patients, then a signal propagation path
from the early stage biomarker to the late one was identified. Many transition genes in the signal propagation paths were involved
with the signal transduction, cell communication, and cellular process regulation. Some transition hubs were known as colorectal
cancer genes. The findings reported here may provide useful insights for revealing the mechanism of colorectal cancer progression
at the cellular systems biology level.

1. Background

Cancer is a complex system disease [1]. The complexity
reflects in many ways. First, it is a network disease that
involves the changes of many genes and these genes are
connected in a certain way. Second, the disease network is
evolving all the time during the progression. Some efforts
have been made to understand such dynamic network [2–6].

As the thirdmost common cancerworldwide [7], colorec-
tal cancer develops via a progressive accumulation of genetic
mutations and pathway dysfunctions [6]. It has the following
four stages from early to late [8]: Dukes A, B, C, and D. In the
stage of Dukes A, the cancer is only limited to the innermost
layer. In Dukes B stage, the cancer has grown through the
muscle layer. In Dukes C stage, the cancer has spread to the
lymph nodes nearby. In Dukes D stage, the cancer is widely
spread. The stage of Dukes D is the most advanced stage of

colorectal cancer. Understanding the underlying molecular
mechanisms of the pathological changes in colorectal cancer
progression will facilitate the development of therapeutic
treatments.

In the study of prion disease, it was found that during
different stages of the disease, different regions of the network
were activated and they formed a clear disease aggravation
pattern on the network [2]. However, it is still not clear how
one activated region is connected with another and how they
can transit into one another.

To investigate the transition processes of different net-
work states, we analyzed the gene expression profiles of
290 colorectal cancer patients, who were at different stages
of Dukes A, B, C, and D. Using the Maximum Relevance
and Minimum Redundancy (mRMR) [9] and Incremental
Feature Selection (IFS) methods [10, 11] to compare the gene
expressions among the patients of Dukes A, B, C, and D
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stages, we obtained 158 early stage biomarkers and 284 late
stage biomarkers, respectively. Subsequently, the early stage
biomarkers and the late stage biomarkers were mapped onto
the protein interaction network. If the early stage biomarker
and the late stage biomarker were close to each other in the
network, and also their expression levels were correlated with
the patients of the Dukes B and C stages, then we assume
that a signal propagation path may exist from the early stage
biomarker to the late stage biomarker. Thus, by screening all
the possible signal propagation paths from the early stage
biomarkers to the late stage biomarkers, we have identified
632 signal propagation paths that contained 473 transition
genes.

According to the Gene Ontology (GO) [12] enrichment
analysis, many of the transition genes that transmitted the
disease signal from the early stage biomarkers to the late
stage biomarkers were involved into the signal transduction,
cell communication, and cellular process regulation. Some
transition hub genes were known colorectal cancer genes.
They helped the transduction of the disease signal and the
aggravation of colorectal cancer.

One signal propagation path from early stage biomarker
MAVS to late stage biomarker GFPT1 was shown as an exam-
ple. MAVS is an important immune protein and signaling
protein in mitochondria [13–15] and GFPT1 is a rate-limiting
enzyme of metabolism [16, 17]. It was suggested through
our signal propagation analysis that MAVS responded to
colorectal cancer in the early stage and then transmitted
the disease signal to GFPT1 whose dysfunction further
accelerated the colorectal cancer patients into late stage. This
kind of in-depth analysis on the signal propagation path may
provide useful insights into, or enrich, the understanding of
the mechanism of colorectal cancer at the cellular or system
biology level.

2. Methods

2.1. Benchmark Dataset. We downloaded the expression pro-
files of 19,621 genes in 290 colorectal cancer patients [18] from
Gene Expression Omnibus (GEO) under accession number
GSE14333. Of the 290 colorectal cancer patients, 44 were
Dukes stage A, 94 Dukes stage B, 91 Dukes stage C, and 61
Dukes stageD. FromDukesA stage toDukesD, the colorectal
cancer gets more and more severe.

The protein interaction network we used was STRING
v9.0 (http://string-db.org/) [19]. Each protein interaction in
STRING has a confidence score, varying from 0.150 to 1. The
confidence score is calculated by integrating the functional
associations from genomic context, experiments, conserved
coexpression, and previous knowledgewith Bayesianmethod
[19]. Suppose the interaction confidence score is denoted by
Iscore, it follows according to the original definition

Irank =

{{{{
{{{{
{

low confidence, if 𝐼score > 0.150
mediam confidence, if 𝐼score > 0.400
high confidence, if 𝐼score > 0.700
highest confidence, if 𝐼score > 0.900,

(1)

where Irank represents the rank of protein interaction.

Cancer progression

A B C D

Early stage
biomarkers Late stage

biomarkers
Signal propagation

Figure 1: The diagram of signal propagation analysis during cancer
progression. The blue arrow represents cancer progression. The
colorectal cancer has four stages: Dukes A, B, C, and D. From A to
D, the cancer gets worse and worse. Yellow nodes and grey nodes
represent the biomarkers in the early and late stage, respectively.The
goal of signal propagation analysis is to understand the transition
from early stage biomarkers to late stage biomarkers by analyzing
the signal propagation in the protein interaction network.

2.2.TheDiagramof Signal PropagationAnalysis duringCancer
Progression. In studying or analyzing complex biological
systems, it is quite helpful to introduce graphs or diagrams
since they can provide an overall view or intuitive insights
for the systems investigated, as demonstrated by a series of
studies on various important biological topics (see, e.g., [20–
29]). In this study, we first constructed a graph G with the
PPI data from STRING. In the graph, an edge was assigned
for each pair of proteins if they were in interaction with each
other. There were 1375295 interaction edges among 15240
proteins. The “intimate degree” between two interacting
proteins was defined by

Iintimate = 1000 × (1 − Iscore) , (2)

where Iscore is the confidence score between two proteins
concerned [19]. Thus, the higher the interaction confidence
score between two proteins is, the closer their “interactive
distance,” and hence more intimate between them.

Shown in Figure 1 is an illustration for analyzing the sig-
nal propagation during the cancer progression.The colorectal
cancer has four stages: Dukes A, B, C, and D. From Dukes
A to Dukes D, the cancer gets worse and worse. The blue
arrow represents the cancer progression. Below, we are to
identify the biomarkers in the early stage (yellow nodes) and
biomarkers in the late stage (grey nodes). Subsequently, we
try to understand the transition from early stage biomarkers
to late stage biomarkers by analyzing the signal propagation
in the protein interaction network. This kind of analysis may
provide useful insights for us to in-depth understand how the
signal is propagated through the network.

2.3. Identification of Biomarkers in the Early and Late Stage.
The following methods were used to identify the genes
between different Dukes stages. First, the Maximum Rel-
evance and Minimum Redundancy (mRMR) [9] method
was applied to select the genes that has both maximum
relevance with the cancer stages and minimum redundancy
to each other. The mRMR program was downloaded from
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http://penglab.janelia.org/proj/mRMR/. Second, the mRMR
ranked genes were optimized with the Incremental Feature
Selection (IFS) method [8, 30–35]. During the IFS operation,
the accuracies of all possible top gene sets were calculated
and the gene set that had the highest prediction accuracy was
chosen as the optimal gene set, that is, the biomarkers. The
accuracy was examined by the jackknife test, also known as
Leave-One-Out Cross Validation (LOOCV) [36–39] and the
prediction model was Nearest Neighbor Algorithm (NNA)
[40]. The prediction accuracy was defined as the number of
correctly predicted samples divided by the number of total
samples.

The early stage biomarkers were selected from the Dukes
A patients and Dukes B patients with mRMR and IFS
methods. The late stage biomarkers were selected from the
Dukes C patients and Dukes D patients.

2.4.The Transition from the Early Stage Biomarkers to the Late
Stage Biomarkers. The early stage biomarkers and late stage
biomarkers were mapped onto weighted protein interaction
network graph G. We identified the shortest paths between
them using Dijkstra’s algorithm [41–43]. The path length was
the sum of edge weights throughwhich the path passed. If the
path length was smaller than 1000 × (1 − 0.700) = 300, it had
high confidence to happen.

Meanwhile, we also tested the correlation between early
stage biomarkers and late stage biomarkers in Dukes B
patients and Dukes C patients. The Pearson correlation test
𝑃 values were adjusted with false discovery rate (FDR) [44].
The cutoff of Pearson correlation test FDR was set to 0.001.

Included were those transitions that had the length
shorter than 300 and the correlation test FDR smaller than
0.001. The shortest paths from the early stage biomarkers to
the late stage biomarkers in the protein interaction network
were deemed as the signal propagation paths for the transi-
tion.

2.5. Statistical Significance of Signal Propagation Path Identifi-
cation. To evaluate the statistical significance of the identified
signal propagation paths, we estimated the FDR of the
signal propagation path based on the permutation [45]. We
permuted the gene symbols in protein interaction network
and gene expression profiles by 20,000 times. For each of
the permutations, we calculated the length of the shortest
path based on the weighted protein interaction network and
the Pearson correlation test 𝑃 value adjusted with the FDR
method based on the gene expression profiles. The FDR of
the signal propagation path was defined as

FDRsignal-path =
𝑁
1

𝑁
2

, (3)

where 𝑁
1
was the number of permutations in which the

permuted shortest path length is shorter than the actual
shortest path length and the permuted Pearson correlation
test FDR is smaller than the actual Pearson correlation test
FDR, while 𝑁

2
the total number of permutations which was

20,000 in this study.

2.6. The Transition Hubs in the Signal Propagation Paths.
For each of the transition genes, we calculated the number
of shortest paths that crossed it. Those genes that were
crossed by more signal propagation paths were deemedmore
important transition hubs.

3. Results

3.1. Early and Late Stage Biomarkers. By selecting discrim-
inative genes between the Dukes A patients and the Dukes
B patients with mRMR and IFS methods, we identified the
early stage biomarkers. Similarly, we obtained the late stage
biomarkers from the Dukes C patients and the Dukes D
patients. The IFS curves of early and late stage biomarker
selection were shown in Figures 2(a) and 2(b), respectively.
In Figure 2(a), the highest accuracy was 0.891 with 158 genes
of the early stage biomarkers. In Figure 2(b), the highest accu-
racy was 0.855 with 284 genes of the early stage biomarkers.
The 158 early stage biomarkers and 284 late stage biomarkers
can be found in Supplemental Tables S1 and S2, available
online at http://dx.doi.org/10.1155/2013/287019 respectively.

3.2. Comparison of Early and Late Stage Biomarkers. Now
let us compare the early stage biomarkers with the late stage
ones. It was observed between the two kinds of biomarkers
there was only one gene, RNF4, in common. The expected
number of overlap genes should be 2.29 and the odds ratio
was 0.432. In other words, there was less overlap than
expected. It was reported that in different stages of disease,
different regions of the biological network are activated [2]
and the dynamics of the biological network reflects the
histopathology and clinical changes [6, 46].The shifting from
the activated region of early stage biomarkers to the activated
region of late stage biomarkers in the biological network
explains the under overlap between the early and late stage
biomarkers, which may also help understand the colorectal
cancer progression. In the following section, we are to study
the transition processes in which the early stage biomarkers
propagate the disease-aggravating signal to the late stage
biomarkers, triggering the patients to develop into the most
severe condition.

3.3. From Early Stage Biomarkers to Late Stage Biomarkers:
The Transition. There were 136 early stage biomarkers and
230 late stage biomarkers that could be mapped onto the
STRING network. The number of all possible combina-
tion pairs between the early and late stage biomarkers
was 136 × 230 = 31,280, for each of which we calculated their
shortest path length that was the sum of the edge weights
in the shortest path. Furthermore, we calculated the Pearson
correlation test FDR between them in Dukes B patients and
Dukes C patients. Two criteria were applied to get the signal
propagation path from early stage biomarkers to late stage
biomarkers: the path length should be shorter than 300 and
the correlation test FDR should be smaller than 0.001. There
were 632 such signal propagation paths, as given in Table
S3. Such 632 signal propagation paths linked 76 early stage
biomarkers and 109 late stage biomarkers. Shown in Figure 3
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Figure 2:The IFS curves of early stage biomarkers and late stage biomarker. (a)The IFS curves of early stage biomarker selection.The highest
accuracy was 0.891 with 158 genes which were the early stage biomarkers. (b) The IFS curves of late stage biomarker selection. The highest
accuracy was 0.855 with 284 genes which were the late stage biomarkers.

are the transition networks fromearly stage biomarkers to late
stage biomarkers.

Meanwhile, the values of FDR for the identified signal
propagation paths were also calculated by first permuting the
gene symbols in the protein interaction network and gene
expression profiles and then comparing the permuted short-
est path length and Pearson correlation FDR with the actual
ones. Based on the results of the 20,000 permutations, the
statistical significance of each identified signal propagation
path was evaluated. It was found that all the 632 identified
signal propagation paths were with FDR less than 0.05 and
81.3% of them had FDR less than 0.01.

3.4.TheTransitionHubs in Signal Propagation. The632 signal
propagation paths crossed 473 genes. We ranked each of
the 473 transition genes based on the number of signal
propagation paths that had crossed it. The genes crossed
by more signal propagation paths were regarded as more
important transition hubs. The detailed results of the 473
transition genes as well as the numbers of signal propagation
paths that had crossed them can be found in Table S4. The
top three transition hubs were TP53 (tumor protein 53),
CTNNB1 (cadherin-associated protein, beta 1), and EP300
(E1A binding protein p300). Interestingly, two of them, TP53
and EP300, were colorectal cancer genes, fully consistent with
the reports in the Online Mendelian Inheritance in Man [47]
(OMIM, http://omim.org/entry/114500).

4. Discussion

4.1. The Biological Functions of Early Stage Biomarkers, Late
Stage Biomarkers, and Transition Genes. We used GATHER

[48] (http://gather.genome.duke.edu/) to investigate the bio-
logical functions of the 158 early stage biomarkers, the 284
late stage biomarkers, and the 473 transition genes. The
Gene Ontology (GO) enrichment results thus obtained are
shown in Tables 1, 2, and 3, respectively. Since the 473
transition genes were enriched into too many GO terms,
only the five enriched GO terms with the highest Bayes
factor [49] were shown in Table 3. It is instructive to point
out that the late stage biomarkers had more enriched GO
terms than the early stage biomarkers. Also, the late stage
biomarkers were more enriched in the common GO terms
than the early stage biomarkers, such as “GO:0009607:
response to biotic stimulus,” “GO:0006952: defense response,”
and “GO:0006955: immune response.” The roles of defense
response and immune response in colorectal cancer [50, 51]
have been widely studied. Many of the transition genes were
involved in the signal transduction, cell communication,
and cellular process regulation. These kinds of functions
played important roles in transducing the disease signal and
aggravating the colorectal cancer.

4.2. The Overlapped Gene between Early Stage Biomarkers
and Late Stage Biomarkers. One overlapped gene, RNF4
(RING finger protein 4), was observed between the early
stage biomarkers and the late stage biomarkers. As reported
in [52], RNF4 was a patented biomarker gene of colorec-
tal cancer. Also, as reported in [53], downregulation of
RNF4 was related to the colorectal cancer risk (http://
www.wipo.int/patentscope/search/en/WO2010033371).

Since RNF4 plays a unique role in ubiquitylation [54],
DNAdemethylation [35], andDNA repair [35], the colorectal
cancer progression may involve the abnormal ubiquitylation
and demethylation.
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Figure 3: The transition network from early stage biomarkers to late stage biomarkers. The yellow and grey nodes were early and late stage
biomarkers, respectively. The orange node, RNF4, was both early and late stage biomarker. The red and blue edges indicated that the early
and late stage biomarkers were positively and negatively correlated.

4.3. The Signal Propagation Path from the Early Stage
Biomarker MAVS to the Late Stage Biomarker GFPT1. It is
interesting to see that GFPT1 was ranked no. 1 among the late
stage biomarkers although it was even not a biomarker in the
early stage. We traced back in the signal propagation paths
and foundGFPT1 was the downstream of the following seven
early stage biomarkers: MAVS, TET3, GAS1, ANGPTL4,
MAP7D1, CEACAM1, and PGRMC1. Among the 158 early
stage biomarkers,MAVSwas ranked no. 4, butMAVSwas not
a late stage biomarker. The Pearson correlation test 𝑃 value
and Pearson correlation coefficient between the expression
levels of MAVS and GFPT1 in the Dukes B patients and the
Dukes C patients were 1.09𝑒 − 05 and 0.317, respectively.
Shown in Figure 4 is the signal propagation path fromMAVS

to GFPT1 in the STRING network: MAVS → IRF3 →
CREBBP → TP53 → ATF3 → ATF4 → ASNS → GLUL
→ GFPT1.

Mitochondrial antiviral signaling (MAVS) protein is
important in innate immunity [13–15]. The antibody able
to induce immune responses can be used to treat cancer
[55]. Immune responses usually occur early in the cancer
progression stage but later the cancer cells may develop an
ability to escape the immune-mediated lysis [56]. This might
explain why MAVS was an early stage biomarker, but not a
late stage biomarker.

GFPT1 is the key enzyme in hexosamine synthesis path-
way whose products have been implicated in O-linked N-
acetylglucosamine (O-GlcNAc) proteinmodification, insulin
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Table 1: The enriched GO terms of the 158 early stage biomarkers with adjusted 𝑃 value less than 0.01.

Gene ontology Number of input genes
with the annotation Adjusted 𝑃 value

GO:0009607: response to biotic stimulus 16 0.001
GO:0006952: defense response 14 0.004
GO:0006955: immune response 13 0.004

Table 2: The enriched GO terms of the 284 late stage biomarkers with adjusted 𝑃 value less than 0.01.

Gene ontology Number of input genes
with the annotation Adjusted 𝑃 value

GO:0006952: defense response 25 0.0002
GO:0006955: immune response 23 0.0002
GO:0016064: immunoglobulin mediated immune response 8 0.0006
GO:0006959: humoral immune response 9 0.001
GO:0009607: response to biotic stimulus 25 0.002
GO:0019730: antimicrobial humoral response 6 0.005

Table 3: The most enriched five GO terms of the 473 transition genes.

Gene ontology Number of input genes
with the annotation Adjusted 𝑃 value Bayes factor

GO:0008283: cell proliferation 107 <0.0001 47
GO:0007154: cell communication 219 <0.0001 43
GO:0007165: signal transduction 191 <0.0001 43
GO:0051244: regulation of cellular physiological process 71 <0.0001 40
GO:0050794: regulation of cellular process 84 <0.0001 38
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Figure 4: The signal propagation path from MAVS to GFPT1. The signal propagation path from MAVS to GFPT1 was MAVS → IRF3 →
CREBBP → TP53 → ATF3 → ATF4 → ASNS → GLUL → GFPT1.The genes in the signal propagation path were mapped onto STRING
network. The number on the edge was the edge weight. The edges on the signal propagation path were highlighted with pink color.
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resistance, and glucose toxicity [16, 17]. It is a molecular
therapeutic target for type-2 diabetes [57, 58]. As a metabolic
disease, cancer is always accompanied with impaired mito-
chondrial function and dysfunctional energy metabolism
[59].

Accordingly, it is rational to deduce the signal propaga-
tion fromMAVS to GFPT1 as follows: in mitochondria, as an
important innate immunity protein, MAVS may response to
colorectal cancer in a very early stage. Then as a signaling
protein, it transmits its signal to GFPT1 that has close
relationship with mitochondria. The perturbation of GFPT1
may cause the dysfunction of mitochondria in the energy
metabolism. The fates of the cells may be doomed by the
collapse of their energy systems.

5. Conclusions

Our results indicated that the strong signals of early stage
biomarkers would not necessarily disappear during the
colorectal cancer progression, but might be transferred to
other late stage biomarkers. This finding may provide useful
insights for in-depth analyzing the signal propagation paths
and helping to reveal the cellular mechanism of colorectal
cancer aggravation.
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