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Tatsiana Charnavets, Peter Šebo, and Bohdan Schneider
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The number of sequences and structures of biological mol-
ecules, such as DNA, RNA, and proteins, is rapidly increas-
ing in databases. According to the statistics in the newest
version of GOLD database (https://gold.jgi-psf.org/) [1], 6651
genomes have been completed and published and 51954
genomes are of permanent drafts or incomplete. The pro-
tein data bank (PDB, http://www.rcsb.org/) [2] has pub-
lished 107958 biological macromolecular structures, includ-
ing 35542 protein sequences, 28142 structures of human
sequences, and 7611 nucleic acid containing structures. To
discover the underlying mechanism behind the information,
it is necessary to develop effective feature parameters for rep-
resenting the sequence and structure. Althoughmany studies
have been proposed for sequence and structure analysis,
more and more studies indicated that the problem is far
from solved [3, 4]. How to computationally analyze the big
data of biologically molecular sequences and structures has
been one of the major challenges in bioinformatics. Machine
learning and optimization methods are important methods
for the analyses. This special issue focuses on recent progress
of the computational methods for biological sequences or
structures studies. Correspondingly, after a rigorous peer
review, eleven papers were selected. We briefly describe these
papers as follows.

In “Predicting Homogeneous Pilus Structure from
MonomericData and SparseConstraints,”K.Xiao et al. devel-
oped a new approach to predict pseudoatomic models of

pili by combining ambiguous symmetric constraints with
sparse distance information obtained from experiments. The
method was successfully implemented to the reconstruct
the gonococcal (GC) pilus from Neisseria gonorrhoeae. A
global sampling in a wide range implied that a pilus might
have more than one but fewer than many possible intact
conformations.

In “Evolutionary and Expression Analysis of miR-#-5p
and miR-#-3p at the miRNAs/isomiRs Levels,” L. Guo et al.
explored the potential evolutionary and expression diver-
gence and relationships betweenmiRNAs fromdifferent arms
of different/same pre-miRNAs according to the arm selection
and/or arm switching phenomenon in miRNA world. They
found no bias in the numbers but different nucleotide
compositions between 5p-miRNA and 3p-miRNA. IsomiR
expression profiles from the two arms are always stable,
but isomiR expressions in diseased samples are prone to
show larger degree of dispersion. miR-#-5p and miR-#-3p
have relative independent evolution/expression patterns and
datasets of target mRNAs, which might also contribute to
the phenomena of arm selection and/or arm switching.
Simultaneously, miRNA/isomiR expression profiles may be
regulated via arm selection and/or arm switching, and the
dynamicmiRNAome and isomiRomewill adapt to functional
and/or evolutionary pressures. A comprehensive analysis and
further experimental study at the miRNA/isomiR levels are
quite necessary for miRNA study.
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In “Strong Ligand-Protein Interactions Derived from
Diffuse Ligand Interactions with Loose Binding Sites,” L.
Marsh presented a fine-grained computational method for
numerical integration of total binding free energy arising
from diffuse regional interaction of a ligand in multiple
conformations using aMarkovChainMonteCarlo.The appli-
cation to the bacterial multidrug efflux pump AcrB indicated
that diffuse binding effects could cause 100-fold binding affin-
ity for some ligands while little role in the binding of other
ligands. Analysis of other proteins with large binding pockets
indicated that the influence of this process varies greatly,
dependent on ligand and protein target. This work may be of
broad interest to those studying a variety of biological systems
including protein folding, DNA-protein binding, and drug-
receptor docking that depend on dispersed interactions.

In “Redesigning Protein Cavities as a Strategy for Increas-
ing Affinity in Protein-Protein Interaction: Interferon-𝛾
Receptor 1 as aModel,” J. Černý et al. presented a new strategy
for designing high affinity variants of a binding protein
through mutating residues at positions lining internal cav-
ities of one of the interacting molecules instead of at the
interface. The test on interferon-𝛾 receptor 1 has brought
up to sevenfold increase in the binding affinity. Analysis
shows that the affinity increase is linked to the restriction of
molecular fluctuations in the unbound state of the receptor.
This serves as an example of a viable strategy for designing
protein variants with increased affinity.

In “Multi-Instance Multilabel Learning with Weak-Label
for Predicting Protein Function in Electricigens,” J.-S. Wu
et al. have applied the state-of-the-art MIML with weak-
label learning algorithm MIMLwel for predicting protein
functions in two typical real-world electricigens organisms
widely used in microbial fuel cells studies. The experimental
results validate the effectiveness of MIMLwel algorithm in
predicting protein functions with incomplete annotation.

In “Detecting Protein-Protein Interactions with a Novel
Matrix-Based Protein Sequence Representation and Support
Vector Machines,” Z.-H. You et al. developed a novel compu-
tational approach to effectively detect the protein interactions
based on a novel matrix-based representation of protein
sequence by SVM. The sequence information includes the
order of amino acids and composition of dipeptide. The
prediction was proven highly accurate on the benchmark of
yeast PPIs datasets.Thus, it can be a helpful supplement to the
missing data and false positive by experimental results from
high-throughput techniques.

In “An Improved Method for Completely Uncertain
Biological Network Alignment,” B. Shen et al. designed an
improved method to analyze uncertain biological networks
by complete probabilistic biological network alignment. This
method has solved the weakness of PBNA by allowing both
networks to be probabilistic; thus, it could take full advantage
of the uncertain information of biological network. The new
method was proven to consistently improve over PBNA in
both GO Consistency and Global Network Alignment Score.

In “A Systematic Analysis of Candidate Genes Associated
with Nicotine Addiction,” M. Liu et al. have performed a
systematic analysis on a set of nicotine addiction-related

genes (NAGenes) to explore their characteristics at net-
work levels. They found that NAGenes tended to have a
more moderate degree, weaker clustering coefficient in the
network, and are less central in the network compared to
genes related to alcohol addiction or cancer. In addition,
an intuitional view was provided to understand their major
molecular functions by six clusters from the clustering of
these genes with themes in synaptic transmission, signal
transduction, metabolic process, and apoptosis. Moreover,
it was found that nicotine addiction involves neurodevel-
opment, neurotransmission activity, and metabolism related
biological functions. The systematic network and functional
enrichment analysis for nicotine addiction in this study
is valuable for understanding the molecular mechanisms
underlying nicotine addiction.

In “Constraint Programming basedBiomarkerOptimiza-
tion,” M. Zhou et al. proposed an algorithm for highly accu-
rate feature selection for biomedical classification problem,
while allowing the inclusion of user-input constraints for the
optimization process. The experimental results showed that
the proposed method provided flexibility of allowing both
the well-known disease biomarkers like P53 and the existing
feature selection algorithms’ results as the constraints, while
achieving promising classification performances. This work
provided useful tool for efficiently exploring the health big
data, consisting of both the bio-OMIC data and huge amount
of knowledge accumulated in the literature and other sources.

In “An Improved Opposition-Based Learning Particle
Swarm Optimization for the Detection of SNP-SNP Inter-
actions,” J. Shang et al. presented an improved method for
detecting SNP-SNP interactions by using opposition-based
learning particle swarm optimization. The algorithm has
ensured the ability of global searching and prevented prema-
ture convergence. The application to a dataset of age-related
macular degeneration shows the strength of the method on
real applications by capturing important features of genetic
architecture not previously discovered. The method provides
an important tool in detecting SNP-SNP interactions in
future.

In “Nucleosome Organization around Pseudogenes in
the Human Genome,” G. Liu et al. investigated the effect of
nucleosome positioning on pseudogene transcription. The
results show that, for transcribed pseudogenes, nucleosomes
upstream of the start positions and end positions of tran-
scribed pseudogenes are depleted. Interestingly, the same
depletion is also observed for nontranscribed pseudogenes.
The consistent pattern of sequence-dependent prediction
with the assessment by experimental data indicates that
sequence-dependent mechanism of nucleosome positioning
may play important roles in both the transcription initiation
and termination of pseudogenes.
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SNP-SNP interactions have been receiving increasing attention in understanding the mechanism underlying susceptibility to
complex diseases. Though many works have been done for the detection of SNP-SNP interactions, the algorithmic development
is still ongoing. In this study, an improved opposition-based learning particle swarm optimization (IOBLPSO) is proposed for
the detection of SNP-SNP interactions. Highlights of IOBLPSO are the introduction of three strategies, namely, opposition-based
learning, dynamic inertia weight, and a postprocedure. Opposition-based learning not only enhances the global explorative ability,
but also avoids premature convergence. Dynamic inertia weight allows particles to cover a wider search space when the considered
SNP is likely to be a random one and converges on promising regions of the search space while capturing a highly suspected SNP.
The postprocedure is used to carry out a deep search in highly suspected SNP sets. Experiments of IOBLPSO are performed on
both simulation data sets and a real data set of age-related macular degeneration, results of which demonstrate that IOBLPSO
is promising in detecting SNP-SNP interactions. IOBLPSO might be an alternative to existing methods for detecting SNP-SNP
interactions.

1. Introduction

There is an increasing interest in understanding the underly-
ing genetic architecture of complex diseases, such as cancer,
heart disease, diabetes, Crohn’s disease, and many others,
which represent the major part of current clinical diseases
[1, 2]. Research of complex diseases is one of the hottest
fields of bioinformatics and genome-wide association studies
(GWAS) become routine strategies. With the methods of
GWAS, hundreds of thousands of single nucleotide polymor-
phisms (SNPs) speculated to associate with complex diseases
have been identified. Nevertheless, these SNPs have limited
effects on predicting the phenotype, and a large fraction of
genetic contributions to complex diseases remain unclear.
Recent advances make it clear that besides rare SNPs not
genotyped in GWAS, the “missing heritability” can be partly

explained by nonlinear interactive effects of multiple SNPs,
namely, SNP-SNP interactions [3]. Detection of SNP-SNP
interactions is therefore a compelling next step in GWAS.

In general, the detection of SNP-SNP interactions is a
great challenge [4]. The first challenge is the intensive com-
putational burden imposed by the enormous search space,
which prohibits real applications of most existing methods,
especially those exhaustive ones. For instance, search space
of a 100,000-SNP data set with consideredmaximumorder of
3 is an astronomical number ∑3

𝑘=1
𝐶𝑘
100,000

. The second chal-
lenge is the complexity of genetic architecture of a complex
disease. Limited or even no prior knowledge available for a
complex disease, such as the order and the effect magnitude
of a SNP-SNP interaction, makes it difficult for the devel-
opment of heuristic methods. The third evaluation measures
that determine how well a SNP combination contributes to
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the phenotype are limited. Evaluation measures should be
efficient in computational cost and insensitive to both SNP
combination order and dependency type. Though several
evaluationmeasures have beenwidely used in the detection of
SNP-SNP interactions, developing new evaluation measures
that can effectively and efficiently capture SNP-SNP interac-
tions is still a direction.

Though methodological and computational perplexi-
ties of the detection of SNP-SNP interactions have been
well recognized, the algorithmic development is still ongo-
ing. Exhaustive algorithms, for example, MDR [5], appear
promising for small scale data sets. However, for large scale
data sets, especially those for GWAS, the detection of SNP-
SNP interactions becomes a needles-in-a-haystack problem
and exhaustive algorithms lose their ability [6, 7]. Heuristic
algorithms are popular since they can retain as many infor-
mative SNPs as possible while largely reducing computational
complexity. For example, Jiang et al. formulated the detec-
tion of SNP-SNP interactions from the viewpoint of binary
classification and designed epiForest on the basis of the gini
importance given by the random forest to select a small set of
candidate SNPs [8]. Zhang and Liu proposed a Bayesian par-
tition approach BEAM to find groups of genotypes with large
posterior probability [9]. Tang et al. introduced the concept
of epistatic module and designed a Gibbs sampling approach
epiMODE to detect such modules [10]. Wan et al. developed
a SNP-SNP interaction detectionmethod SNPRuler based on
both predictive rule inference and two-stage design [11].They
also presented another method BOOST, which involves only
Boolean values and allows the use of fast logic operations
to obtain contingency tables [12]. Besides machine learning
methods, entropy based methods are also applied to this
field. Chanda et al. developed an interaction index based
on entropy theory to prioritize interacting SNPs [13]. They
also applied two entropy theoretic measures to three SNP-
SNP interaction detection methods: AMBIENCE [14] with a
phenotype associated information measure; KWII [15] with
the coinformation measure detecting SNP-SNP interactions
associated with the binary phenotype; and CHORUS [16]
combining these two measures together to identify associa-
tions with quantitative traits.

Recently, many swarm intelligence based algorithms have
been proposed for the detection of SNP-SNP interactions [17–
31]. Among them, particle swarmoptimization (PSO) appears
promising and some related works have been reported [22–
30]. Yang et al. [22] used the binary PSO with odds ratio
as the fitness function (OR-BPSO) to evaluate the risk of
breast cancer. Based on the OR-BPSO, Chang et al. [23]
proposed the odds ratio-based discrete binary PSO (OR-
DBPSO) for the detection of SNP-SNP interactions with
the quantitative phenotype. Chuang et al. [24] proposed a
chaotic PSO (CPSO) that identifies the best SNP combination
for breast cancer association studies. For enhancing the
reliability of the PSO in the identification of the best SNP-SNP
interaction associated with breast cancer, they also developed
an improved PSO (IPSO) [25] and proved that the IPSO
is highly reliable than the OR-BPSO. More recently, they
used the gauss chaotic map PSO (Gauss-PSO) to detect
the best association with breast cancer [26]. Experimental

results revealed that the Gauss-PSO was able to identify
higher difference values between cases and controls than both
the PSO and the CPSO. Yang et al. [27] developed a double-
bottom chaotic map PSO (DBM-PSO) that overcomes the
respective disadvantages of the PSO and the CPSO. Then,
DBM-PSO is successfully applied to determine gene-gene
interactions based on chi-square test [28]. Hwang et al. [29]
proposed a complementary-logic PSO (CLPSO) to increase
the efficiency of significant model identification in case-
control study. Wu et al. [30] applied PSO to analyze the SNP-
SNP interactions associated with hypertension. However,
these methods, almost all of which are developed by a group
except the one proposed by Wu et al. [30], only focus on
finding the best genotype-genotype of a SNP-SNP interaction
among possible genotypes of SNP combinations, but not the
SNP-SNP interactions among possible SNP combinations.
Obviously, the limited sample size of SNP data affects their
computational accuracies of fitness functions and hence hin-
ders their further applications. Furthermore, these methods
are experimented on very small scale data sets (<30 SNPs) of
certain complex diseases, performance of which on various
kinds of large scale data sets are still unclear.

In this study, we proposed an improved opposition-
based learning particle swarm optimization (IOBLPSO) with
mutual information as its fitness function to detect SNP-
SNP interactions. IOBLPSO is the first PSO based method
to find SNP-SNP interactions among possible SNP com-
binations. Highlights of IOBLPSO are the introduction of
three strategies, that is, opposition-based learning (OBL),
dynamic inertia weight, and a postprocedure. Among them,
OBL is the core, which is presented in the stage of updating
particle experiences and common knowledge of swarm, not
only for enhancing the global explorative ability, but also
for avoiding premature convergence. Dynamic inertia weight
is computed before the stage of updating particle velocities
to allow particles to cover a wider search space when the
considered SNP is likely to be a random SNP and to converge
on promising regions of the search space while capturing
a highly suspected SNP. The postprocedure is used as the
final stage for carrying out a deep search in highly suspected
SNP sets. Experiments of IOBLPSO are performed on lots
of simulation data sets under the evaluation measures of
both detection power and computational complexity. Results
demonstrate that IOBLPSO is promising for the detection
of all simulation models of SNP-SNP interactions. IOBLPSO
is also applied on data set of age-related macular degen-
eration (AMD). Results show the strength of IOBLPSO on
real applications and capture important features of genetic
architecture of AMD that have not been described previously,
which provide new clues for biologists on the exploration of
AMD associated SNPs. IOBLPSO might be an alternative to
existing methods for the detection of SNP-SNP interactions.

2. Methods

2.1. Particle Swarm Optimization (PSO). The PSO, proposed
by Kennedy and Eberhart [32], is a member of the family of
swarm intelligence algorithms, which mimic the collective



BioMed Research International 3

behaviors of organisms based on information sharing, like
ants and birds, which can jointly performmany complex tasks
though each individual is very limited in its capability. The
PSO is a stylized representation of the movement of birds
(viewed as particles) in a flock, where each particle uses its
own experience and the common knowledge gained by the
entire swarm to find an optimal position [29].

In PSO, the position of a particle represents a possible
solution. In each generation, the position of each particle is
adjusted according to its updated velocity and is estimated
by a fitness function for providing a good search direction.
Whether the velocity of each particle is updated depends on
three variables: its previous velocity, its individual experience,
and the common knowledge of the swarm. Specifically, the
individual experience of each particle is updated while fitness
value of its current position is higher than that of its previous
experience; the common knowledge of the swarm is updated
by the one of individual experiences of all particles with the
highest fitness value while such value is higher than that of
their previous common knowledge. This feedback strategy
leads the swarm to gradually converge to an optimal solution
[25–29].

Owing to its high capability and good generality in
solving complex problems, the PSO has become a widely
adopted swarm intelligence algorithm. However, it still has
several defects, for example, premature convergence, stag-
nation phenomenon, and slow convergence speed in the
later evolution period, which imply that the PSO should be
further improved, especially for a specific complex problem,
for example, the detection of SNP-SNP interactions. In
general, the PSO consists of 4 stages: (1) initializing particles,
(2) evaluating particles using fitness function, (3) updating
particle velocities and positions, and (4) updating particle
experiences and common knowledge of swarm. These stages
are detailed and described in the following section.

2.2. IOBLPSO: An Improved Opposition-Based Learning Par-
ticle Swarm Optimization for the Detection of SNP-SNP
Interactions. Theflowchart of IOBLPSO is shown in Figure 1,
where its highlights are with grey background. Below we
describe IOBLPSO in detail from 6 stages.

(1) Mapping SNPs and Initializing Particles. At present, the
popular way of mapping SNPs is to collect them as a matrix,
where a row represents genotypes of an individual and a
column represents a SNP. Genotypes of a SNP are coded as
{0, 1, 2}, corresponding to homozygous common genotype
(e.g., 𝐴𝐴, 𝐵𝐵), heterozygous genotype (e.g., 𝐴𝑎, 𝑎𝐴, 𝐵𝑏, 𝑏𝐵),
and homozygous minor genotype (e.g., 𝑎𝑎, 𝑏𝑏). The label of
an individual is a binary phenotype being either 0 (control)
or 1 (case).

Based on above numerical mapping, the position of the
𝑝
𝑡ℎ
particle at iteration 𝑡 can be represented as Position

𝑡
(𝑝) =

(SNP𝑡
𝑝1
, . . . , SNP𝑡

𝑝𝑘
, . . . , SNP𝑡

𝑝𝐾
), where 𝑝 ∈ {1, 2, . . . , 𝑃}, 𝑘 ∈

{1, 2, . . . , 𝐾}, 𝑡 ∈ {1, 2, . . . , 𝑇}, 𝑃 is the number of particles,
𝐾 is the considered order of SNP-SNP interactions, 𝑇 is the
number of iterations, SNP𝑡

𝑝𝑘
is the index of the selected 𝑘

𝑡ℎ

SNP of the 𝑝
𝑡ℎ
particle at iteration 𝑡, SNP𝑡

𝑝𝑘
∈ {1, 2, . . . ,𝑀},

and 𝑀 is the number of SNPs in the data set. The velocity of
the 𝑝
𝑡ℎ
particle at iteration 𝑡 is represented as Velocity

𝑡
(𝑝) =

(V𝑡
𝑝1
, . . . , V𝑡

𝑝𝑘
, . . . , V𝑡

𝑝𝐾
), where V𝑡

𝑝𝑘
is the velocity of SNP SNP𝑡

𝑝𝑘

and V𝑡
𝑝𝑘

∈ [1−𝑀,𝑀−1]. Similarly, the individual experience
of the 𝑝

𝑡ℎ
particle, that is, the position of the 𝑝

𝑡ℎ
particle

with the highest fitness value until iteration 𝑡, can be denoted
as 𝑝𝑏𝑒𝑠𝑡

𝑡
(𝑝) = (𝑝SNP𝑡

𝑝1
, . . . , 𝑝SNP𝑡

𝑝𝑘
, . . . , 𝑝SNP𝑡

𝑝𝐾
), and the

common knowledge of swarm, that is, the best position of
all particles with the highest fitness value until iteration 𝑡, is
denoted as 𝑔𝑏𝑒𝑠𝑡

𝑡
= (𝑔SNP𝑡

1
, . . . , 𝑔SNP𝑡

𝑘
, . . . , 𝑔SNP𝑡

𝐾
).

Before the first iteration, Position
1
(𝑝), Velocity

1
(𝑝),

𝑝𝑏𝑒𝑠𝑡
1
(𝑝), and 𝑔𝑏𝑒𝑠𝑡

1
are randomly initialized in their

respective domains.

(2) Updating Dynamic Inertia Weight. Inertia weight is used
to control the impact of the previous velocity of a particle on
its current velocity. A large inertia weight facilitates the global
exploration and thus enables the method to execute a search
over various regions, while a small inertia weight facilitates
the local exploitation, which searches a promising region
[27]. In order to effectively balance the global exploration and
the local exploitation, a dynamic inertia weight is introduced
to IOBLPSO, which can be defined as

𝑊𝑡
𝑝𝑘

=
max (count

𝑡
) − count

𝑡
[𝑝SNP𝑡

𝑝𝑘
]

max (count
𝑡
) −min (count

𝑡
)

, (1)

where count
𝑡
= (ct𝑡
1
, . . . , ct𝑡

𝑚
, . . . , ct𝑡

𝑀
) and ct𝑡

𝑚
is a counter

that counts the number of SNP 𝑚 presented in 𝑝𝑏𝑒𝑠𝑡 from
iteration 1 to iteration 𝑡.This strategy allows particles to cover
a wider search space while the considered SNP is likely to be
a random SNP and to converge on promising regions of the
search space while capturing a highly suspected SNP.

(3) Evaluating Particles Using Fitness Function. Fitness func-
tion of the IOBLPSO plays an important role on deciding
which SNP combination is the SNP-SNP interaction and
measuring how much the effect of a captured SNP-SNP
interaction to the phenotype is. In the IOBLPSO, mutual
information is applied as its fitness function, since it is well
developed and canmeasuremultivariate dependence without
complexmodeling.Mutual information has beenwidely used
as a promising measure for feature selection and here is
defined as

𝑀𝐼 (𝑋; 𝑌) = 𝐻 (𝑋) + 𝐻 (𝑌) − 𝐻 (𝑋, 𝑌) , (2)

where𝐻(𝑋) is the entropy of𝑋;𝑋, representing a SNP com-
bination, is the general expression of Position

𝑡
(𝑝), 𝑝𝑏𝑒𝑠𝑡

𝑡
(𝑝),

and 𝑔𝑏𝑒𝑠𝑡
𝑡
;𝐻(𝑌) is the entropy of the phenotype 𝑌;𝐻(𝑋, 𝑌)

is the joint entropy of both 𝑋 and 𝑌. It is clear that higher
mutual information value, namely, fitness value, indicates
stronger association between the phenotype and the SNP
combination.

(4) Updating Particle Velocities and Positions. IOBLPSO exe-
cutes a search for SNP-SNP interactions by continuously
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Figure 1: The flowchart of IOBLPSO. Three components with grey background are highlights of IOBLPSO.

updating particle velocities and particle positions in all iter-
ations. The velocity of SNP𝑡

𝑝𝑘
is updated using the following

equations:

Ṽ𝑡+1
𝑝𝑘

= 𝑊𝑡
𝑝𝑘

⋅ V𝑡
𝑝𝑘

+ 𝐶
1
⋅ 𝑟
1
⋅ (𝑝SNP𝑡

𝑝𝑘
− SNP𝑡

𝑝𝑘
)

+ 𝐶
2
⋅ 𝑟
2
⋅ (𝑔SNP𝑡

𝑘
− SNP𝑡

𝑝𝑘
) ,

V𝑡+1
𝑝𝑘

= {
Ṽ𝑡+1
𝑝𝑘

Ṽ𝑡+1
𝑝𝑘

∈ [1 − 𝑀,𝑀 − 1]

rand (1 − 𝑀,𝑀 − 1) Ṽ𝑡+1
𝑝𝑘

∉ [1 − 𝑀,𝑀 − 1] ,

(3)

where 𝐶
1
and 𝐶

2
, controlling how far a particle moves in

a single iteration, are acceleration factors and 𝑟
1
and 𝑟
2
are

random values in (0, 1). To obtain a valid velocity, a random
value is sampled in [1 − 𝑀,𝑀 − 1] while Ṽ𝑡+1

𝑝𝑘
exceeds its

domain. Based on V𝑡+1
𝑝𝑘

, the position of SNP𝑡
𝑝𝑘

can be updated
by the following two equations:

SNP𝑡+1
𝑝𝑘

= SNP𝑡
𝑝𝑘

+ V𝑡+1
𝑝𝑘

,

SNP𝑡+1
𝑝𝑘

=
{
{
{

int (SNP𝑡+1
𝑝𝑘

) SNP𝑡+1
𝑝𝑘

∈ [1,𝑀]

int (rand (1,𝑀)) SNP𝑡+1
𝑝𝑘

∉ [1,𝑀] .

(4)
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Because of SNP𝑡+1
𝑝𝑘

being a SNP index, an integer between 1
and 𝑀 is randomly sampled if SNP𝑡+1

𝑝𝑘
exceeds its domain.

Such random sampling strategies on updating of both V𝑡+1
𝑝𝑘

and SNP𝑡+1
𝑝𝑘

help to increase the diversity of the search, the
more possibility of jumping out local optima and getting into
global optima.

(5) Updating Particle Experiences and Common Knowledge of
Swarm. Another strategy introduced to IOBLPSO is the OBL.
The basic principle of OBL is the consideration of a solution
and its corresponding opposite solution simultaneously to
approximate the global optima [33]. In the IOBLPSO, if the
solution is Position

𝑡
(𝑝), its corresponding opposite solution

can be defined as

Position
𝑡
(𝑝) = 1 + 𝑀 − Position

𝑡
(𝑝) . (5)

By comparing fitness values of Position
𝑡
(𝑝), Position

𝑡
(𝑝),

and 𝑝𝑏𝑒𝑠𝑡
𝑡
(𝑝), the individual experience of the 𝑝

𝑡ℎ
particle at

iteration 𝑡+1, that is,𝑝𝑏𝑒𝑠𝑡
𝑡+1

(𝑝), is updated to the one among
them with highest fitness value, which can be written as

𝑝𝑏𝑒𝑠𝑡
𝑡+1

(𝑝)

=
{{
{{
{

Position
𝑡
(𝑝) 𝑀𝐼 (Position

𝑡
(𝑝) ; 𝑌) = Val

Position
𝑡
(𝑝) 𝑀𝐼 (Position

𝑡
(𝑝) ; 𝑌) = Val

𝑝𝑏𝑒𝑠𝑡
𝑡
(𝑝) 𝑀𝐼 (𝑝𝑏𝑒𝑠𝑡

𝑡
(𝑝) ; 𝑌) = Val,

(6)

where Val = max(𝑀𝐼(Position
𝑡
(𝑝); 𝑌),𝑀𝐼(Position

𝑡
(𝑝); 𝑌),

and 𝑀𝐼(𝑝𝑏𝑒𝑠𝑡
𝑡
(𝑝); 𝑌)). From this equation, it can be seen

that the employed OBL strategy facilitates IOBLPSO not
only expanding the search space and enhancing the global
explorative ability, but also accelerating the convergence and
avoiding premature convergence.

Similarly, whether the common knowledge of the swarm
at iteration 𝑡 + 1, for example, 𝑔𝑏𝑒𝑠𝑡

𝑡+1
, is updated or

maintained as 𝑔𝑏𝑒𝑠𝑡
𝑡
depends on fitness values of individual

experiences of all particles at iteration 𝑡+1 and can be defined
as

𝑔𝑏𝑒𝑠𝑡
𝑡+1

= {
𝑝𝑏𝑒𝑠𝑡
𝑡+1

(𝑝) 𝑀𝐼 (𝑝𝑏𝑒𝑠𝑡
𝑡+1

(𝑝) ; 𝑌) > 𝑀𝐼 (𝑔𝑏𝑒𝑠𝑡
𝑡
; 𝑌)

𝑔𝑏𝑒𝑠𝑡
𝑡

𝑀𝐼 (𝑝𝑏𝑒𝑠𝑡
𝑡+1

(𝑝) ; 𝑌) ≤ 𝑀𝐼 (𝑔𝑏𝑒𝑠𝑡
𝑡
; 𝑌) .

(7)

(6) Deep Searching with a Postprocedure. A postprocedure is
provided when completing the iteration process to carry out
a deep search of SNP-SNP interactions in a highly suspected
SNP sets. First, all SNPs are descending sorted according to
their counters in count

𝑇
, and the specified number of top

SNPs (By default, 10) are selected into the highly suspected
SNP sets. Second, IOBLPSO conducts an exhaustive search
within the highly suspected SNP sets to determine whether
fitness value of one or more SNP combinations is higher than
that of 𝑔𝑏𝑒𝑠𝑡

𝑇
. If indeed detected, 𝑔𝑏𝑒𝑠𝑡

𝑇
is updated by the

best one among them. 𝑔𝑏𝑒𝑠𝑡
𝑇
is therefore the final result of

IOBLPSO.

3. Results and Discussion

3.1. Simulation Data. Six commonly used models of SNP-
SNP interactions with their orders being equal to 2 (i.e.,
𝐾 = 2) are exemplified for the study [7, 9, 10, 34, 35]. Model
1 and Model 2 are models displaying both marginal effects
and interactive effects, and others show no marginal effects
but interactive effects. Specifically, the penetrance in Model
1 increases only when both SNPs have at least one minor
allele [9, 10]; Model 2 assumes that the minor allele in one
SNP has the marginal effect; however the effect is inversed
while minor alleles in both SNPs are present [9]; Model 3
andModel 4 are directly cited from the reference [35]; Model
5 is a ZZ model [34]; and Model 6 is an XOR model [35].
Model 3∼Model 6 are exemplified here since they provide a
high degree of complexity to challenge ability of a method
in detecting SNP-SNP interactions [7]. For each model, 50
data sets are generated by the simulator EpiSIM [36], each
containing 2000 cases and 2000 controls genotyped with 100
SNPs. For each data set, random SNPs are set independently
with MAFs chosen from [0.05, 0.5] uniformly and detailed
parameters of ground-truth SNPs are recorded in Figure 2,
where ground-truth SNPs refer to the causative SNPs that
truly associated with the phenotype, in other words, the SNPs
in models added into the simulation data sets.

3.2. Evaluation Measure. Detection power is one of the gen-
erally used evaluationmeasures in the field of the detection of
SNP-SNP interactions, and various forms of detection power
have been proposed depending on what is desired tomeasure
[4, 7, 9–11, 21, 31, 37]. In this study, two types of detection
power are introduced, namely, Power 1 and Power 2.

Power 1 [4, 7, 9–11, 21, 31] is defined as the proportion of
data sets in which all ground-truth SNPs are detected with no
false positives, which can be written as

Power 1 =
1

𝑁

𝑁

∑
𝑖=1

𝑥
𝑖
, (8)

where𝑁 is the number of data sets with the same parameter
settings (here, 𝑁 = 50), and 𝑥

𝑖
∈ {0, 1} is the detection tag;

that is, if 2 ground-truth SNPs in data set 𝑖 are detected with
no false positives, 𝑥

𝑖
= 1; otherwise, 𝑥

𝑖
= 0. Though Power 1

seems not practical since false positives are inevitable for any
statistical tests and fewer false positives result in larger false
negatives, we still introduce it because it is advantageous in
practical applications and might be of interest to biologists
due to false positives implying wasted experimental effort to
validate the results.

Sometimes, allowing some small Type-I error rate ismore
reasonable; thus Power 2 [4, 7, 21] is introduced here, which
is defined as an average proportion of ground-truth SNPs in
the top 2 detected SNPs, and can be written as

Power 2 =
1

2 ⋅ 𝑁

𝑁

∑
𝑖=1

𝑦
𝑖
, (9)

where 𝑦
𝑖
is the number of ground-truth SNPs in the top 2

SNPs identified in data set 𝑖.
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Figure 2: The simulation models of SNP-SNP interactions. In the figure, penetrance is the probability of the occurrence of a disease given
a particular genotype; prevalence is the proportion of individuals that occur a disease; MAF(𝑎) and MAF(𝑏) are, respectively, minor allele
frequencies of 𝑎 and 𝑏.

Computational complexity is also considered. We mea-
sure running time in the same computational environment
to assess realistic applicability of compared methods.

3.3. Performance of IOBLPSO on Simulation Data. To
demonstrate the validity of IOBLPSO, its detection power is
evaluated by comparison with several typical SNP-SNP inter-
action detectionmethods, that is, BOOST [12], AntEpiSeeker
[20], SNPRuler [11], and TEAM [38].Thesemachine learning
methods are recently proposed, claimed to facilitate large
scale data sets, and their packages are online freely available
[7]. Besides these methods, two modified PSO methods
for SNP-SNP interaction detection, namely, DBM-PSO [27]
focusing on finding the best genotype-genotype of a SNP-
SNP interaction among possible genotypes of SNP combina-
tions and the PSO focusing on finding SNP-SNP interactions
among possible SNP combinations, are also compared.

In the study, parameters of each method are generally set
as default. Only a few are changed according to suggestions
in order to balance result accuracy and computational cost.
For BOOST, interaction threshold is set to 10, that is, results
of BOOST are the SNP-SNP interactions whose likelihood
ratio test statistic values >10 with 4 degrees of freedom. For
AntEpiSeeker, the numbers of ants and iterations is set to 500
and 10, respectively. For TEAM, permutation number is set to
100. For a fair comparison, parameter settings of PSO based
methods are the same. Specifically, the number of particles 𝑃
and the number of iterations 𝑇 are respective set to 100 and

100; both acceleration factors 𝐶
1
and 𝐶

2
are set to 2 [39]; the

inertia weight𝑊 is set to 0.65. It is believed that performance
of IOBLPSO mainly depends on parameters (𝑃, 𝑇). Hence
we further examine the influence of these parameters on
detection power with (25, 100), (50, 100), (100, 25), (100, 50),
and (100, 100).

Detection power of compared methods on simula-
tion data sets is reported in Figure 3. Detection power of
IOBLPSO and the PSO with different numbers of particles
is shown in Figure 4, and that with different numbers of
iterations is shown in Figure 5. The average running time of
the methods on simulation data sets is recorded in Table 1.
From Figures 3, 4, and 5 and Table 1, we have the following
observations.

It is seen that IOBLPSO outperforms compared methods
on all cases regardless of models, the numbers of particles,
and iterations. Specifically, no matter, according to Power
1 or Power 2, detection power of IOBLPSO on all models
and (𝑃, 𝑇) settings is comparable and sometimes superior
to that of compared methods, which might be the result
of introducing three effective strategies into IOBLPSO: OBL
expanding the search space and enhancing the global explo-
rative ability, dynamic inertia weight guiding the particles
to more promising regions, and postprocedure carrying
out a deep search in highly suspected SNP sets; with the
numbers of particles or iterations grow, detection power
of both IOBLPSO and the PSO increase quickly, especially
IOBLPSO; IOBLPSO identifies almost all ground-truth SNPs
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Table 1: Average running time (seconds) of comparedmethods on simulation data sets. Experiments are conducted with Intel Xeon 2.00GHz
CPUs and 6GB of RAM runningMicrosoftWindows XP Professional x64 Edition 2003 Service Pack 2 for computational complexity analysis.

Methods BOOST AntEpiSeeker SNPRuler TEAM DBM-PSO ISO IOBLPSO
Running time 0.36 1146.60 1.56 13.14 68.73 13.40 20.75
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Figure 3: Detection power of compared methods on simulation data sets.

on all models with the parameter setting (100, 100), evenwith
(25, 100) or (100, 25); IOBLPSO has perfect detection power
on Model 1 and Model 2; that is to say, compared with other
PSO based methods, IOBLPSO needs less particles and/or
iterations to obtain higher detection power, implying that
IOBLPSO can handle large scale data sets for GWAS and its
scalability is better than others; for Model 1 and Model 2,
Power 1 and Power 2 of IOBLPSO reach a prefect level, Power
1 and Power 2 of other methods have different values since
these two models display not only interaction effects but also
marginal effects, leading to compared methods sometimes
only identifying several ground-truth SNPs, but not SNP-
SNP interactions; similarly, for each method on Model 3∼
Model 6, Power 1 and Power 2 of each compared method
are almost always equal because single ground-truth SNPs
show no main effects; in terms of computational complexity,

though IOBLPSO is not the fast one among all compared
methods, it can finish the work at affordable time costs; more
importantly, its time costs can be estimated and controlled by
setting the numbers of particles and iterations freely under
the premise of ensuring sufficient accuracy.

3.4. Application to Real AMD Data. In the study, potential
of IOBLPSO can also be verified by analyzing a real AMD
data set [40], which contains 103.611 SNPs genotyped with
96 cases and 50 controls. AMD, which refers to pathological
changes in the central area of the retina, is themost important
cause of irreversible visual loss in elderly populations and
is considered as a complex disease whereby multiple SNP-
SNP interactions interact with environmental factors to the
disease [4, 10]. We run IOBLPSO on AMD data set 20
times with different combinations of the number of particles
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Table 2: Detected SNP-SNP interactions associated with AMD. 𝑃 values of detected SNP-SNP interactions before Bonferroni correction, as
well as their linkage disequilibrium (LD) correlation coefficients 𝑟2, are also recorded. The SNPs in different SNP-SNP interactions have low
LD.

SNP Gene Chromosome Times Mutual information value
𝑃 value LD (𝑟2)

Individual Interaction
rs380390 CFH 1 1 0.1412 0.2955 5.0006𝑒 − 08 0.0089
rs1374431 N/A 2 0.0198
rs380390 CFH 1 2 0.1412 0.2949 5.7995𝑒 − 08 0.0015
rs2402053 N/A 7 0.0476
rs1329428 CFH 1 2 0.1218 0.2853 3.0012𝑒 − 08 0.0019
rs9328536 MED27 9 0.0563
rs380390 CFH 1 2 0.1412 0.2777 1.4359𝑒 − 07 0.0050
rs10512174 ISCA1 9 0.0844
rs380390 CFH 1 2 0.1412 0.2775 1.9451𝑒 − 07 0.0018
rs718263 NCALD 8 0.0471
rs380390 CFH 1 1 0.1412 0.2760 1.9798𝑒 − 07 0.0019
rs223607 N/A 6 0.0079
rs380390 CFH 1 8 0.1412 0.2752 1.1381e − 09 0.0031
rs1363688 N/A 5 0.0949
rs380390 CFH 1 1 0.1412 0.2678 6.4999𝑒 − 07 0.0013
rs210758 N/A 4 0.0131
rs380390 CFH 1 1 0.1412 0.2641 2.4273𝑒 − 07 0.0040
rs10507949 N/A 13 0.0948

𝑃 (10000, 20000) and the number of iterations𝑇 (500, 1000),
each running 5 times. The order of SNP-SNP interactions 𝐾
is set to 2 since the small sample size of 146 individuals is
insufficient for secure detection of any higher order SNP-SNP
interactions. Both acceleration factors 𝐶

1
and 𝐶

2
are set to

2. Detected SNP-SNP interactions associated with AMD are
listed in Table 2, where their mutual information values of
individual SNPs and SNP-SNP interactions are recorded.

It has been widely accepted that rs380390 and rs1329428
are believed to be significantly associated with AMD [10].
These two SNPs are in an intron of the CFH gene in
chromosome 1. There are biologically plausible mechanisms
for the involvement of CFH in AMD and at least 100
mutations in CFH have been proven to increase the risk of
AMD and other disorders. CFH is a regulator that activates
the alternative pathway of the complement cascade, the
mutations in which can lead to an imbalance in normal
homeostasis of the complement system. This phenomenon
is thought to account for substantial tissue damage in AMD
[41]. In the IOBLPSO, these two SNPs are detected as
members of SNP-SNP interactions, especially the rs380390.
Almost all SNP-SNP interactions include rs380390, since it
has the strongest main effect, leading to its combinations
with other SNPs displaying strong interaction effects. This
phenomenon indicates that IOBLPSO is sensitive to those
SNPs displaying strong main effects.

The SNP-SNP interaction (rs380390, rs1374431), also
reported by [42, 43], has the strongest interaction effect.
Rs1374431 is located in a noncoding region between genes
LOC644301 andKIAA1715.KIAA1715 is usually found in adult
brain regions. Although no evidences were reported with this
gene related to AMD, it may be a plausible candidate gene

associated with AMD [42, 43]. Another SNP-SNP interaction
(rs380390, rs2402053) has the second highest mutual infor-
mation value. The SNP rs2402053 is in the intergenic region
between genes TFEC and TES in chromosome 7q31 [44]. It
is worth noting that mutations in some genes on 7q31-7q32
are revealed in patients with retinal disorders [45].Therefore,
rs2402053 may be a new genetic factor contributing to the
underlying mechanism of AMD [46–50].

It is interesting that the SNP-SNP interaction (rs380390,
rs1363688) was successfully detected 8 times by the IOBLPSO
and by other methods [4, 21, 51], though it has moderate
interaction effect. However, in terms of 𝑃 value, the interac-
tion (rs380390, rs1363688) is the most statistically significant
one among all detected SNP-SNP interactions, which might
be the reason of it being frequently detected. This fact
implies that IOBLPSO is capable of capturing SNP-SNP
interactions with statistically significant 𝑃 values, though
its fitness function is the mutual information. The SNP-
SNP interaction (rs1329428, rs9328536) [52, 53], rs10507949
[4], and rs10512174 [51] also have been identified in AMD
association studies, but their functions are still unclear. Other
SNPs, that is, rs210758, rs223607, and rs718263, are the first
time being identified. Further studies with the use of large-
scale case-control samples are needed to confirm whether
these SNPs have true associations with AMD. We hope that,
from these results, some clues could be provided for the
exploration of causative factors of AMD.

4. Conclusions

Detection of SNP-SNP interactions is believed to be impor-
tant in understanding underlying mechanism of complex
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diseases. In this study, we proposed an improved opposition-
based learning particle swarm optimization, or IOBLPSO, to
detect SNP-SNP interactions. To the best of our knowledge,
IOBLPSO is the first PSO based method to detect SNP-SNP
interactions among possible SNP combinations. Highlights
of IOBLPSO are the introduction of three strategies: OBL,
dynamic inertia weight, and a postprocedure. Among them,
OBL is the core, which is presented in the stage of updating
particle experiences and common knowledge of swarm, not
only for enhancing the global explorative ability, but also
for avoiding premature convergence. Dynamic inertia weight
is computed before the stage of updating particle velocities
to allow particles to cover a wider search space while the
considered SNP is likely to be a random SNP and to converge
on promising regions of the search space while capturing
a highly suspected SNP. The postprocedure is introduced
as the final stage for carrying out a deep search in highly
suspected SNP sets. Experiments of IOBLPSO are performed
on lots of simulation data sets under the evaluation measures
of detection power and computational complexity. Results
demonstrate that IOBLPSO is promising for the detection of
all simulation models of SNP-SNP interactions. IOBLPSO is
also applied on a real AMD data set, results of which not only
show the strength of IOBLPSO on real applications, but also
capture important features of genetic architecture of AMD
that have not been described previously.These features might
provide new clues for biologists on the exploration of AMD
associated genetic factors.

IOBLPSO might be an alternative to existing methods
for detecting SNP-SNP interactions and has several merits.
First, IOBLPSO is easy to be implemented, and its time costs
can be estimated and controlled. Second, OBL and other
two strategies help to improve the performance of IOBLPSO.
Third, mutual information is effective in measuring SNP-
SNP interactions. Fourth, compared with other methods,
IOBLPSO needs less particles and/or iterations to obtain
higher detection power, implying that IOBLPSO can handle
large scale data sets for GWAS and its scalability is better
than others. Though IOBLPSO is a beneficial exploration in
the detection of SNP-SNP interactions, it still has several
limitations; for example, multiple SNP-SNP interactions in
a data set are not considered simultaneously; IOBLPSO is
sensitive to those SNPs that display strong main effects.
Furthermore, recent advancements in sequencing technology
have enabled the sequencing of the whole-exome or even
whole-genome of a cohort. The rare or de novo mutations
resulting from these experiments should be considered.
For example, Wu et al. recently proposed a bioinformatics
method called SPRING for prioritizing candidate mutations
[54]. It is therefore interesting to consider the problem of
interactive effects of such de novo mutations. Limitations of
IOBLPSO, as well as this new research hotspot, will inspire us
to continue working in the future.
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Efficient and intuitive characterization of biological big data is becoming a major challenge for modern bio-OMIC based scientists.
Interactive visualization and exploration of big data is proven to be one of the successful solutions. Most of the existing feature
selection algorithms do not allow the interactive inputs from users in the optimizing process of feature selection. This study
investigates this question as fixing a few user-input features in the finally selected feature subset and formulates these user-
input features as constraints for a programming model. The proposed algorithm, fsCoP (feature selection based on constrained
programming), performs well similar to or much better than the existing feature selection algorithms, even with the constraints
from both literature and the existing algorithms. An fsCoP biomarker may be intriguing for further wet lab validation, since it
satisfies both the classification optimization function and the biomedical knowledge. fsCoP may also be used for the interactive
exploration of bio-OMIC big data by interactively adding user-defined constraints for modeling.

1. Introduction

Biological big data is being accumulated at an accelerated
speed, facilitated by the rapid invention and development of
bio-OMIC data production technologies [1, 2]. Interactive
exploration technology is widely used to mine knowledge
from various big data areas [3] and may be useful to rapidly
and accurately detect phenotype-associated biomarkers from
the huge amount of bio-OMICdata [4].This is usually formu-
lated as the feature selection problem [5, 6].

Various algorithms have been proposed to choose a few
from a large number of features, by optimizing a phenotypic
measurement.Theprinciple of parsimony prefers aminimum
number of features for an accurate representation of the data
[7]. Detailed introduction may be found for both general
feature selection algorithms [8] and phenotype-associated
biomarker detection algorithms [9] from the literature. Con-
sidering millions or more of bio-OMIC features for each
sample, although the exhaustive search guarantees the detec-
tion of optimal feature subset, its computational requirement
exceeds the capacity of any high-performance computing
systems under the current parallel computing architecture.

So all the existing feature selection algorithms screen for the
suboptimal solutions based on some heuristic rules.

Heuristic feature selection algorithms may be grouped as
two classes based on how they generate the finally chosen
features. The class I wrapper or group optimization algo-
rithms evaluate a feature subset by testing its classification
performance with a learning algorithm. The features are
selected by heuristic rules or randomly, and only the feature
subsetwith the best classification performancewill be kept for
further investigation, for example, forward stepwise selection
[10] and ant colony optimization [11]. The class II filtering
or individual ranking algorithms measure each feature’s
correlation with the class labels and rank the features by their
measurement. Aheuristic assumption is that the combination
of top-ranked𝐾 features should produce a good classification
performance, where 𝐾 is an arbitrarily chosen integer. They
are usually much faster than the class I algorithms but lack
model robustness due to the ignorance of feature interdepen-
dence [12]. It is also difficult to determine how many features
should be chosen from the ordered feature list.

This work proposes a constraint programming based
interactive feature selection algorithm, fsCoP, for efficient
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exploration of the bio-OMIC big data. An interactive feature
selection problem requires a fast and accurate detection of
features and the integration of user-input features in the final
result.Themajority of existing feature selection algorithmsdo
not consider how to make sure a given feature subset appears
among the finally selected features. fsCoP fixes the user-input
features in the result by formulating them as constraints of
the programmingmodel. Our data show that features chosen
by fsCoP perform well similar to or much better than the
existing feature selection algorithms in classification, even
with the constraints of fixed features from both literature and
other algorithms.

2. Materials and Methods

2.1. Dataset Downloading and Preprocessing. Two microar-
ray-based gene expression profiling datasets are downloaded
from the NCBI GEO database [13]. Both datasets GSE5406
[14] and GSE1869 [15] profiled ischemic cardiomyopathy
samples and their controls on the Affymetrix Human
Genome U133A Array (HG-U133A) platform. The transcrip-
tomes are normalized using the RMA algorithm [16]. The
gene expression profiles of ischemic cardiomyopathy samples
and the nonfailing controls are kept for binary classification
study in this work.

2.2. Feature Selection Based on Constraint Programming
(fsCoP). This work proposes a constraint programming
based feature selection algorithm, allowing the user to deter-
mine a few features in the finally chosen feature subset.
The prefixed features may be the biomarkers known to be
associated with the phenotype in the literature or the features
selected by other feature selection algorithms. This model
is proposed to answer the biological questions like whether
a few genes together with the ischemic cardiomyopathy
associated ACE2 (angiotensin-converting enzyme-2) may
constitute an accurate model for the disease early detection.
The majority of the existing feature selection algorithms do
not have the integrating component for fixing a few features
in the final feature subset. Let FixedSubset be the set of
features to be fixed in the final result and let 𝑐 be the class
number. Class 𝑗 has 𝑛𝑗 samples, where 𝑗 = 1, 2, . . . , 𝑐. The
programming model is defined as follows:

min
𝑤𝑖 ,𝜉𝑘

{

{

{

𝑝

∑

𝑖=1

𝑤𝑖 + 𝜆(

𝑐

∑

𝑗=1

𝑛𝑗

∑

𝑘=1

𝜉𝑘)

}

}

}

, (1)

s.t.
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𝑠
𝑗

𝑘𝑖
− 𝑚
∼𝑗

𝑖


𝑤𝑖,

for 𝑘 ∈ {1, 2, . . . , 𝑛𝑗} , 𝑗 ∈ {1, 2, . . . , 𝑐} ,

(2)

𝑤𝑓 ≥ MinWeight, for 𝑓 ∈ FixedSubset, (3)

0 ≤ 𝑤𝑖 ≤ 1, (4)

𝜉𝑘 ≥ 0. (5)

The average value of the 𝑖th feature is denoted as 𝑚
𝑗

𝑖 for the
samples in class 𝑗. Formula (2)makes that the centroid of class
𝑗 is the closest centroid to the samples of the class 𝑗. Each
prefixed feature has the weight no smaller than MinWeight.
Each feature has a weight𝑤𝑖 ∈ [0, 1], where only features with
positive weights are selected by the algorithm.

2.3. Classification Performance Measurements. A binary clas-
sification model is trained over the datasets of positive and
negative samples, whose numbers are 𝑃 and 𝑁, respectively.
The classification performance is usually measured by the
sensitivity Sn = TP/(TP+FN) and specificity Sp = TN/(TN+

FP), where TP, FN, TN, and FP are the numbers of true
positives, false negatives, true negatives, and false positives.
The overall classification performances may be measured by
the overall accuracy Acc = (TP + TN)/(TP + FN + TN + FP)

and balanced overall accuracy Avc = (TP + TN)/(TP + FN +

TN+FP). Matthew’s Correlation Coefficient is also calculated
tomeasure howwell a classificationmodel is, and it is defined
asMCC = (TP×TN−FP×FN)/sqrt((TP+FP)× (TP+FN)×

(TN+FP)×(TN+FN)), where sqrt(𝑥) is the squared root of 𝑥.
Fivefold cross validation (5FCV) strategy is used to

train the model and calculate how well a model performs.
Fluctuation may occur for different seeds of the random
number generator. So 30 runs of the 5FCV experiments are
carried out with different random seeds.

2.4. Comparison with Four Feature Selection Algorithms. The
proposed feature selection algorithm fsCoP is compared with
two ranking algorithms, that is, 𝑡-test (TRank) [17] and
Wilcoxon test (WRank) [18], and two other widely used
algorithms, that is, prediction analysis of microarrays (PAM)
[19] and regularized random forest (RRF) [20].

The ultimate goal of the proposed model is to select a
subset of features with accurate classification performance.
The performance of a given feature subset is measured by
five widely used classification algorithms, including support
vector machine (SVM) [21], Naive Bayesian [22], decision
tree (DTree) [23], Lasso [24], and 𝐾-nearest neighbor [25].
The classification model with the best Matthew’s Correlation
Coefficients is kept for the comparison study.

This work uses the default parameters of all the inves-
tigated algorithms implemented in the statistical software
R/Rstudio version 3.1.1 released on July 10, 2014 [26, 27]. A
classification model is usually obtained by trying multiple
classification algorithms [28, 29]. So this work compares the
feature selection algorithms based on the highestMCCvalues
of the five aforementioned classification algorithms.

3. Results and Discussion

3.1. Constrains from the Literature. The angiotensin-con-
verting enzyme-2 (ACE2) at the location Xp22.2 of the
human genome HG19 is chosen to be fixed in the algorithm
fsCoP, denoted as fsCoP(ACE2). ACE2 was observed to be
differentially expressed between ischemic and nonischemic
cardiomyopathy and may play a role in transducing the
signal of heart failure pathophysiology [15]. The expression
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Table 1: Performance comparison of the algorithm fsCoP. fsCoPhas no prefixed features, and themodel fsCoP(ACE2) has two predetermined
features.

GSE5406
fsCoP Sn Sp Acc Avc MCC
SVM 1.000 1.000 1.000 1.000 1.000
NBayes 1.000 0.998 1.000 0.999 0.999
DTree 0.992 0.800 0.967 0.896 0.848
Lasso 0.999 0.900 0.987 0.950 0.939
KNN 1.000 0.871 0.983 0.936 0.923
fsCoP(ACE2) Sn Sp Acc Avc MCC
SVM 1.000 0.996 0.999 0.998 0.998
NBayes 1.000 0.998 1.000 0.999 0.999
DTree 0.993 0.796 0.967 0.894 0.847
Lasso 1.000 0.907 0.988 0.953 0.944
KNN 0.999 0.860 0.982 0.930 0.916

GSE1869
fsCoP Sn Sp Acc Avc MCC
SVM 1.000 0.955 0.983 0.978 0.965
NBayes 1.000 0.972 0.990 0.986 0.979
DTree 0.907 0.000 0.567 0.453 NaN
Lasso 0.960 0.989 0.971 0.974 0.943
KNN 1.000 0.994 0.998 0.997 0.996
fsCoP(ACE2) Sn Sp Acc Avc MCC
SVM 1.000 0.939 0.977 0.970 0.953
NBayes 1.000 1.000 1.000 1.000 1.000
DTree 0.987 0.000 0.617 0.493 NaN
Lasso 0.990 0.967 0.981 0.978 0.962
KNN 1.000 1.000 1.000 1.000 1.000

Table 2: Running time of fsCoP and fsCoP(ACE2) on GSE5406. All the running times are calculated in seconds and column “repeat” gives
the number of repeats of each model with different random seed.

Repeat fsCoP Avg (fsCoP) fsCoP(ACE2) Avg (fsCoP(ACE2))
5 11.95 2.39 11.78 2.36
10 23.83 2.38 23.96 2.40
50 120.01 2.40 117.79 2.36
100 240.23 2.40 236.75 2.37

level of ACE2 is detected by two probe sets (219962 at and
222257 s at) in the Affymetrix microarray platform U133A
(GPL96).These two features will be fixed in the feature subset
fsCoP(ACE2), and the performances of the five classification
algorithms are compared using the selected features by fsCoP
and fsCoP(ACE2).

Firstly, fsCoP and fsCoP(ACE2) achieve similarly good
performance on the two investigated datasets, that is,
GSE5406 and GSE1869. Table 1 shows that, except the deci-
sion tree algorithm on the dataset GSE1869, there are no greater
than 0.021 differences in MCC between the two versions
of fsCoP. The greatest difference occurs for the NBayes
classification algorithm on the dataset GSE1869, where
fsCoP(ACE2) (1.000 in MCC) improves fsCoP (0.979).

Secondly, if only the best classification algorithm is
chosen for each subset of selected features, fsCoP(ACE2)

also performs well similar with fsCoP. SVM(fsCoP) only
improves NBayes(fsCoP(ACE2)) by 0.001 inMCC.The other
classification performance measurements also show that
this is a minor improvement, with the maximal difference
being 0.002 in specificity (Sp). The comparison of the best
classification models between the two datasets in Table 1
also shows that NBayes(fsCoP(ACE2)) even performs 0.002
better than KNN(fsCoP) on the dataset GSE1869.

fsCoP runs fast similar with or without fixing a few
features. The running time of the algorithm fsCoP with or
without fixing user-selected features is compared between
fsCoP and fsCoP(ACE2). Since fsCoP runs very fast, we
repeat themodel testing formultiple times with different ran-
dom seeds, as in Table 2.The data suggests that fsCoP(ACE2)
runs slightly faster than fsCoP for most of the times, except
for the case of 10 repeats.
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Figure 1: Classification performance comparison of the five feature selection algorithms on the datasets: (a) GSE5406 and (b) GSE1869. The
histograms give the detailed values of the classification performance measurements, that is, Sn, Sp, Acc, Avc, and MCC.

3.2. Comparison of fsCoP(ACE2) with the Existing Feature
Selection Algorithms. A further comparison of fsCoP(ACE2)
with the other existing feature selection algorithms is con-
ducted for the best classification algorithms on each of
the selected features, as shown in Figure 1. First of all,
fsCoP(ACE2) performs the best (100%) in sensitivity (Sn)
with the classification algorithm NBayes on both datasets,
as in Figures 1(a) and 1(b). SVM(TRank) achieves the same
sensitivities for both datasets, and KNN(PAM) also achieves
100% in Sn on the dataset GSE1869. NBayes(fsCoP(ACE2))
achieves 0.998 in specificity (Sp) on the dataset GSE5406,
and no other feature selection algorithms reach the same
specificity level. Figure 1(a) suggests that the second best
feature selection algorithm may be TRank, which achieves
0.964 in MCC on the dataset GSE5406.

3.3. Constraints from the Existing Feature SelectionAlgorithms.
Except for the features selected by TRank, fsCoP improves
all the other three feature selection algorithms. fsCoP(A)
is defined to be feature list selected by fsCoP, with the
fixed features selected by Algorithm A. Figure 2 shows that
fsCoP(TRank) achieves the same classification performance
as TRank, and, for the three other feature selection algo-
rithms, fsCoP() achieves higher averaged values and smaller
standard deviations for all the five classification performance
measurements.Themost significant improvement of fsCoP is
observed for the RRF algorithm, with 0.0916 in Sp improve-
ment. So besides the integration of known biomarkers from
the literature, fsCoP may also be used to further refine
the feature subset selected by the existing feature selection
algorithms. Better classification performance with smaller
fluctuation may be obtained stably by fsCoP, compared with
the algorithms.

After the further refining by fsCoP, features selected by
all the four feature selection algorithms achieve 100% in
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Figure 2: Improvements of fsCoP compared with the four inves-
tigated feature selection algorithms, by fixing the features selected
by each algorithm. The average “Avg()” and standard deviation
“StdEv()” of the five classification performance measurements, that
is, Sn, Sp, Acc, Avc, and MCC, are calculated over the 30 runnings
of 5-fold cross validations of a given feature subset.

the classification sensitivity, while maintaining at least 92%
in specificity. And at least 0.95 in MCC is achieved for all the
four cases.
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We mainly discussed miR-#-5p and miR-#-3p under three aspects: (1) primary evolutionary analysis of human miRNAs; (2)
evolutionary analysis of miRNAs from different arms across the typical 10 vertebrates; (3) expression pattern analysis of miRNAs
at the miRNA/isomiR levels using public small RNA sequencing datasets. We found that no bias can be detected between the
numbers of 5p-miRNA and 3p-miRNA, while miRNAs from miR-#-5p and miR-#-3p show variable nucleotide compositions.
IsomiR expression profiles from the two arms are always stable, but isomiR expressions in diseased samples are prone to show
larger degree of dispersion. miR-#-5p and miR-#-3p have relative independent evolution/expression patterns and datasets of target
mRNAs, which might also contribute to the phenomena of arm selection and/or arm switching. Simultaneously, miRNA/isomiR
expression profiles may be regulated via arm selection and/or arm switching, and the dynamic miRNAome and isomiRome will
adapt to functional and/or evolutionary pressures. A comprehensive analysis and further experimental study at the miRNA/isomiR
levels are quite necessary for miRNA study.

1. Introduction

MicroRNAs (miRNAs) have been widely studied as a class
of well-conserved negative regulatory molecules. They play
an important role in biological processes by regulating gene
expression at the posttranscriptional level [1, 2]. As endoge-
nous small noncoding RNAs (ncRNAs) (∼22 nt), miRNAs
are generated from the cleavage of primary miRNAs (pri-
miRNAs) and precursor miRNAs (pre-miRNAs) by Drosha
and Dicer cleavage [3–5]. miRNA may be generated from 5p
or 3p arm of pre-miRNA, and the selection is believed to
be influenced by hydrogen-bonding selection [6]. Based on
the typical miRNA genesis, one arm can produce abundant
active mature miRNAs, while another arm can produce
rare and inactive miRNAs∗ (miRNA star, also ever named
passenger strand). However, increasing evidence indicates
that both arms can generate mature miRNAs under specific
developmental stages or species [7–13]. Indeed, many pre-
miRNAs have been reported to yield two kinds of mature

miRNAs, although the two products, miR-#-5p and miR-#-
3p, may vary in expression levels. The term given to this
dynamic selection and expression is “arm switching’’ [8,
14]. Evolutionary analysis demonstrates that both miR-#-
5p and miR-#-3p are conserved, although the nondominant
miRNA sequences are not well-conserved with dominant
miRNA sequences [15]. Increasing reports indicate that the
nondominantly expressed miRNA sequences may act as
potential regulatory molecules with unexpectedly abundant
expression levels [16–18].

Although the typical miRNA is annotated and studied
as a single sequence, accumulating evidence suggests that
multiple sequences with varied 5 and/or 3 ends or varied
lengths have been detected from the miRNA locus. The
annotated or canonical miRNA is only one specific member
of the multiple sequences. These multiple sequences are
termed miRNA variants, also named isomiRs [19–23]. The
miRNA isoforms are mainly derived from imprecise cleavage

Hindawi Publishing Corporation
BioMed Research International
Volume 2015, Article ID 168358, 14 pages
http://dx.doi.org/10.1155/2015/168358

http://dx.doi.org/10.1155/2015/168358


2 BioMed Research International

by Drosha/Dicer and 3 addition events through miRNA
processing andmaturation processes. RNA editing and single
nucleotide polymorphisms (SNPs) also contribute to the
generation of these multiple isomiRs [22]. The occurrence
of multiple isomiRs is quite common, and each miRNA
locus can be associated with these various miRNA isoforms
[9, 19, 21, 23–30]. Despite the fact that both miR-#-5p and
miR-#-3p are generated from the pre-miRNA and can form
miRNA:miRNA duplex through nucleotide complementary
base pairing, the two miRNA loci may yield various isomiR
expression profiles and patterns [31].

This study aimed to explore the potential evolution-
ary and expression divergences and relationships between
miRNAs from different arms of different/same pre-miRNAs.
First, we characterized the origins and nucleotide compo-
sitions of all the annotated human miRNAs. Second, we
performed evolutionary analysis on the common miRNAs
among 10 typical vertebrates and then analyzed the non-
dominant miRNAs based on the pre-miRNAs. Finally, the
expression analysis was performed in samples from female
patients using published small RNA sequencing datasets.
Because gender difference can affect isomiR expression pro-
files [32], and common variation affects various diseases and
medically relevant characteristics in a sex-dependentmanner
[33], we selected female patients to analyze miRNA/isomiR
expression profiles to avoid potential effects from gender dif-
ference. miRNA expression patterns were mainly estimated
at the miRNA/isomiR levels, especially between homologous
miRNAs and between miR-#-5p and miR-#-3p. This study
provides insights on the arm selection and/or arm switching
in miRNAs from the evolutionary and expression angles,
which would partly be informative to understanding the
dynamic miRNAome and isomiRome and to characterizing
miRNA and isomiR expression profiles. Study from the
isomiR level may be a necessary way to understand miRNA,
especially for those isomiRs from ever termed passenger
stand, which will contribute to further explore miRNA
biogenesis and function.

2. Materials and Methods

2.1. Source Data and Primary Analysis. According to the
evolutionary taxa and numbers of known miRNA genes, 10
vertebrate species were selected: Petromyzon marinus (pma,
Agnathostomata), Danio rerio (dre, Pisces), Xenopus tropi-
calis (xtr, Amphibia), Anolis carolinensis (aca, Lepidosauria),
Gallus gallus (gga, Aves), Equus caballus (eca, Mammalia,
Laurasiatheria), Bos taurus (bta, Mammalia, Ruminantia),
Monodelphis domestica (mdo, Mammalia, Metatheria), Mus
musculus (mmu, Mammalia, Rodentia), and Homo sapiens
(hsa, Mammalia, Primates, Hominidae). All the pre-miRNAs
and miRNAs were retrieved from the miRBase database
(Release 20.0, http://www.mirbase.org/) [34].

Location information of miRNA on pre-miRNAs was
obtained according to the annotations in the miRBase
database. Specifically, miRNA generated from 5p arm of
pre-miRNA was named miR-#-5p (# indicated the detailed
miRNA name, such as miR-100), andmiRNA generated from
3p arm of pre-miRNA was named miR-#-3p. If there is no

existing annotation, the detailed location distributions were
determined using self-developed scripts. Many miRNAs may
be generated from multicopy pre-miRNAs, and herein we
only presented the detailed isomiR expression profiles based
on location of the first pre-miRNA. In the study, miR-#-
5p and miR-#-3p were defined as miRNA pairs generated
from the 5p and 3p arm of pre-miRNA, respectively, and
5p-miRNA and 3p-miRNA were defined as the miRNAs
generated from 5p or 3p arm of different pre-miRNAs.

2.2. Evolutionary Analysis of miRNAs in Ten Test Vertebrates.
Known annotated miRNAs from ten vertebrates were com-
prehensively surveyed for common miRNA members using
self-developed scripts. These miRNAs were further classified
based on the unit of miRNA gene family because many
miRNAs could belong to the same gene family based on
homologous sequences with high sequence similarity. Those
pre-miRNAs that were not comprehensively annotated (miR-
#-5p or miR-#-3p was not simultaneously annotated based
on limited studies), unannotated miRNA sequences, were
predicted and obtained from consensus sequences using pre-
miRNAs and known humanmiRNAs.Themain reasons were
as follows: (1) human miRNAs have been widely studied,
and most miR-#-5p and miR-#-3p are reported and anno-
tated; (2) most miRNAs are phylogenetically well-conserved
across different animal species, and well-conserved consen-
sus sequences are easily obtained using sequence alignment
analysis; (3) although the miR-#-5p and miR-#-3p show dif-
ferent levels of evolutionary divergence, both of themare con-
served; (4) according to the known miRNA sequences and
pre-miRNAs, the detailedmiR-#-5p andmiR-#-3p sequences
can be collected. The shared miRNAs were aligned using
Clustal X 2.0 multiple sequence alignment [35]. Nucleotide
divergence was analyzed using MEGA 5.10 software [36]
and DnaSP 5.10.01 software [37]. Simultaneously, nucleotide
diversity (𝜋), haplotype diversity (Hd), and average number
of nucleotide differences (𝑘) for the miRNAs from different
animal species were calculated using DnaSP software as
special miRNA populations [38]. Evolutionary patterns were
estimated based on nucleotide divergence across the ten
animal species using percentage of nucleotide substitutions
(transition and transversion) and insertions/deletions in each
position. The reference nucleotide was denoted as human
miRNA. Based on the potential length difference between
miRNAs in different species, we only analyzed the core
sequences and not the terminus nucleotides with deficiency
(these nucleotides were mostly derived from length differ-
ences). Nucleotide divergence patterns were further esti-
mated between 5p-miRNA and 3p-miRNA and between
miR-#-5p and miR-#-3p.

In order to track the evolutionary history of pre-miRNAs
and miRNAs from the different arms, especially between
homologous miRNAs, phylogenetic trees of pre-miRNAs
were reconstructed using the neighbor-net method [39]
in SplitsTree 4.10 [40], and networks of miRNAs were
defined based on Jukes-Cantor model and Network 4.6.1.1
(http://www.fluxus-engineering.com/) using the median-
joining (MJ) method. Also, the free energies of some pre-
miRNAs were estimated through the RNAfold WebServer
(http://rna.tbi.univie.ac.at/cgi-bin/RNAfold.cgi) [41, 42].
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2.3. Analysis of the miRNA/isomiR Expression Levels Using
Public Sequencing Datasets. In order to understand the
expression patterns of miR-#-5p and miR-#-3p pairs, we
analyzed them at the miRNA/isomiR levels using small
RNA sequencing datasets generated by The Cancer Genome
Atlas (TCGA) pilot project established by the NCI and
NHGRI. Information about TCGA and the investigators and
institutions constituting the TCGA research network can
be found at http://cancergenome.nih.gov/. Available small
RNA sequencing datasets associated with the three kinds of
women’s diseases including breast cancer (BRCA), ovarian
serous cystadenocarcinoma (OV), uterine corpus endome-
trial carcinoma (UCEC), and their respective control samples
were selected to investigatemiRNA expression patterns at the
miRNA/isomiR levels (see Table S1 in Supplementary Mate-
rial available online at http://dx.doi.org/10.1155/2015/168358).
We also conducted expression analysis in the three kinds of
women’s diseases dataset of somemiRNAs (especially homol-
ogousmiRNAs) identified fromour evolutionary analysis. All
of these high-throughput sequencing datasets were generated
on Illumina HiSeq sequencing platform.

Reads per million (RPM) were used to estimate the
relative expression levels, and relative expression rate (per-
centage) in the miRNA locus was used to assess the isomiR
expression patterns across different samples. In order to
track relative expression levels of miRNA/isomiR and reduce
potential sequencing errors/mapping procedures, only those
abundant miRNAs/isomiRs were selected to perform the
analysis using larger sample sizes. The abundant expres-
sion and larger sample sizes could reduce error. Fur-
ther, functional analysis was performed between miR-#-5p
and miR-#-3p and between canonical miRNA sequences
and their 5 isomiRs (with the novel 5 ends and seed
sequences). According to the seed sequences, target mRNAs
were predicted and obtained from TargetScan program
(http://www.targetscan.org/).

2.4. Statistical Analysis. Data were evaluated using paired
𝑡-test (length distributions between miR-#-5p and miR-#-
3p), Student’s 𝑡-test (length distributions between 5p-miRNA
and 3p-miRNA), Chi-square test (nucleotide compositions
between different miRNAs from 5p or 3p), Wilcoxon signed-
rank test (nucleotide divergence pattern between miR-#-5p
and miR-#-3p), and Spearman correlation test (nucleotide
divergence between miR-#-5p and miR-#-3p and homol-
ogous miRNAs). Differences were considered statistically
significant if the 𝑃 value is less than 0.05. All tests were two-
tailed and conducted using Stata software (Version 11.0).

3. Results

3.1. Primary Analysis of Human miR-#-5p/miR-#-3p and
5p-miRNA/3p-miRNA. There were 2,578 annotated human
mature miRNAs in the miRBase database (Release 20.0). A
total of 1,291 miRNAs were characterized from the 5p arms
of pre-miRNAs, while the others were characterized from
the 3p arms. Of these, 849 pairs were identified as miR-#-5p
and miR-#-3p from the same pre-miRNAs. Both 5p-miRNA
and 3p-miRNA or miR-#-5p and miR-#-3p had different

length distributions (5p-miRNA, 21.67 ± 0.04, 3p-miRNA,
21.51 ± 0.04, 𝑡 = −2.68, 𝑃 < 0.01; miR-#-5p, 22.08 ± 0.04,
miR-#-3p, 21.72 ± 0.04, 𝑡 = 6.01, 𝑃 < 0.01, Figure 1(a)).
5p-miRNA and 3p-miRNA showed different nucleotide com-
positions (𝜒2 = 400.02, 𝑃 < 0.01, Figure 1(b) and Table 1).
Guanine (G) was more predominant in 5p-miRNA (more
than 32.82%) than in 3p-miRNA (24.77%). The predominant
nucleotide in 3p-miRNA was cytosine (C) (27.19%), which
was present at 19.76% in 5p-miRNA (Figure 1(b)). The pres-
ence of G, including double (GG), triple (GGG), and fourfold
(GGGG) nucleotides, showed larger divergence between
miRNAs from different arms (Figure 1(b) and Table 1).
Similarly, the nucleotide composition was varied between
miR-#-5p and miR-#-3p (Figure 1(b) and Table 1). Significant
differences in the continuous nucleotide compositions could
be detected between 5p-miR and 3p-miRNA and between
miR-#-5p and miR-#-3p (Table 1). Compared to the total
nucleotide compositions, nucleotides in each position along
miRNA also showed significant difference between 5p-miR
and 3p-miRNA and between miR-#-5p and miR-#-3p (𝜒2 =
656.70, 𝑃 < 0.01, Figure 1(c); 𝜒2 = 813.57, 𝑃 < 0.01,
Figure 1(d)), although the nucleotides 2–8, termed “seed
sequences” of the miRNAs, did not display nucleotide bias.

3.2. Evolutionary Patterns of miR-#-5p/miR-#-3p and 5p-
miRNA/3p-miRNA across Species. There were 31 miRNAs
gene families (contain 43 miRNA members) shared by the
10 test animal species (Table S2). They may be composed
of two or more members with high sequence similarity, but
these members were not always shared by the 10 species.
The common miRNA might have different number of pre-
miRNAs (also termed multicopy pre-miRNAs) in different
species and even have different number of homologous
miRNAs (Figure S1).

Although miRNAs are regarded as phylogenetically
well-conserved small ncRNAs, different miRNAs, including
homologous miRNAs, may show various evolutionary pat-
terns (Figure S1) [15, 38]. Analysis of miR-#-5p and miR-
#-3p revealed diverse variations in nucleotide composition
(Figure S1). Compared to the dominant miRNAs, another
strands showed higher levels of nucleotide diversity, haplo-
type diversity, and average number of nucleotide difference
(Table 2). For example, let-7a-5p was highly conserved across
the ten species, but let-7a-3p was associated with variation in
the nucleotides. Generally, the dominant miRNAs were well-
conserved, especially in the “seed sequences” (nucleotides 2–
8), while nondominant miRNAs might display more vari-
ation in nucleotide composition (Figures S1C and S1D).
Although both of them were reported as functional miR-
NAs existing at abundant levels in one or more species,
55.81% of miR-#-5p and miR-#-3p showed different levels of
nucleotide divergence (Figure 2(a) and Table S3). The scatter
plot analysis of the shared 43 miRNA genes revealed that
both miR-#-5p and miR-#-3p were conserved (Figure 2(a)),
with most sites showing minimal variation in nucleotide
composition. Herein, 20 dominant miRNAs were identified
as 5p-miRNA from 5p arm, and others (23 miRNAs) were
identified as 3p-miRNA from 3p arm. We also analyzed the
functional regions (seed sequences) of miRNAs, and only 4
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Figure 1: Continued.
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Figure 1: Primary analysis of human miRNAs according to their locations on pre-miRNAs. (a) Location and length distributions of human
miRNAs. There are 849 pairs of miRNAs that are characterized as miR-#-5p and miR-#-3p from the same pre-miRNAs. Despite the fact that
22 nt is predominant length, the length distributions of 5p-miRNA and 3p-miRNA are highly variable (𝑡 = −2.68, 𝑃 < 0.01). The frequency
distribution of𝐷-value (difference value) of miR-#-5p andmiR-#-3p indicates that the two arms of pre-miRNA are likely to generate different
miRNAs with different lengths (𝑡 = 6.01, 𝑃 < 0.01). (b) Nucleotide compositions between 5p-miRNA and 3p-miRNA, miR-#-5p and miR-
#-3p. Guanine (G) is the most predominant nucleotide in 5p-miRNA and miR-#-3p (more than 32%), while moderate distributions of the
four nucleotides can be detected in 3p-miRNA and miR-#-3p. The two kinds of miRNAs are likely to have different nucleotide compositions
(𝜒2 = 400.02, 𝑃 < 0.01). (c) Difference in nucleotide compositions based on the position along miRNA is detected between 5p-miRNA and
3p-miRNA (𝜒2 = 656.70, 𝑃 < 0.01). The frequency distributions of nucleotides in each position are also presented here. (d)The difference in
nucleotide compositions based on position along miRNA is detected between miRNA-#-5p and miRNA-#-3p (𝜒2 = 813.57, 𝑃 < 0.01). The
frequency distributions of nucleotides in each position are also presented here.

Table 1: Frequency of nucleotide compositions between all human miRNAs from different arms.

Nucleotides 5p-miRNA (%) 3p-miRNA (%) miR-#-5p (%) miR-#-3p (%) 𝜒

2, 𝑃
AA 18.38 18.13 17.98c 17.09
UU 22.21 24.39 22.59 25.68
CC 17.39 30.64 17.80 36.06
GG 42.02 26.84 41.63 21.17
Total 100 100 100 100 21.31, 0.01
AAA 16.26a 17.77 14.39d 16.21
UUU 20.83 23.41 21.36 24.98
CCC 15.38 33.80 15.40 40.90
GGG 47.53 25.02 48.85 17.91
Total 100 100 100 100 42.74, 0.00
AAAA 17.72b 19.87 14.97e 17.95
UUUU 21.44 22.03 20.38 22.76
CCCC 8.97 34.99 8.60 45.83
GGGG 51.86 23.11 56.05 13.46
Total 100 100 100 100 81.10, 0.00
The percentage is estimated based on frequency in all the 5p- or 3p-miRNAs, all the miR-#-5p or miR-#-3p. aA significant difference in the triple repetitive
nucleotides can be detected between 5p-miRNA and 3p-miRNA (𝜒2 = 14.82, 𝑃 < 0.01), ba significant difference in the four repetitive nucleotides can be
detected between 5p-miRNA and 3p-miRNA (𝜒2 = 26.71, 𝑃 < 0.01), ca significant difference in the double repetitive nucleotides can be detected betweenmiR-
#-5p and miR-#-3p (𝜒2 = 13.21, 𝑃 < 0.01), da significant difference in the triple repetitive nucleotides can be detected between miR-#-5p and miR-#-3p (𝜒2 =
26.89, 𝑃 < 0.01), and ea significant difference in the four repetitive nucleotides can be detected between miR-#-5p and miR-#-3p (𝜒2 = 52.17, 𝑃 < 0.01).
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Figure 2: Scatter plots of miR-#-5p and miR-#-3p (a); homologous miRNAs and distribution of Spearman correlation coefficients (b). (a)
Scatter plots of nucleotide substitution rates in the common miRNAs and their nondominant strands based on each position along miRNA
(the conservation level was estimated based on nucleotide substitution rates along miRNA). (b) Scatter plots of nucleotide substitution
between homologous miRNAs (miRNA gene family). miR-#-5p and miR-#-3p were compared and analyzed. The last figure indicates the
distribution of Spearman correlation coefficient (𝜌) across different miRNA gene families.

Table 2: Nucleotide diversity (𝜋), haplotype diversity (Hd), and average number of nucleotide differences (𝑘) of differentmiRNApopulations.

miRNA miRNA-#-5p miR-#-3p
𝜋 Hd 𝑘 𝜋 Hd 𝑘

let-7a 0.00 0.00 — 0.18 ± 0.01 0.86 ± 0.05 3.69
Total (let-7 family, 76, 45) 0.12 ± 0.01 0.92 ± 0.01 2.60 0.25 ± 0.01 0.93 ± 0.01 4.90
miR-30b 0.00 0.00 — 0.14 ± 0.04 0.83 ± 0.13 2.86
miR-30c 0.00 0.00 — 0.11 ± 0.03 0.80 ± 0.08 2.09
miR-30d 0.04 ± 0.01 0.58 ± 0.16 0.91 0.12 ± 0.03 0.77 ± 0.13 2.35
Total (part mir-30 family) 0.08 ± 0.01 0.52 ± 0.08 1.83 0.28 ± 0.02 0.93 ± 0.02 5.26
These parameters are estimated according to Figure S1.

pairs (9.30%) indicated difference (Table S3). The difference
in average percentages from all the miR-#-5p and miR-#-3p
was not significant (𝑍 = −1.642, 𝑃 > 0.05), and similar
result could be detected based on the dominant miRNA
(𝑍 = −1.55, 𝑃 > 0.05). Furthermore, although homol-
ogous miRNAs displayed close sequence, functional, and
evolutionary relationships, no significant correlations were
detected between most of homologous miRNAs (Figure 2(b)
and Table S4).

Phylogenetic trees and networks were reconstructed
using pre-miRNAs and miRNAs from Figure S1, respectively
(Figure 3). The phylogenetic tree of let-7a was split into
three clusters, and each cluster contained pre-miRNAs from
different animal species (Figure 3(a)). Compared to the tree
of the single miRNA gene of let-7a, the phylogenetic tree
of homologous mir-30b, mir-30c, and mir-30d could be
split (Figure 3(b)). mir-30d showed larger genetic distance
with mir-30b and mir-30c. The pma-mir-30b and pma-mir-
30c were clustered with mir-30d, which indicates that these
should bemembers of pma-mir-30d (Figure S1 and Figure 3).
The evolutionary networks of miR-#-5p and miR-#-3p
showed various patterns (Figures 3(c) and 3(d)). Different
types of sequences (termed miRNA haplotypes) were clas-
sified with different frequencies. For example, let-7a-5p was
highly conserved across the ten animal species, and only
one specific sequence was identified. However, let-7a-3p
was associated with high nucleotide variation and showed a

complex evolutionary network (Figure S1A and Figure 3(c)).
Compared to let-7, both evolutionary networks of miR-30-
5p and miR-30-3p showed clear module networks based on
miRNA members (Figure 3(d)).

3.3. Expression Analysis of miR-#-5p/miR-#-3p at the
miRNA/isomiR Levels. We analyzed available miRNA
datasets of 2,144 patients or volunteers with women’s diseases
(BRCA, OV, or UCEC) and their relevant controls (Table
S1). Following evolutionary analysis, several miRNAs
were selected to perform expression analysis using these
sequencing datasets. Generally, in the miRNA locus, only
several isomiRs were dominantly expressed (Figure 4 and
Tables S6, S7, and S8). Homologous miRNAs were likely to
show similar isomiR expression pattern, such as miR-30a
and miR-30e (Figure 4). Dominant miRNAs and their
multiple isomiRs were present at abundant expression levels,
while most of nondominant strands were not abundant.
Abundantly expressed isomiRs were always near the most
dominant isomiR sequence. Specifically, their 5 or 3 ends
either were the same or differ at 1-2 nucleotides (Figure 4
and Tables S6, S7, and S8). The standard deviation (SD)
of the average percentage of each isomiR showed diverse
distributions (Figure 5 and Figures S2, S3, and S4). Different
miRNAs showed different types of isomiRs with diverse
expression distribution and SD (Figures 4 and 5 and Figures
S2, S3, and S4). Abundantly expressed isomiRs were likely to
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Figure 3: Examples of evolutionary patterns of differentmiRNAs. (a) Phylogenetic tree of let-7a.The tree is reconstructed using all themiRNA
precursors, including multicopy pre-miRNAs. Multicopy pre-miRNAs are likely to be located in different clusters. (b) The phylogenetic tree
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Figure 4: Continued.
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Figure 4: IsomiR expression patterns across different samples. IsomiR is presented here based on the location on chromosome (the detailed
location distributions can be found in Tables S6, S7, and S8). The percentage shows the relative expression levels in the miRNA locus. The
mean and standard deviation are presented in the figure. BRCA-NT or UCEC-NT shows normal samples that match tumor samples. (a)
IsomiR expression patterns of let-7a-5p across the five kinds of samples. Similar distributions can be found across the different samples. The
right bar chart indicates distribution of the mean percentage and standard deviation of the five kinds of samples. ((b)-(c)) IsomiR expression
patterns of homologous miR-30a and miR-30e. Both of them can generate two kinds of abundant products (miR-#-5p and miR-#-3p). The
two arms may show various isomiR expression patterns, but homologous miRNAs are likely to show similar expression patterns. (d) IsomiR
expression patterns of miR-10b and miR-21.

be detected larger SD (Figure 4 and Figures S2 and S3), and
similar SD distributions could be found between diseased
and normal samples (Figure 5 and Figure S4). Generally, at
the isomiR level, the average percentages of samples from
disease patients would be involved in larger divergence than
control samples, and similar results can be detected based on
all miRNAs (Figure 5 and Figure S4).

3.4. Functional Analysis of miR-#-5p/miR-#-3p at the
miRNA/isomiR Levels. Although miR-#-5p and miR-#-3p
had different sequences and seed sequences, some common
targets could be detected (Figure S5A). These miRNA pairs
could bind different regions in UTR (untranslated regions)
of target mRNAs, although the phenomenon was rare
(larger amounts of specific targets could be detected). The
common targets were more popular between the canonical
miRNA sequences and their 5 isomiRs, despite the fact that
“seed shifting” could be detected between them (Figures
S5B and S5C). There were about half of target mRNAs
of 5 isomiRs that were shared by the canonical miRNA
sequences, although these 5 isomiRs were involved in novel
seed sequences via “seed shifting” events.

4. Discussion

4.1. Evolutionary Divergence between miRNAs from Different
Arms. miRNAs have been widely regarded as a class of cru-
cial negative regulatory molecules with important biological
roles, especially for their roles in tumorigenesis. Based on
the current annotated human miRNAs, similar numbers of
5p-miR and 3p-miR show well-conserved sequences across

different species, although they are involved in inconsistent
length distributions and nucleotide compositions, including
multiple repetitive nucleotides (Figures 1(a)–1(c), Figure 2,
and Table 1). This difference may be influenced by larger
sample sizes. Simultaneously, mirtrons have been reported as
alternative precursors for miRNA biogenesis in vertebrates
[43], which may lead to the difference of nucleotide com-
positions because of nucleotide biases in mirtrons. There are
849 pairs that are identified as miR-#-5p and miR-#-3p, and
significant difference in length distributions and nucleotide
compositions is detected between the two arms (Figures
1(b)–1(d), Table 1, and Table S3). Evolutionary analysis shows
that both dominant and nondominant miRNAs are con-
served, although the nondominant miRNA is associated with
more nucleotide variation across homologous miRNAs and
different species [15]. Phylogenetic relationship shows that
these multicopy pre-miRNAs are located in different clusters
(Figure 3), which suggests the similar distributions ofmiRNA
genes across different species. The well-conserved sequence
contributes to stable miRNA-mRNA regulatory network, and
simultaneously, the evolutionary process is also controlled by
functional pressures. The two arms of pre-miRNA showed
various evolutionary patterns via different levels of nucleotide
substitutions and insertions/deletions (Figure S1, Figure 2,
and Table S3), which may influence stem-loop structure of
pre-miRNA (Table S5). However, both of the two arms are
always well-conserved in the functional region, termed the
“seed sequences” (Figure 3(a) and Table S3). These results
suggest that both products from the two arms are regulatory
molecules, although they always have various expression
levels.
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Homologous and clusteredmiRNAs are commonly found
in miRNAs [44]. No significant relationships between these
homologous miRNAs can be detected (Figure 2(b) and Table
S4). These findings indicate relatively rapid evolutionary
patterns between homologous miRNAs, especially between
the less well-conserved nondominant strands (Figure 2(b)).
Despite the possibility that these miRNAs have evolved from
the common ancient miRNA gene, varied nucleotides in
miRNAs, especially in the “seed sequences,” will generate
novel miRNAs with novel candidate target mRNAs. Simulta-
neously, coevolution of miRNA and target mRNAs also con-
tributes to the varied miRNAs across different species [45].
Taken together, homologous miRNAs may provide a method
to generate novel miRNA genes via duplication events, and
multicopy pre-miRNAs are probably transitional products.
The driving force should be mainly derived from functional
and evolutionary pressures, which largely contributes to the
dynamic miRNAome, and enriches the potential relation-
ships between different miRNAs.

4.2. Expression and Function between miRNAs from Differ-
ent Arms. Similar to our previous studies [21, 46, 47], we
found that only several isomiRs (always 1–3) are dominantly
expressed, and others have lower expression rate (Figure 4
and Tables S6, S7, and S8). The interesting distributions are
consistent in different individuals, including samples from
patients with disease and healthy controls. The similar dis-
tributions suggest that isomiR expression patterns are always
stable across different samples [21, 26]. The characteristics of
these dominant isomiRs provide the possibility of imprecise
cleavage ofDrosha andDicer through pre-miRNAprocessing
andmiRNAmaturation processes. Indeed, due to the smaller
size of miRNA sequence (∼22 nt), degradation of hairpins
may also be one factor that contributes to rare isomiRs [48].
Although the distribution of isomiR expression is similar
across different samples, no significant correlations can be
found between isomiR expression profiles of miR-#-5p and
miR-#-3p (Figure 4). Simultaneously, various standard values
of deviation can be found (Figure 5 and Figures S2, S3, and
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S4). Compared to control samples, samples from patients
with disease may be involved in larger expression divergence
across different samples (Figure 5). This suggests that a more
flexible expression of isomiRs can be detected across different
samples from patients with disease compared to control sam-
ples. Functional analysis showed that some common target
mRNAs between miR-#-5p and miR-#-3p can be detected,
although they have no different sequences and most target
mRNAs are specific (Figure S5A). Simultaneously, more
shared target mRNAs are obtained between the canonical
miRNA and 5 isomiRs despite being with “seed shifting”
events (Figures S5B and S5C). The interesting results imply
that multiple isomiRs may coordinately contribute to the
specific biological processes by binding different regions in
UTR. Moreover, 3 addition events (isomiRs with additional
nontemplate nucleotides in 3 ends) are quite common in
isomiRome, while no further analysis is performed in the
present study based on the previous TCGA datasets. The
phenomenon of 3 additions may have versatile biological
roles, including affecting target selection or miRNA stability
[22, 24, 26, 49]. Collectively, analyzing multiple isomiRs and
their expression patterns is the first step towards a systematic
understanding of the miRNA world, including the genesis
and regulatory roles of miRNAs.

miRNAs are likely to be members of miRNA gene fami-
lies/clusters sharing high sequence similarity or close location
distribution.These homologous/clusteredmiRNAsmay have
evolved from ancestor genes via part or tandem historic
duplication events [15, 50–52]. Previous study reported that
homologous miRNAs are likely to show similar isomiR
expression patterns [47], and our results are consistent with
this observation (Figure 4 and Table S7).The similarity in the
expression patterns implies that the pre-miRNA processing
and miRNA maturation processes should be derived from
the ancestral gene, which may contribute to the potential
interactions in the regulatory network [47]. Moreover, we
found that deregulated miRNAs are likely to have different
types of isomiRs (miR-30a, miR-30e, and miR-10b, Figure 4
and Tables S6, S7, and S8). These deregulated miRNAs have
been reported in breast cancer [53, 54], and the moderate
expression patterns can be detected. No enough evidence
indicates that miRNA with moderate isomiR expression is
likely to be abnormally expressed and contributes to abnor-
mal biological roles.More studies, especially for experimental
validation, are needed to further study the small noncoding
RNAs at the isomiR level.

4.3. Selection of 5p and 3p or Switching between the Two
Arms in miRNAome/isomiRome. The phenomenon of arm
selection shows that miRNAs may be derived from different
arms, and the arm switching phenomenon suggests that
the two arms may also show dynamic expression patterns.
miRNAs from the two arms (they can form miRNA:miRNA
duplex) always show different evolutionary patterns and
also have various expression levels and isomiR expression
patterns. Most of pre-miRNAs only produce one dominant
and one rare miRNAs in specific samples, although the
expression rate of the two miRNAs may be changed in
other samples (arm switching phenomenon). Indeed, the

two arms of many pre-miRNAs are conserved (especially in
“seed sequences”), providing the possibility to be regulatory
molecules, and the arm switching phenomenon further
enriches the dynamic miRNAome by controlling miRNA
expression profiles to adapt to functional and/or evolutionary
needs. Expression and evolution patterns in miR-#-5p and
miR-#-3p are relatively independent, and they are prone
to regulate different targets. Based on the phenomena of
arm selection or arm switching, the dynamic miRNAome
also represents the multiple and dynamic isomiRome at
the isomiR level. These isomiRs provide more information
towards further understanding of miRNAs, in that isomiR
expression patterns may indicate the characteristics of pre-
miRNA processing and miRNA maturation processes. Thus
it is worth exploring the biological roles of miRNAs at the
isomiR level and the origin of miRNAs (5p or 3p) and
related miRNAs based on miRNA gene family/cluster. Taken
together, the arm selection and/or arm switching may be an
important method to regulate miRNAome and isomiRome,
and the dynamic miRNA and isomiR expression profiles will
adapt to functional and/or evolutionary pressures.
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Nature often brings several domains together to formmultidomain andmultifunctional proteins with a vast number of possibilities.
In our previous study, we disclosed that the protein function prediction problem is naturally and inherently Multi-Instance
Multilabel (MIML) learning tasks. Automated protein function prediction is typically implemented under the assumption that
the functions of labeled proteins are complete; that is, there are no missing labels. In contrast, in practice just a subset of the
functions of a protein are known, and whether this protein has other functions is unknown. It is evident that protein function
prediction tasks suffer from weak-label problem; thus protein function prediction with incomplete annotation matches well with
the MIML with weak-label learning framework. In this paper, we have applied the state-of-the-art MIML with weak-label learning
algorithmMIMLwel for predicting protein functions in two typical real-world electricigens organismswhich have beenwidely used
in microbial fuel cells (MFCs) researches. Our experimental results validate the effectiveness of MIMLwel algorithm in predicting
protein functions with incomplete annotation.

1. Introduction

Automated annotation of protein functions is challenging in
the postgenomic era. With the rapid growth of the number
of sequenced genomes, the overwhelmingmajority of protein
products can only be annotated by computational approaches
[1]. Nature usually brings multiple domains together to
construct multidomain and multifunctional proteins with a
vast number of possibilities [2]. The large part of genomic
proteins, two-thirds in unicellular organisms and more than
80% in Metazoa, belongs to multidomain proteins [3]. In
a multidomain protein, each domain can fulfill its own
function independently, or in a coordinated manner with
its neighbors [4]. Zhou and Zhang [5] proposed the Multi-
Instance Multilabel learning (MIML) framework, where one
object is represented by a bag of instances and the object
is valid to have several labels simultaneously. Labels of
training examples are known; however, labels of instances are
unknown. We can regard each domain as an input instance

and represent each biological function with an output label.
In our previous study, it is disclosed that the protein function
prediction problem is naturally and inherently MIML learn-
ing tasks [6]. Previously, prediction of protein functions was
typically operated with the assumption that the functions of
labeled proteins are complete; that is, there are no missing
labels [7, 8]. Instead of things, in practice we just know a
part of the functions of a protein, and whether this protein
has other functions is unknown. Namely, these proteins have
an incomplete annotation of their functions [9]. This kind
of protein functions prediction problem with incomplete
annotation can be referred to as theMultilabelMulti-Instance
with weak-label learning task.

During the past several years, many Multilabel Multi-
Instance learning algorithms have been developed [5, 10–
12]. In our previous study, we proposed an ensemble MIML
learning framework EnMIMLNN and design three algo-
rithms for protein function prediction tasks by combining
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the advantage of three kinds of Hausdorff distance met-
rics [6]. On the other hand, in the past few years, there
are multiple algorithms which have been proposed for the
weak-label learning problem. Sun et al. studied the weak-
label learning problem in multilabel learning and proposed
a method called weak-label learning (WELL) [13]. WELL
deems the fact that classification boundary for each label
should go across the low density regions, and any given
label will not be correlative to the majority of instances [13].
Bucak et al. [14] studied the incomplete class assignment
task for annotating images and proposed an approach called
MLR-GR. MLR-GR optimizes the ranking errors and group
Lasso loss by a convex optimization approach. Qi et al. [15]
applied the Hierarchical Dirichlet Process to append missing
labels for a set of images. In addition, Wang et al. [16]
designed an approach for annotating weakly labeled facial
images.

Although the underlying nature of predicting protein
functions with incomplete annotation matches well with the
Multi-Instance Multilabel with weak-label learning frame-
work, till now there is no attempt that has been made
under this learning framework. Jiang had proposed a multi-
label semisupervised learning algorithm, PfunBG, to predict
protein functions, employing a birelational graph (BG) of
proteins and function annotations [17]. Yu et al. [7, 8] had
proposed a protein function prediction method with multi-
label weak-label learning (ProWL) and a variant of ProWL
(ProWLIF) in order to complete the partial annotation of
proteins. Both ProWL and ProWL-IF replenish the functions
of proteins under the assumption that proteins are partially
annotated [7, 8]. However, multilabel learning framework
is evidently degenerated versions of MIML learning frame-
work [5, 12]. Such degenerated strategies may lose useful
information in the instance spaces, and this further hurts
prediction performance [5, 12]. Recently, Yang et al. [18]
proposed the MIMLwel (MIML with weak-label) approach
which works by assuming that highly relevant labels share
some common instances, and the underlying class means
of bags for each label are with a large margin. MIMLwel
makes use of the label relationship, and experiments had
validated the effectiveness of MIMLwel in handling the
Multilabel Multi-Instance with weak-label learning problem
[18].

Microbial fuel cells (MFCs) are devices that can use
bacterial metabolism to produce an electrical current from
a wide range of organic substrates [19]. Due to the promise of
sustainable energy production from organic wastes, research
has intensified in the MFCs field in the last few years
[19]. In this paper, we have applied the MIMLwel algo-
rithm for annotating protein functions in two typical real-
world electricigens genomes (i.e., Geobacter sulfurreducens,
Shewanella loihica PV-4) which have been widely used in
the MFCs researches. Our experimental results validate the
effectiveness of MIMLwel algorithm in predicting functions
of proteins in the electricigens genomes with incomplete
annotation. In addition, it is worth mentioning that our
approach is a generalmethod for predicting protein functions
with incomplete annotation.

2. The Formulation of the Protein
Function Prediction Task with
Incomplete Annotation

Nature often assembles multiple domains together to form
multidomain and multifunctional proteins with high pos-
sibility, and each domain may implement its own function
independently or in a cooperated manner with its neighbors.
We can regard each domain as an input instance and take
each biological function as an output label. Labels of the
training examples are known; however, labels of instances
are unknown. In our previous work, we disclose that the
protein function prediction problem is naturally and inher-
ently Multi-Instance Multilabel (MIML) learning tasks [6].
Previous studies typically predict the functions of proteins
under the assumption that the functions of labeled proteins
are complete; that is, there are no missing labels. In contrast,
in most real cases we just know a subset of the functions
of a protein, and whether this protein has other functions
is unknown. Namely, these proteins have an incomplete
annotation for molecular functions [9]. This type of protein
function prediction problemwith incomplete annotation can
be inferred to as the Multilabel Multi-Instance with weak-
label learning task.

We study theMulti-InstanceMultilabel weak-label learn-
ing framework for protein function prediction with incom-
plete annotation for two tasks as illustrated in Table 1. In
the tables, each row indicates the function annotation for a
protein, and each column denotes a function label. Table 1(a)
presents the complete annotated proteins, with 1 and 0
showing function annotations (F1–F5) on the six proteins P1–
P6. In Table 1(b), 1 denotes the known relevant functions, “?”
represents the missing functions and will be set to 0 s, and all
the 0 s indicate the candidates for being predicted as relevant.
In Task 2 as shown by Table 1(c), the definitions of 1 and 0 are
the same as in Table 1(b). However, the aim of the weak-label
learning is to make use of the incomplete annotated proteins
(P1–P4) to predict the functions of proteins P5 and P6, which
are completely unlabeled.

Formally, we represent by {𝑋
𝑖
, 𝑌
𝑖
(𝑖 = 1, 2, . . . , 𝑚)} the

training dataset with 𝑚 examples. 𝑋
𝑖
is the 𝑖th protein

in the training dataset, and 𝑋
𝑖
is a bag with 𝑛

𝑖
instances

{𝑥
𝑖,1
, 𝑥
𝑖,2
, . . . , 𝑥

𝑖,𝑛𝑖
}. 𝑌
𝑖
denotes the Gene Ontology terms

which are assigned to 𝑋
𝑖
, and 𝑌

𝑖
= [𝑦
𝑖,1
, . . . , 𝑦

𝑖,𝐿
] ∈ {0, 1}

𝐿

is a label vector with 𝐿 labels, where 𝑦
𝑖,𝑙
= +1 if the 𝑙th label

is positive for 𝑋
𝑖
, and 0 otherwise. Note that the labels of

instances 𝑥
𝑖,𝑗
’s (𝑖 = 1, . . . , 𝑚; 𝑗 = 1, . . . , 𝑛

𝑖
) are untagged. In

the MIML weak-label setting, 𝑌 is unknown and instead we
are just given a partial label matrix �̂� ∈ {0, 1}

𝑚×𝐿. Specifically,
for 𝑋
𝑖
, a label vector �̂� = [𝑦

𝑖,1
, . . . , 𝑦

𝑖,𝐿
] is given, where 𝑦

𝑖,𝑙
=

+1 if the 𝑙th label is assigned for𝑋
𝑖
, and 0 otherwise. Different

from the full label matrix, 𝑦
𝑖,𝑙
= 0 tells us nothing.The goal is

to predict all the positive labels for unseen bags [18].

3. Datasets and Methods

3.1. Data and Feature Extraction. Microbial fuel cells (MFCs)
are devices that can make use of bacterial metabolism to
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Table 1: Task overview for the “weak-label” problem in protein
function prediction tasks. “1” represents relevant function, “?”
denotes missing function and will be transformed to a “0”, and P5
and P6 in Table 1(c) are completely unannotated (sources from [8]).

(a) Original

F1 F2 F3 F4 F5
P1 0 1 0 1 0
P2 0 0 1 0 1
P3 1 1 0 0 1
P4 0 1 1 0 0
P5 1 0 0 1 0
P6 0 1 0 0 0

(b) Task 1

F1 F2 F3 F4 F5
P1 0 ? 0 1 0
P2 0 0 ? ? 1
P3 1 ? 0 ? 1
P4 ? 1 1 0 0
P5 1 0 ? ? 0
P6 0 1 ? 0 0

(c) Task 2

F1 F2 F3 F4 F5
P1 0 ? 0 1 0
P2 0 0 ? ? 1
P3 1 ? 0 ? 1
P4 ? 1 1 0 0
P5 ? ? ? ? ?
P6 ? ? ? ? ?

obtain an electrical current from a wide range of organic
substrates [19]. Due to the promise of sustainable energy
production fromorganicwastes, research has booming in this
field during the last few years [19]. Recently, the increased
interest inMFCs technologywas highlighted by the discovery
of Geobacter sulfurreducens, a bacterial strain capable of
high current production [19]. In addition, the genome-
wide sequences of multiple Shewanella strains have been
completed and annotated, opening the door to explore the
diversity of their extracellular electron transfer mechanisms
[20]. In this paper, two typical real-world electricigens organ-
isms which have been widely used in microbial fuel cells
(MFCs) researches (i.e.,Geobacter sulfurreducens, Shewanella
loihica PV-4) are considered for predicting their protein func-
tions. For each organism, complete proteome with manually
annotated function has been downloaded from the Universal
Protein Resource (UniProt) databank [21] (released by April,
2014) by querying the terms of {“organism name” AND
“reviewed: yes” AND “keyword: Complete proteome”}.

Redundancy among protein sequences of each organism
is removed by clustering operation using the blastclust exe-
cutable program in the BLAST package [22] from NCBI with
a threshold of 90% as sequence identity, and a nonredundant
dataset is obtained by keeping only the longest sequence in

Table 2: Characteristics of the data sets.

Organism Examples Classes
Instances per

bag
(mean ± std.)

Labels per
example

(mean ± std.)
Geobacter
sulfurreducens 379 320 3.20 ± 1.21 3.14 ± 3.33

Shewanella
loihica PV-4 373 344 3.14 ± 1.19 3.55 ± 5.00

each cluster for each organism [23].Then, eachnonredundant
dataset is uploaded as a txt file into the Batch CD-Search
servers [24] of NCBI for getting the conserved domains
of each protein. For each domain, a frequency vector with
216 dimensions is employed for its representation where
each element indicates the frequency of a triad type [25].
Protein function can be annotated in several ways, and the
most well-known and widely used one is given by Gene
Ontology Consortium [26] which offers ontology in three
aspects: molecular function, biological process, and cellular
location. In this study, we concentrate on the molecular
function aspect.We achieve theGOmolecular function terms
with manual annotation for a protein from the downloaded
UniProt format text file. Then, the same scheme as [27] is
assigned for produce label vectors for a protein based on a
hierarchal directed acyclic graph (DAG) of GO molecular
function, and the latest version (December 2006) of GO
function ontology is adopted as the bases of the functional
terms and their relations in this work.

Under the MIML learning framework, each protein is
described as a bag of instances where each instance represents
a domain and is tagged with a set of GO molecular function
terms (multiple labels). Detailed descriptions of the datasets,
that is, complete proteome on the two above organisms,
are shown in Table 2. For example, there are 373 proteins
(examples) with a sum of 344 gene ontology terms (label
classes) onmolecular function in the Shewanella loihica PV-4
dataset (Table 2).The average number of instances (domains)
per bag (protein) is 3.14 ± 1.19, and the average number
of labels (GO terms) per example (protein) is 3.55 ± 5.00

(Table 2).

3.2. The MIMLwel Approach. In this paper, the MIMLwel
(MIML with weak-label) approach is adopted for the weak-
label setting [18]. MIMLwel assumes that highly relevant
labels usually share common instances, and the underlying
class means of bags for each label are separated with a large
margin [18].

Formally, the training dataset with 𝑚 examples can be
represented by {𝑋

𝑖
, 𝑌
𝑖
(𝑖 = 1, 2, . . . , 𝑚)}. 𝑋

𝑖
corresponds to

the 𝑖th example in the training dataset, and𝑋
𝑖
is a bag with 𝑛

𝑖

instances {𝑥
𝑖,1
, 𝑥
𝑖,2
, . . . , 𝑥

𝑖,𝑛𝑖
}. 𝑌
𝑖
denotes the labels which are

assigned to 𝑋
𝑖
, and 𝑌

𝑖
= [𝑦
𝑖,1
, . . . , 𝑦

𝑖,𝐿
] ∈ {0, 1}

𝐿 is a label
vector with 𝐿 labels, where 𝑦

𝑖,𝑙
= +1 if the lth label is positive

for 𝑋
𝑖
, and 0 otherwise. Notice that the labels of instances

𝑥
𝑖,𝑗
’s (𝑖 = 1, . . . , 𝑚; 𝑗 = 1, . . . , 𝑛

𝑖
) are unknown. In the

MIMLweak-label setting, however, only a subset of labels are
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Table 3: Performance of the MIMLwel methods with different weak-label ratios on two datasets.

Datasets W.L.R. HL↓ maF1↑ miF1↑

Geobacter sulfurreducens

20% 0.010 ± 0.002 0.003 ± 0.004 0.032 ± 0.035
40% 0.010 ± 0.002 0.009 ± 0.005 0.116 ± 0.038
60% 0.010 ± 0.002 0.016 ± 0.006 0.201 ± 0.034
80% 0.011 ± 0.001 0.019 ± 0.007 0.245 ± 0.050

Shewanella loihica PV-4

20% 0.013 ± 0.002 0.009 ± 0.008 0.145 ± 0.111
40% 0.010 ± 0.002 0.005 ± 0.003 0.092 ± 0.039
60% 0.011 ± 0.003 0.010 ± 0.006 0.167 ± 0.072
80% 0.011 ± 0.003 0.011 ± 0.005 0.186 ± 0.043

tagged. Specifically, for𝑋
𝑖
, a label vector �̂� = [𝑦

𝑖,1
, . . . , 𝑦

𝑖,𝐿
] ∈

{0, 1}
𝑚×𝐿 is given, where 𝑦

𝑖,𝑙
= +1 if the 𝑙th label is assigned

for 𝑋
𝑖
, and 0 otherwise. The goal is to predict all the positive

labels for unseen bags [18].
For simplicity, 𝐿 linear models were employed, and each

one is for a label; that is, 𝑓
𝑙
(𝑋) = 𝑤

𝑇

𝑙
Φ
𝐶
(𝑋) where each 𝑤

𝑙

denotes a d-dimensional linear predictor [𝑤
𝑙,1
, 𝑤
𝑙,2
, . . . , 𝑤

𝑙,𝑑
]
𝑇

and 𝑤𝑇
𝑙
is the transpose of 𝑤

𝑙
. To make use of label relation-

ship, a label relationmatrix𝑅 ∈ [0, 1]
𝐿×𝐿 is considered, where

𝑅
𝑙,̃𝑙
= 1 if the two labels are related, and 0 otherwise. LetWl,̃l

indicate [wl,wl̃] for the pair of related labels (𝑙, �̃�). MIMLwel
assumes that highly related labels usually share common
instances, indicating that many rows of wl,̃l values should be
equal to zero; this can be characterized by a convexly relaxed
term ‖w(l, l̃)‖

(2,1), which is a convex relaxation of ‖w(l, l̃)‖(2,0).
Thus, the goal of MIMLwel is to obtain𝑊 = [𝑤

1
, . . . , 𝑤

𝐿
] and

an output matrix �̂� to meet that

min
W,Y

− 𝜂

𝐿

∑
𝑙=1

𝑉({𝑦
𝑖,𝑙
, 𝑋
𝑖
}
𝑚

𝑖=1
,wl) + ∑

1<l, l̃≤L

Rl,̃l

Wl,̃l



2
2,1

s.t.

𝑌
𝑙
− �̂�
𝑙

1

�̂�
𝑙

1

≤ 𝜖;

𝑦
𝑖,𝑙
= 𝑦
𝑖,𝑙

if 𝑦
𝑖,𝑙
= 1, ∀𝑙 = 1, . . . , 𝐿,

(1)

where 𝑉 is a loss function for each label, | ⋅ |
1
represents the

𝑙
1
-norm, 𝜖 controls the sparsity of |𝑌

𝑙
− �̂�
𝑙
|
1
, and 𝜂 trades off

the empirical risk and model complexity.

3.3. Experimental Configuration. In this paper, we adopt
three popular multilabel learning evaluation criteria, that is,
Hamming loss (HL), macro-F1 (maF1), and micro-F1 (miF1)
[28–30]. Hamming loss assesses how many times on average
a bag label pair is wrongly predicted. The smaller the value
of hamming loss, the better the performance. Macro-F1
computes F1 measure on each class label at first and then
averages over all class labels. Macro-F1 is more influenced
by the performance of the classes owning fewer examples.
The larger the value ofmacro-F1, the better the performance.
Micro-F1 globally calculates the F1measure on the predictors
over all bags and all class labels.Micro-F1 is more affected by
the performance of the classes involving more examples. The
larger the value of micro-F1, the better the performance. The

definition of these criteria can be found in [30]. We repeat
10-fold cross validation for each dataset ten times and the
mean ± std. performances are presented for the proposed and
compared methods.

4. Results and Discussion

4.1. Performance of theMIMLwelMethod. In our experiments
we consider four weak-label ratios (W.L.R.) [18], defined as
|Ŷ
⋅,𝑙
|
1
/|Y
⋅,l|1, from 20% to 80% with 20% as the interval.

Table 3 illustrates the performances of MIMLwel based on
each kind of W.L.R. on the Geobacter sulfurreducens and
Shewanella loihica PV-4 datasets. For each evaluation cri-
terion, ↑(↓) indicates the larger (smaller), the better the
performance; the best results on each evaluation criterion are
highlighted in boldface. As indicated in Table 3, the results
show that, with the rising of W.L.R., the model performance
of MIMLwel has been greatly improved.

The MIMLwel approach [18] involves two different
parameters, that is, the scaling factor 𝜇 and the fraction
parameter 𝛼. Figure 1 shows how the MIMLwel algorithm is
implemented on the two datasets with 80% weak-label ratios
(W.L.R.) under different parameter configurations, where the
performance is measured in terms of HL, maF1, and miF1.
Here, 𝜇 varies from 0.2 to 1.0 with an interval of 0.2 when 𝛼

is fixed to 0.1, and 𝛼 increases from0.02 to 0.1 with an interval
of 0.02 with the fixed 𝜇 equal to 1.0. It is indicated that
the performance of the MIMLwel algorithms achieves the
perk in most cases by setting the scaling factor 𝜇 to 1.0 and
the fraction parameter 𝛼 to 0.1. In this paper, the MIMLwel
algorithm is implemented by setting the scaling factor 𝜇 to
1.0 and the fraction parameter 𝛼 to 0.1.

4.2. Performance Comparison. In this paper, we compare
the MIMLwel algorithm with four state-of-the-art MIML
algorithms, that is, MIMLkNN [31], MIMLNN [12], MIML-
RBF [32], and MIMLSVM [5], under different configuration
of weak-label ratios (W.L.R.) on the Geobacter sulfurre-
ducens dataset (Table 4) and Shewanella loihica PV-4 dataset
(Table 5). The codes of compared MIML algorithms are
shared by their authors, and these algorithms are imple-
mented using the best parameters reported in the papers.
Specifically, for MIMLkNN, the number of nearest neighbors
and the number of citers are set to 10 and 20, respectively
[31]; for MIMLNN, the number of clusters is set to 40% of
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Figure 1: The performance of MIMLwel on all two datasets with 80% weak-label ratios (W.L.R.) under different values of scaling factor 𝜇
when the fraction parameter 𝛼 is fixed to 0.1 and different values of the fraction parameter 𝛼 when the scaling factor 𝜇 is fixed to 1.0. The
performance of MIMLwel reaches the perk in most cases by setting the scaling factor 𝜇 to 1.0 and the fraction parameter 𝛼 to 0.1.



6 BioMed Research International

Table 4: Comparison results (mean ± std.) of MIMLwel models with four state-of-the-art MIML methods with different weak-label ratios
on the Geobacter sulfurreducens dataset.

W.L.R. Methods HL↓ maF1↑ miF1↑

20%

MIMLwel 0.010 ± 0.002 0.003 ± 0.004 0.032 ± 0.035
MIMLNN 0.010 ± 0.002 0.000 ± 0.000 0.000 ± 0.000 e
MIMLRBF 0.010 ± 0.002 0.002 ± 0.003 0.002 ± 0.003 e
MIMLSVM 0.012 ± 0.002 0.005 ± 0.003 0.005 ± 0.003 e

EnMIMLNN {metric} 0.010 ± 0.002 0.002 ± 0.002 0.001 ± 0.002 e

40%

MIMLwel 0.010 ± 0.002 0.009 ± 0.005 0.116 ± 0.038
MIMLNN 0.010 ± 0.002 0.000 ± 0.000 0.000 ± 0.000 e
MIMLRBF 0.010 ± 0.002 0.004 ± 0.004 0.003 ± 0.003 e
MIMLSVM 0.012 ± 0.001 0.006 ± 0.003 0.006 ± 0.003 e

EnMIMLNN {metric} 0.010 ± 0.002 0.003 ± 0.004 0.003 ± 0.003 e

60%

MIMLwel 0.010 ± 0.002 0.016 ± 0.006 0.201 ± 0.034
MIMLNN 0.010 ± 0.001 0.001 ± 0.001 0.001 ± 0.001 e
MIMLRBF 0.009 ± 0.001 0.009 ± 0.007 0.008 ± 0.007 e
MIMLSVM 0.011 ± 0.001 0.008 ± 0.003 0.008 ± 0.003 e

EnMIMLNN {metric} 0.010 ± 0.001 0.009 ± 0.004 0.008 ± 0.004 e

80%

MIMLwel 0.011 ± 0.001 0.019 ± 0.007 0.245 ± 0.050
MIMLNN 0.010 ± 0.001 0.002 ± 0.001 e 0.002 ± 0.001 e
MIMLRBF 0.009 ± 0.000 0.009 ± 0.004 e 0.008 ± 0.004 e
MIMLSVM 0.011 ± 0.001 0.008 ± 0.002 e 0.008 ± 0.002 e

EnMIMLNN {metric} 0.009 ± 0.001 0.013 ± 0.004 0.012 ± 0.004 e

the training bags, and the regularization parameter used to
compute matrix inverse is set to 1 [12]; for MIMLRBF, the
scaling factor and the fraction parameter are set to 0.6 and
0.1, respectively [32]; for MIMLSVM, the number of clusters
is set to 20% of the training bags and the Gaussian kernel
width is set to 0.2 [5]. Tables 4 and 5 summarize the exper-
imental results of each compared algorithm on the Geobacter
sulfurreducens dataset and Shewanella loihica PV-4 dataset,
respectively. For each evaluation criterion, “↓” indicates “the
smaller the better,” while “↑” indicates “the bigger the better.”
Furthermore, the best results on each evaluation criterion
are highlighted in boldface. It is indicated that the MIMLwel
algorithm performs quite well in terms of most criteria in
two datasets (Tables 5 and 6). Specifically, paired t-tests at
95% significance level indicate that the MIMLwel algorithm
achieves significantly better performance than compared
methods in most cases, as shown by the overwhelming e’s
in Tables 4 and 5.

4.3. Case Study. Table 6 presents two example results.
The first protein with the UniProt ID “Q74BW7” from
the Geobacter sulfurreducens organism has seven ground-
truth labels: {GO:0008270, GO:0046872, GO:0000287,
GO:0051539, GO:0030145, GO:0005506, GO:0004160}. After
training examples with 80% weak-label ratios by different
MIMLmethods, the trainedmodel is then used to predict the
GO molecular function labels of this protein. The correctly
predicted GO molecular function labels by each method are
highlighted in boldface. It is shown in Table 6 that MIMLwel
successfully predicts most of the ground-truth labels (6/7);
however, it predicts one more label, that is, GO:0005524,

which is not in the ground-truth list. Nevertheless, the
label GO:0005524 that denotes “ATP binding” may be not
a conflict with the true molecular function in UniProt.
MIMLRBF and EnMIMLNN{metric} predict two ground-
truth labels but still miss a lot (5/7). MIMLNN reports no
prediction result, and MIMLSVM only reports a wrong GO
molecular function label. Similar situation also happen in
the second example with the UniProt ID “A3QFX5” from the
Shewanella loihica PV-4 organism as indicated in Table 6.

5. Conclusion

In our previous study, we disclosed that the protein func-
tion prediction problem is naturally and inherently Multi-
Instance Multilabel (MIML) learning tasks. Automated pro-
tein function prediction was typically implemented under
the assumption that the functions of labeled proteins are
complete; that is, there are no missing labels. In contrast,
in practice just a subset of the functions of a protein are
known, and whether this protein has additional functions is
unknown. It is evident that the protein function prediction
tasks suffer from weak-label problems, and we disclose that
prediction of protein functions with incomplete annotation
matches well with the MIML with weak-label learning
framework in this paper. In this paper, we have applied the
state-of-the-art MIML with weak-label learning algorithm
MIMLwel for predicting protein function in two typical real-
world electricigens organisms which have been widely used
in microbial fuel cells (MFCs) researches. Our experimental
results show that MIMLwel is superior to most state-of-the-
art MIML algorithms, which validates the effectiveness of
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Table 5: Comparison results (mean ± std.) of MIMLwel models with four state-of-the-art MIML methods with different weak-label ratios
on the Shewanella loihica PV-4 dataset.

W.L.R. Methods HL↓ maF1↑ miF1↑

20%

MIMLwel 0.013 ± 0.002 0.009 ± 0.008 0.145 ± 0.111
MIMLNN 0.010 ± 0.002 0.000 ± 0.000 0.000 ± 0.000 e
MIMLRBF 0.011 ± 0.003 0.001 ± 0.001 0.001 ± 0.001 e
MIMLSVM 0.012 ± 0.002 0.005 ± 0.002 0.004 ± 0.002 e

EnMIMLNN {metric} 0.010 ± 0.003 0.001 ± 0.001 0.001 ± 0.001 e

40%

MIMLwel 0.010 ± 0.002 0.005 ± 0.003 0.092 ± 0.039
MIMLNN 0.010 ± 0.002 0.000 ± 0.000 0.000 ± 0.000 e
MIMLRBF 0.010 ± 0.002 0.001 ± 0.002 0.001 ± 0.002 e
MIMLSVM 0.012 ± 0.002 0.004 ± 0.002 0.004 ± 0.002 e

EnMIMLNN {metric} 0.010 ± 0.002 0.001 ± 0.003 0.001 ± 0.003 e

60%

MIMLwel 0.011 ± 0.003 0.010 ± 0.006 0.167 ± 0.072
MIMLNN 0.010 ± 0.003 0.001 ± 0.001 0.001 ± 0.001 e
MIMLRBF 0.010 ± 0.004 0.004 ± 0.004 0.003 ± 0.003 e
MIMLSVM 0.012 ± 0.003 0.005 ± 0.001 0.005 ± 0.002 e

EnMIMLNN {metric} 0.010 ± 0.003 0.005 ± 0.003 0.004 ± 0.003 e

80%

MIMLwel 0.011 ± 0.003 0.011 ± 0.005 0.186 ± 0.043
MIMLNN 0.010 ± 0.003 0.002 ± 0.001 0.001 ± 0.001 e
MIMLRBF 0.009 ± 0.003 0.008 ± 0.005 0.007 ± 0.005 e
MIMLSVM 0.012 ± 0.003 0.005 ± 0.002 0.005 ± 0.001 e

EnMIMLNN {metric} 0.010 ± 0.003 0.006 ± 0.004 0.005 ± 0.003 e

Table 6: Comparison results on two examples.

Organism/UniProt
ID

Molecular function
in UniProt Methods GO molecular function list

Geobacter
sulfurreducens/
Q74BW7

(1) 4 iron, 4 sulfur
cluster binding
(2) Dihydroxy-acid
dehydratase
activity
(3) Metal ion
binding

Ground truth
GO:0008270 GO:0046872 GO:0000287
GO:0051539 GO:0030145 GO:0005506
GO:0004160

MIMLwel GO:0005524 GO:0008270 GO:0046872
GO:0000287 GO:0030145 GO:0005506

MIMLNN Null
MIMLRBF GO:0000287 GO:0005506
MIMLSVM GO:0050567

EnMIMLNN {metric} GO:0000287 GO:0005506

Shewanella loihica
PV-4/A3QFX5

(1) ATP binding
(2) Nucleoside-
triphosphatase
activity
(3) Zinc ion
binding

Ground truth

GO:0003924 GO:0005524 GO:0004386
GO:0008270 GO:0016887 GO:0046961
GO:0005215 GO:0017111 GO:0004004
GO:0008094 GO:0008565

MIMLwel
GO:0005524 GO:0004386 GO:0016887
GO:0046961 GO:0004004 GO:0008094
GO:0043565

MIMLNN Null

MIMLRBF GO:0005524 GO:0004386 GO:0016887
GO:0046961 GO:0004004 GO:0008094

MIMLSVM GO:0008270
EnMIMLNN {metric} GO:0005524 GO:0016887 GO:0004004
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Pseudogene, disabled copy of functional gene, plays a subtle role in gene expression and genome evolution. The first step
in deciphering RNA-level regulation of pseudogenes is to understand their transcriptional activity. So far, there has been no
report on possible roles of nucleosome organization in pseudogene transcription. In this paper, we investigated the effect of
nucleosome positioning on pseudogene transcription. For transcribed pseudogenes, the experimental nucleosome occupancy
shows a prominent depletion at the regions both upstream of pseudogene start positions and downstream of pseudogene end
positions. Intriguingly, the same depletion is also observed for nontranscribed pseudogenes, which is unexpected since nucleosome
depletion in those regions is thought to be unnecessary in light of the nontranscriptional property of those pseudogenes. The
sequence-dependent prediction of nucleosome occupancy shows a consistent pattern with the experimental data-based analysis.
Our results indicate that nucleosome positioning may play important roles in both the transcription initiation and termination of
pseudogenes.

1. Introduction

Pseudogenes are produced fromprotein-coding genes during
evolution. Though highly homologous with their parent
genes, pseudogenes are unable to synthesize functional pro-
tein due to the defects in their sequences. There are two
major types of pseudogenes: duplicated pseudogenes and
processed pseudogenes (or retropseudogenes). The former
type is created by genomic duplication and the latter by retro-
transposition [1, 2]. For each type, the abnormalities occurred
in either the protein-coding regions or the regulatory regions
of parent genes leading to the loss of protein-coding ability of
pseudogenes. Duplicated pseudogenes are often distributed
in the flanking of the parent genes and may still maintain the
upstream regulatory sequences of their parents due to their
duplicative origin. Processed pseudogenes are usually char-
acterized by absence of intron-like segments, decayed poly A
tail, frame shifts, and premature stop codons. Processed pseu-
dogenes are thought to be nonautonomous retrotransposons

which are probably mobilized by long interspersed elements
(LINEs), a kind of autonomous retrotransposons in the
genome [3, 4]. Processed pseudogenes occur in a great num-
ber of eukaryotes, especially in mammalian genomes [5, 6].

Many unexpected discoveries of biological functions for
pseudogenes challenge the popular belief that pseudogenes
are nonfunctional and simplymolecular fossils. A nitric oxide
synthase (NOS) pseudogene functions as a regulator of the
paralogous protein-coding neuronal nitric oxide synthase
(nNOS) gene by producing antisense RNA that forms a
duplex with some of the gene’smRNA [7, 8].TheMakorin1-p1
pseudogene in mouse regulates the stability of the mRNA of
its homologous Makorin1 gene probably by producing RNA
which competes for the freely available repressor molecules
that inhibit the homologous gene expression [9]. Some
pseudogenes can also compete with their parent genes for
microRNA binding, therebymodulating the repression of the
functional gene by its cognate miRNA [10].The transcription
ofMYLKP1 pseudogene, which is upregulated in cancer cells,
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creates a noncoding RNA (ncRNA) that inhibits the mRNA
expression of its parent MYLK gene [11]. Moreover, recent
studies have documented that a subset of pseudogenes gener-
ates endogenous small interfering RNAs (endo-siRNAs) and
suppresses gene expression bymeans of the RNA interference
pathway in mouse oocytes [12, 13], subsequently in rice [14],
most lately in African Trypanosoma brucei [15], a unicellular
eukaryote. These observations suggested that pseudogenes
might be an alternative source of natural antisense transcripts
that regulate the activity of sense transcripts of their parent
genes. Besides, pseudogenes may have a whole set of func-
tions related to intracellular immunobiology [2, 16, 17].

The variety of known or suspected pseudogene functions
discovered to date suggests that pseudogenes as a whole
have a wide range of previously unsuspected functions.
Of the functions, RNA-level functions are of great impor-
tance and are most frequently discussed. The prerequisite
of understanding the RNA-level functions of pseudogenes is
to explore their transcriptional activity. It has been shown
that the nucleosome, a fundamental composing unit of the
chromatin structure in eukaryotes, affects gene transcription
in that it modulates the accessibility of underlying genomic
sequence to proteins [18]. How does nucleosome position-
ing affect pseudogene transcription? Seeking to answer the
question, we analyze the nucleosome organization around the
pseudogenes in human. Nucleosome occupancy is measured
by both a sequence-dependent computational model and
experimental data [19].The computationalmodel emphasizes
the sequence-dependency of nucleosome positioning, while
the nucleosome occupancy inferred from in vivo experimen-
tal data reflects the joint effect of DNA sequence and other
external factors, such as chromatin remodeler, DNA methy-
lation, histone modification, and polymerase II binding, on
nucleosome positioning [19–21]. The two methods may have
different implications for the dependency of pseudogene
transcription on chromatin structure.

2. Materials and Methods

2.1. Materials

2.1.1. Transcribed and Nontranscribed Pseudogenes. A total of
201 consensus pseudogenes, including 124 processed pseu-
dogenes and 77 duplicated pseudogenes, were identified in
ENCODE regions [22]. Of the ENCODE pseudogenes, 38
pseudogenes have evidence of transcription, and others are
considered to be nontranscribed. The sequences and anno-
tation information (genomic position, strand, and positions
of start positions and end positions) of the pseudogenes
mapping to the human genome (hg18) were retrieved from
UCSC (http://www.genome.ucsc.edu/). The type and tran-
scriptional information of the pseudogenes were downloaded
from the pseudogene database (http://www.pseudogene
.org/). The number of transcribed pseudogenes in ENCODE
regions is too small, so we refer to the genome-wide tran-
scribed processed pseudogenes that were identified by Har-
rison et al. [23]. The annotation of the 192 transcribed pro-
cessed pseudogenes that corresponds to the human genome
(version hg18) was taken from the pseudogene database

Table 1: The statistics of pseudogenes.

Transcribed Nontranscribed
Processed 192 106
Duplicated 0 57
Total 192 163

(http://www.pseudogene.org/). The transcribed processed
pseudogenes were identified by mapping three sources of
expressed sequences (Refseq mRNAs, Unigene consensuses,
and ESTs from dbEST) onto the processed pseudogenes.
Oligonucleotide microarray data was used to further verify
the expression of the selected transcribed pseudogenes [23].
The sequences surrounding the start sites and end sites of
the transcribed pseudogenes were retrieved from the human
complete genome (hg18) by using the positional information
of the pseudogenes. The statistics of the pseudogenes are
listed in Table 1.

2.1.2. Human Nucleosome Occupancy. Experimental data-
based nucleosome occupancy profile mapping to the human
genome (hg18) was taken from Schones et al. [19]. It was
based on maps of nucleosome positions in both resting and
activated human CD4+ T cells generated by direct sequenc-
ing of nucleosome ends using the Solexa high-throughput
sequencing technique. The two nucleosome profiles (resting
and activated) have a resolution of 10 bp. We applied cubic
spline fitting to each of the profiles to obtain nucleosome
occupancy at each genomic site. We also estimated nucle-
osome occupancy by a sequence-dependent computational
model described in detail in the Methods section.

2.2. Methods

2.2.1. Conformational Energy Calculation. Conformational
energy is to be calculated on the basis of the geometrical
description of DNA double helix structure. According to
Cambridge Convention [24], each base pair of DNA is viewed
as a rigid board, and its position relevant to its neighbor is
specified by roll, tilt, twist, slide, shift, and rise. Nucleosomal
DNA bending appeared to be due to periodic variations
in both roll and tilt in the crystal structure 1kx5 [18]. The
periodic changes reflected the helix twisting that altered the
rotational position of each base-pair step (or dinucleotide
step) relative to the dyad. In addition to the general trend of
periodic changes, variations in the roll and tilt at each base-
pair step were also dependent on the property of individual
dinucleotide.

NucleosomalDNAdeformation is viewed as forced bend-
ing. It is assumed that torque 𝐹𝑏 is uniformly distributed
along the DNA. We consider DNA bending to be analogous
to the bending of a rod of multiple segments with variable
stiffness. For a bending force exerted by the histone octamer
on a segment of the DNA, the conformational energy at each
step along the sequence depends on both the corresponding
dinucleotide flexibility and the phasing of the dinucleotide
with respect to the dyad. According to simple elastic model,
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deformations of roll and tilt from their equilibrium values at
dinucleotide step 𝑖 are described as

𝜌 (𝑖) − 𝜌0 (𝑖) =
𝐹𝑏 cosΩ𝑖
𝑘𝜌 (𝑖)

,

𝜏 (𝑖) − 𝜏0 (𝑖) =
𝐹𝑏 sinΩ𝑖
𝑘𝜏 (𝑖)

.

(1)

The bending energy is then calculated by

𝐸𝑏 (𝑖) =
1

2
𝑘𝜌 (𝑖) [𝜌 (𝑖) − 𝜌0 (𝑖)]

2
+
1

2
𝑘𝜏 (𝑖) [𝜏 (𝑖) − 𝜏0 (𝑖)]

2

=
𝐹
2

𝑏

2𝑘𝜌 (𝑖)
cos2Ω𝑖 +

𝐹
2

𝑏

2𝑘𝜏 (𝑖)
sin2Ω𝑖,

(2)

where 𝜌(𝑖) and 𝜏(𝑖) are, respectively, the actual roll and tilt
angle at dinucleotide step 𝑖, 𝜌0(𝑖) and 𝜏0(𝑖), which are depen-
dent on the dinucleotide at step 𝑖, are, respectively, the roll
and tilt without torque, 𝑘𝜌(𝑖) and 𝑘𝜏(𝑖) are the dinucleotide-
dependent force constants, and Ω𝑖 is the accumulated twist
(𝜔) at the center of step 𝑖, counted from the dyad position. For
147 bp nucleosomal core DNA, its structure is symmetrical
with respect to the dyad that is located at the centeral
nucleotide, and the dinucleotide steps from the dyad are
labeled as 𝑖 = ±1, ±2, ±3, . . . , ±73 towards downstream and
upstream directions. The step ±1 is half step away from the
dyad; thus the accumulated twist is calculated as follows:

Ω𝑖 =

{{{{{

{{{{{

{

0.5𝜔1 +

𝑖

∑

2

𝜔𝑖, if 𝑖 > 0,

−(0.5𝜔−1 +

−2

∑

𝑖

𝜔𝑖) , if 𝑖 < 0.
(3)

The bending energy for the central 𝐿-bp segment of a nucleo-
somal DNA is the sum of corresponding dinucleotide steps:

𝐸𝑏 =

(𝐿−1)/2

∑

−(𝐿−1)/2

𝐸𝑏 (𝑖)

=

(𝐿−1)/2

∑

−(𝐿−1)/2

[
𝐹
2

𝑏

2𝑘𝜌 (𝑖)
cos2Ω𝑖 +

𝐹
2

𝑏

2𝑘𝜏 (𝑖)
sin2Ω𝑖] ,

(4)

where 𝐿 is a positive odd number and less than or equal to
147.

In (4), 𝐹𝑏 is determined by utilizing its relationship with
the total bending angle of the core DNA. In the crystal
structure of core particles, about 10 bp at each end has no
contactwith the histone octamers, and therefore the sequence
dependency of nucleosome positioning is reflected merely in
the central 129 bp part of the nucleosomal DNA. The central
129 bp part of the nucleosomal core DNA bends around
histone octamer about 579∘ (𝛼) under the stress of 𝐹𝑏, and
the 𝛼 is due to contribution of 𝜌 and 𝜏 at every step:

𝛼 =

64

∑

𝑖=−64

[𝜌 (𝑖) cosΩ𝑖 + 𝜏 (𝑖) sinΩ𝑖] . (5)

Table 2: The dinucleotide-dependent force constants and parame-
ters 𝜌0 and 𝜏0.

Step 𝑘𝜌 𝑘𝜏 𝜌0 𝜏0

AA/TT 0.2 0.406 0.76 −1.84
AT 0.124 0.641 −1.39 0
AG/CT 0.077 0.28 3.15 −1.48
AC/GT 0.085 0.302 0.91 −0.64
TA 0.064 0.365 5.25 0
TG/CA 0.059 0.393 5.95 −0.05
TC/GA 0.097 0.408 3.87 −1.52
GG/CC 0.075 0.218 3.86 0.4
GC 0.057 0.256 0.67 0
CG 0.04 0.255 4.25 0

Combining (1) and (5) leads to

𝐹𝑏 =
𝛼 − ∑

𝑖
𝜌0 (𝑖) cosΩ𝑖 − ∑𝑖 𝜏0 (𝑖) sinΩ𝑖

∑
𝑖
(cos2Ω𝑖/𝑘𝜌 (𝑖)) + ∑𝑖 (sin2Ω𝑖/𝑘𝜏 (𝑖))

. (6)

The empirical parameters of our model for conforma-
tional energy calculation consist of force constants (𝑘𝜌 and
𝑘𝜏) and roll and tilt angles (𝜌0 and 𝜏0) for 10 dinucleotides at
the equilibrium state (Table 2). The dinucleotide-dependent
parameters 𝜌0 and 𝜏0 averaged over a large pool of DNA-
protein complexes and force constants 𝑘𝜌 and 𝑘𝜏 are taken
from the paper of Morozov et al. [25]. A constant 𝜔 = 34.8

∘,
average twist for the 1kx5 X-ray crystal structure of nucleo-
some-bound DNA, was used for all dinucleotide steps.

2.2.2. Nucleosome Occupancy Estimation. According to
Boltzmann distribution, the potential of forming a nucleo-
some which centers at position 𝑗 in a DNA segment of𝑁 bp
is defined as

𝑆𝑗 = 𝑒
−𝛽𝐸𝑗 , (7)

where 𝛽 = 1/𝑘𝐵𝑇, 𝑘𝐵 is Boltzmann constant, 𝑇 is the room
temperature,𝑀 = 147 (nucleosome size), and𝐸𝑗 is the defor-
mation energy of the underlying DNA of the nucleosome
which occupies positions 𝑗−(𝑀−1)/2 through 𝑗+(𝑀−1)/2.
For simplicity, we assume 𝛽 = 1 in calculation. Nucleosome
occupancy at the base-pair position 𝑗 is measured by the
average of the nucleosome formation potentials over 𝑙-bp
window:

𝑂𝑗 =

∑
𝑗+(𝑙−1)/2

𝑖=𝑗−(𝑙−1)/2
𝑆𝑖

𝑙
.

(8)

In this study, 𝑙 = 51, of which performance was validated in
our other study (unpublished).

Normalized nucleosome occupancy at every base-pair is
calculated by the log-ratio between the corresponding abso-
lute nucleosome occupancy 𝑂𝑖 and the average nucleosome
occupancy ⟨𝑂𝑖⟩ per base-pair across the genome as

𝑂
nor
𝑗

= log
𝑂𝑗

⟨𝑂𝑗⟩

. (9)
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Figure 1: Experimental nucleosome occupancy around start positions and end positions of pseudogenes.

3. Results and Discussion

3.1. Experimental Nucleosome Occupancy around Pseudo-
genes. As shown in Figure 1, nucleosome occupancy exhibits
clear distribution pattern around the start positions and
end positions of pseudogenes: (1) nucleosomes are depleted
upstream and enriched downstream of the start positions;
(2) nucleosomes are enriched upstream and depleted down-
stream of the end positions; (3) the nucleosome depletion
pattern is similar between transcribed pseudogenes and non-
transcribed pseudogenes; (4) nucleosome occupancy profile
shows similar pattern between resting and activated human
CD4+ T cells.

An obvious nucleosome depletion detected upstream of
the start positions of transcribed pseudogenes, suggesting
that the nucleosome depletion at the region may promote
the pseudogene transcription by exposing the underlying
sequence in a linker region, which is accessible for tran-
scription factor binding. A similar depletion at the region
downstream of the end positions of transcribed pseudogenes
might imply the role of nucleosome positioning in tran-
scription termination by facilitating the sequence to form

hairpin structure to terminate transcription. Note that the
nucleosome depleted regions detected upstream of the start
positions and downstream of the end positions of transcribed
pseudogenes match well with the transcription start region
and transcription end region of the pseudogenes, respectively.

As compared with transcribed pseudogenes, nucleosome
depletion both upstream and downstream of the nontran-
scribed pseudogenes is unexpected since nucleosome deple-
tion in those regions is thought to be unnecessary in light of
the nontranscriptional property of those pseudogenes.

3.2. Sequence-Dependent Prediction for Nucleosome Occu-
pancy around Pseudogenes. The overall distribution trend of
experimentally determined nucleosome occupancy around
both start positions and end positions of pseudogenes is
reproduced successfully by our computational model (Figure
2). It has been demonstrated in the previous study that
predicted occupancy has a better correlation with in vitro
nucleosome occupancy than in vivo occupancy [26], as our
prediction depends solely on the physical properties of DNA
and reflects the sequence-dependent nucleosome-forming
ability. In the present paper, the depletion of nucleosomes
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Figure 2: Calculated nucleosome occupancy around start positions and end positions of pseudogenes. Analysis of variance (ANOVA) shows
significant differences of average nucleosome occupancy between transcribed and nontranscribed pseudogenes (𝑃 < 0.001).

both upstream of start positions and downstream of end
positions and enrichment of nucleosomes both downstream
of start positions and upstream of the end positions merely
reflect the sequence properties to form nucleosome.The con-
sistence of the overall distribution trend of nucleosome occu-
pancy around pseudogenes between sequence-dependent
prediction (Figure 2) and in vivo case (Figure 1) suggests
that the DNA sequence is an important determinant of
nucleosome positioning in human as in yeast. Our sequence-
basedmodel predicted nucleosome depletions both upstream
and downstream of the nontranscribed pseudogenes. This
suggests that the in vivo nucleosome depletions surrounding
the nontranscribed pseudogenes are dominated by DNA
sequence.

3.3. The Effect of Sequence Degeneration of Pseudogenes
on Nucleosome Formation. Pseudogenes provide a natural
resource of relics for researchers to explore the chromatin
response to sequence mutations that are enriched in pseu-
dogenes. Specifically, a number of structurally similar but
not identical pseudogenes can be produced from a single
functional gene during evolution. In particular, each of the
high-transcriptional ribosomal protein genes tends to have
many, in some cases over 100, pseudogenes. A simple way
to test the possible change of nucleosome distribution over
pseudogenes is to correlate the nucleosome occupancy over
the pseudogeneswith their evolutionary distances. To do this,
we first downloaded the annotation (hg16-based) for 2536
ribosomal protein (RP) pseudogenes [27] from the pseudo-
gene database (http://pseudogene.org/) and then remapped
them onto the hg18 human genome using Lift program
accessed at http://www.genome.ucsc.edu/. 2401 RP pseudo-
genes were successfully mapped. From them, duplicated
pseudogenes and pseudogenic fragments that account only
a small percentage of pseudogenes were removed. Finally,
we retained 1931 processed pseudogenes whose sequences

and annotations (GC content, DNA identity to their ances-
tral genes, etc.) are available at http://pseudogene.org/. We
computed the average nucleosome occupancy over each
pseudogene from the hg18-based experimental nucleosome
reads data (the same to the procedure described in Section
2.1.2). Sequence-dependent predictivemodelwas also applied
to the pseudogenes to get average nucleosome occupancy
over each one. The correlations among the variables for each
RP pseudogene family were computed (Table 3).

Our data clearly illustrate that predicted nucleosome
occupancy over pseudogenes tends to positively correlate
with their DNA identity, suggesting that the ability of the
pseudogenes to form nucleosome(s) tends to decline in the
process of their evolution. However, we did not detect a
positive correlation between experimental nucleosome occu-
pancy and DNA identity. There are three possible reasons for
this. Firstly, the effects of some nonsequence factors which
are likely to play a larger role in nucleosome positioning
in human than in simple eukaryotes, such as yeast, exceed
the sequence-induced effect on nucleosome positioning [19].
Secondly, it is also possible that the mutations occurring in
some pseudogenes are so little and trivial that they cannot
bring about a significant effect on the nucleosome-forming
ability of pseudogenes. Thirdly, the high substitution rates in
nucleosome-enriched regions [28] are likely to result in the
weak negative correlation between nucleosome occupancy
and pseudogene identity.

We also found a significant correlation between pseu-
dogenes’ divergence and their predicted nucleosome occu-
pancy, indicating again the decreasing trend of nucleosome-
forming ability of pseudogenes during their degradation
process. Furthermore, there is a strong positive correlation of
predicted nucleosome occupancy of pseudogenes with their
GC content, consistent with the previous finding that GC
content dominates intrinsic nucleosome occupancy [29].The
GC-dependency of nucleosome occupancy and the decrease
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Table 3:The proportion of significant Spearman correlations between nucleosome occupancy and pseudogene characteristics with regard to
79 RP pseudogene families.

pgene GC Identitya Divergencea

Predicted 68/77b (𝑅 = 0.817, 68+)c 41/77 (𝑅 = 0.589, 39+) 41/77 (𝑅 = −0.622, 2+)
Experimental 3/77 (𝑅 = −0.02, 1+) 3/77 (𝑅 = −0.106, 1+) 5/77 (𝑅 = 0.026, 2+)
aThe “Identity” and “Divergence” of pseudogenes from the coding sequences of their functional RP genes were taken from Zhang et al. 2002 [27]. The
“Divergence” was computed with the programMEGA2, using the Kimura two-parameter model and pairwise deletion.
bAmong 79 RP pseudogene families, there are two RP pseudogene families whose lengths are not up to 129 bp, a minimum required size for nucleosome
occupancy prediction.
cThe average of the significant Spearman correlation coefficients and the number of positive significant correlations were indicated in the parenthesis.

of GC content of pseudogenes with time [6] could explain the
reduced intrinsic preference of pseudogenes for nucleosome-
forming during evolution.

4. Conclusion

In this report, we analyzed the organization of nucleosomes
around pseudogenes and compared between transcribed and
nontranscribed pseudogenes. Experimental data-based anal-
ysis shows nucleosome depletion both upstream of the start
positions and downstream of the end positions of transcribed
pseudogenes, suggesting that nucleosome positioning plays
an important role in both transcription initiation and tran-
scription termination of pseudogenes. A similar depletion
of nucleosomes is detected for nontranscribed pseudo-
genes, which is likely to be caused by sequence-dependent
nucleosome-inhibitory effect. We also applied a sequence-
dependent model for calculating nucleosome occupancy to
pseudogenes and obtained consistent pattern with experi-
mental nucleosome organization.
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Type IV pili (T4P) and T2SS (Type II Secretion System) pseudopili are filaments extending beyond microbial surfaces, comprising
homologous subunits called “pilins.” In this paper, we presented a new approach to predict pseudo atomic models of pili
combining ambiguous symmetric constraints with sparse distance information obtained from experiments and based neither on
electronic microscope (EM) maps nor on accurate a priori symmetric details. The approach was validated by the reconstruction
of the gonococcal (GC) pilus from Neisseria gonorrhoeae, the type IVb toxin-coregulated pilus (TCP) from Vibrio cholerae, and
pseudopilus of the pullulanase T2SS (the PulG pilus) from Klebsiella oxytoca. In addition, analyses of computational errors showed
that subunits should be treated cautiously, as they are slightly flexible and not strictly rigid bodies. A global sampling in a wider
range was also implemented and implied that a pilus might havemore than one but fewer thanmany possible intact conformations.

1. Introduction

Type IV pili (T4P) and T2SS (Type II Secretion System)
pseudopili are thin flexible filaments extending beyond
microbial surfaces [1, 2] and are descended from a common
ancestor [3]. Pili from different species might have similar
quaternary structures, for they are assembled by highly
conserved biogenesis machinery, which comprises more
than a dozen proteins. These pili are composed of small,
initially inner membrane-localized proteins called “pilins,”
the conformations of which consist of a highly conserved N-
terminal 𝛼-helix and a relatively less conserved C-terminal
globular domain [4]. For their importance in mobility or
protein secretion, T4P and T2SS play significant roles in
microbial pathogenicity and are of considerable interest as
potential targets of drugs or vaccine. Moreover, some special
pili contribute to the process of extracellular electron trans-
fer (EET), known as “microbial nanowires,” which inspire
research efforts to understand the physicochemical basis for
their conductivity [5]. All these researches will benefit if
molecular structures of these pili, which might imply the
mechanisms of their assembly and functions, are provided.

However, difficulties caused by insolubility of subunits, het-
erogeneous assembly, flexibility, and presence of other surface
appendages, such as cytochromes, obstruct researches of T4P
and T2SS at atomic resolution.

A traditional way to study pilus structures at atomic
resolution would be a combination of high-resolution struc-
tures of subunits, examined by X-ray crystallography or
Nuclear Magnetic Resonance (NMR) experiments, and low-
resolution envelops of pili filaments provided by cryoelec-
tronic microscope (cryo-EM) data, which are obtained from
specimens at cryogenic temperatures. To date more than
a dozen pilin subunits, or at least pilin fragments, have
been determined and archived in the Protein Data Bank
(PDB) [6–10], but only one assembled structure of type
IV pilus, the Neisseria gonorrhoeae (gonococcal or GC)
T4P, has been obtained [11]. Meanwhile, several other pilus
pseudo atomic models have been proposed, such as the
type IVb toxin-coregulated pilus (TCP) from Vibrio cholerae
[12] and pseudopili of the pullulanase T2SS (the PulG pili)
from Klebsiella oxytoca that consist essentially of the major
pseudopilin subunit PulG [13], which might also imply the
difficulty of acquisition of intact pilus filaments structures.
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Craig and colleagues [11] obtained the GC pilus structure
by combining X-ray crystallography and cryo-EM data. A
2.3 Å resolution pilin crystal structure has been docked into
12.5 Å resolution cryo-EM maps quantitatively, by utilizing
iterative helical real space reconstruction [14]. A TCP pseudo
atomic structure from Vibrio cholera was also proposed by
using the same method. The model was modified for several
times, according to newly generatedDXMS and cryo-EMand
negative stain reconstruction [4, 12, 15]. Besides, Campos et
al. described a strategy based on helical symmetry from lower
resolution EM studies, on conformation restraints validated
experimentally and on molecular modeling, and apply it to
the PulG pseudopilus [13, 16]. The three pilus models above
are all based on EM data of pili filaments and show common
helical symmetry.

In this paper, we proposed an alternative approach which
is based neither on higher EM maps nor on accurate a
priori symmetric information. The new strategy enforces
symmetry on the conformations among equivalent subunits
in the pili assembly and then “guesses” the symmetric details,
combining information of single pilin structures and sparse
constraints. It is based on two assumptions: (1) T4P and T2SS
pili are helically symmetric; (2) there are few differences in
structure between pilins packed in crystals and in pili. As
all known pilus structures show a common symmetry: a
right-handed helix with ∼4 subunits per turn, and the pilin
subunits have similar non-globular structure which consists
of a globular head and a long N-terminal hydrophobic helix,
both assumptions seem strong.

This approach, combining distance constraints obtained
from a variety of experiments with helical symmetric infor-
mation, penalizes conformations which include constrained
atom pairs that are out of range, reduces the sampling space,
and then biases the process of docking efficiently. It involves
two steps: a low-resolution step and a high-resolution one.
The former narrows down the range of possible symmetric
details, while the latter builds and refines full atomic models.
AGCpilus structure was reconstructed by using thismethod,
so were the TCP and PulG pilus. Results of the reconstruction
verified that the proposed method could recover the struc-
tural details of pilus models. This study is a special case of
integrating external constraint data with specific prediction
methods and could be an efficient way to predict T4P or T2SS
pilus structures, by combining with proper restraints.

2. Materials and Methods

2.1. The Overall Workflow. The overall workflow (shown in
Figure 1) involves two separated steps: a low-resolution step
and a high-resolution one. The first phase aims to find out
potential pilus conformations from a wide range of sampling
space. It enforces helical symmetry on pilus conformations
and generates low-resolution models, or decoys as we call
it, by using structures of single subunits, during which the
side chains are represented by pseudo atoms. Output models
of the global sampling at low resolution could be further
analyzed and filtered by their energy scores and clustering
results, for the following local refinement in the second step.

Workflow 

Phase 1 

Phase 2 

Global sampling

Low-resolution
models

High-resolution

Local refinement
with flexible backbone

Filtering by energy and
clustering

models

Helical
symmetric

information

Distance
constraints from

experimental
data

PDB of
monomer

Figure 1: Computational workflow for pilus structure modeling.
Distance constraints indicated by dashed lines are optional.

The second phase carries out local docking perturbations
and full atomic refinements around the initial structure and
generates high-resolution models. Distance constraints from
experiments could be applied to both phases. Moreover, each
step could be utilized independently for specific purposes.
All the modeling processes are implemented by using the
Symmetric Docking protocol in Rosetta software suite [17].

2.2. Preparing for Pilin Subunits. Since the GC pilus structure
is known as the only structure of intact pilus, the GC pilin
subunit was extracted from its pilus structure [11] (PDB ID:
2HIL), with a complete N-terminal 𝛼-helix and a C-terminal
globular domain.

The crystal structure of the TCP pilin TcpA (PDB ID:
1OQV) lacks the 28 amino acid residues in the N-terminal.
Because of the fact that TcpA and the Pseudomonas aerugi-
nosaPAKpilin (PDB ID: 1OQW) are 75% similar in𝛼1N (32%
identity) [12], A full length TcpA structure was modeled by
employing the coordinates of 𝛼1N in PAK pilin [4].

The PulG pilin structure derived from crystallography
[10] (PDB ID: 1T92) lacks both the C-terminal and N-
terminal segments. As proposed by Campos et al. [13] the
C-terminal residues were modeled by utilizing the 𝛽2-𝛽3
loop of closely homologous GspG (PDB ID: 3G20) from
enterohemorrhagicEscherichia coli, and theN-terminal helix,
considering its high conservation among T4P and T2SS
major pilins, was also built by using the coordinates of 𝛼1N
from PAK pilin.
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For the homology modeling, we used MODELLER
to reconstruct the C-terminal of the PulG pilin, SWISS-
MODEL, and Pymol to build and superimpose the N-
terminal 𝛼-helix. All the pilin models were relaxed by
Rosetta Relax protocol to eliminate steric clashes, before the
calculations.

2.3. Use of Conformational Constraints

2.3.1. Helical Symmetry. Up-to-date data indicate that all
known T4P and T2SS pili have similar intact structures
with a right-handed helical symmetry along their assembly
directions. The GC pilus shows symmetry with a 10.5 Å rise
along the symmetric axis and a 100.8∘ rotation around the
axis. Meanwhile, the rise and rotation angle of the TCP are
8.4 Å and 96.7∘ and 10.4 Å and 84.7∘ for the PulG pseudopilus.

Taking into account the phenomenon mentioned above,
helical symmetry was enforced during all the calculations,
which was implemented by defining a symmetrical con-
formational space through six degrees of freedom (DOF)
of rigid-body [17, 18]: the translation along the axis; the
rotation around the axis; the distance between the axis and
the center of mass (COM) of subunits; and three dimensions
of orientation of subunits, that is,𝑥,𝑦, and 𝑧. Only onemaster
subunit was taken into real calculation, and all other pilins
were just translated from the master through these DOFs.

Considering the fact that the GC pilus structure is
the only known full-atom conformation of pilus, an ini-
tial helical symmetric definition was extracted from it
(shown in Supplementary Material available online at
http://dx.doi.org/10.1155/2015/817134) and would be applied
to all the following calculations. In addition, initial ranges
of the six DOFs could be set to ensure the sampling is taken
under some specific situations, for example, specific starting
positions and searching ranges.

2.3.2. Distance Constraints. Information from a variety of
experimental data could be introduced as distance con-
straints for our approach and applied to both low- and
high-resolution steps. For the three pili discussed in this
paper, the distance information was obtained as constrained
pairs from either the full atomic structure already known
or related experiments, such as cysteine crosslinking, salt
bridge charge reversal experiments, and hydrogen/deuterium
exchange mass spectrometry (DXMS).

First of all, all the F1/E5 (phenylalanine in position 1 and
glutamic acid in position 5) pairs were used as constraints
(M1/E5 for TCP), for the simple reason that the proximity of
N-terminal nitrogen and Glu5 might be a conserved feature
for most T4P and T2SS pili [19] and probably contribute to
the stabilization.

Secondly, pairs of residues in adjacent N-terminal 𝛼-
helices were used as constraints to keep the subunits oriented
along the axis: for the GC pilus, the pair V9/L16 was deter-
mined from the cryo-EM derived model; for the PulG pilus,
the pair I10/L16 was from cysteine crosslinking experiments;
and for the TCP, a pair of V9/V16 was assumed, as such a

distance constraint would help to keep the N-terminal 𝛼-
helices of subunits packed closely in the core of pili.

Besides, other constraints which could be derived from
various experiments were also added. For the GC pilus,
residue pairs were picked out if they are in close proximity
to each other in the intact structure, for instance, several
charged residue pairs with the distance between the C𝛼 atoms
less than 10 Å (R30/E49, K76/D153, and K74/E113). Also spe-
cial atoms pairs, N99/R112, were used as constraints because
they are so close in the GC structure and probably form
a hydrogen bond to stabilize the whole conformation. For
the PulG pilus, restraints derived from cysteine crosslinking
and salt bridge charge reversal experiments, or inferred from
the proposed structure [13] (R26/L76, R26/E83, K68/I179,
V9/V16, and M1/E5), were taken into account. For the TCP,
constraints derived from charge reversal experiments and
DXMS [15] (R26/L76, R26/E83, and K68/I179) were added.

In addition to the experimental data mentioned above,
from which distance constraints came in this paper, other
“lightweight,” high-throughput experimental approaches
could also potentially yield such constraints [20].

To apply this distance information to the procedures of
modeling, distance constraints between pairs of atoms were
characterized as energy penalty functions for Rosetta and
then energy score penalties would be attachedwhen sampling
outside the constraints. All the close distance constraints for
the method are set by a flat harmonic function,
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where 𝑥
0
represents the center of constraints, which is an

estimation of distance between a pair of atoms, tolerance
gives the acceptable bound of constraints, and sd stands for
standard deviations.

The flat harmonic function guaranteed that models were
penalized if the Euclidean distance between two atoms is
either too small or too large. For global sampling at low
resolution, the three parameters were heuristically chosen
as 𝑥
0
= 10, tolerance = 5, and sd = 0.5 and the

constraints were enforced on C𝛼 atoms of each residue. For
full-atom modeling, the parameters were set as 4, 2, and 0.5,
respectively, and the restraints were added onN-O atompairs
in salt bridges [21].

Besides, constraints that define distant relationships from
the TCP DXMS were set by bounded constraint function,
which describes a linear relationship between the penalty and
the distance if it is out of range.

2.3.3. Ambiguous Constraints. Since the arrangement of sub-
units in the pili remains unknown until their assemblies are
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determined, it is improper to assign an interaction specifically
to two subunits. Ambiguous constraints were therefore used
during these calculations. Ambiguous contact between two
residues described above could be depicted as an enumer-
ation of all combinations of the residue pairs, respectively,
from two different subunits, C1,C2, . . . ,C𝑛, and then the
ambiguous constraint is described by min(C1,C2, . . . ,C𝑛),
which picks the minimum from all the scores of possible
pairs. Since the total number of subunits was 15 for our
calculation, an ambiguous contact should be a combination
of 14 possible residue pairs (2 ∗ 7, only the master subunit in
the middle and the upper 7 subunits are taken into account
because of the symmetry).The constraints were implemented
by employing Rosetta Constraint Files [22].

2.4. Global Sampling. Theglobal sampling phase was used for
searching potential pilus conformations from a wide range of
sampling space at low resolution, during which the subunits
were treated as rigid-body backbones with side chains in
centroid mode. A helical symmetry was enforced on the
process of sampling as described in last section, and distance
constraints were also applied.

Subunits were aligned along the pilus axis to some extent,
with the 𝛼-helix approximately parallel to the axis, in order to
optimize the initial position and then accelerate the searching
process.

2.5. Local Refinement. The local refinement phase, started
from a specific initial position, aimed to generate full atomic
models with conformational details. A new symmetric defini-
tion was generated from the starting point and applied to the
calculation with distance constraints being used too. During
the local refinement procedure, a small initial perturbation
was added to the subunits in low-resolution models first,
then side chains were added, by a Monte Carlo Minimization
which optimized both the backbones and side chains, and
finally, a fast simulated annealing step was employed to relax
the full atomic models with flexible backbones.

Command lines for execution of the two steps are shown
in Supplemental Material.

2.6. Validating and Analyzing the Models. Although a com-
mon criterion for judging the results from such calculations
is that the best model is with the lowest energy, exceptions
are not uncommon during structure modeling. Also, some
deviations would be got because of the insufficiency of score
functions, the artifacts during data processing, or even the
errors from the native structures themselves. To avoid these,
we used a combination of clustering and energy score to
evaluate our models, as native structure might be situated
within a broad basin of low-energy conformations, to keep
the efficiency and robustness of structure [23]. Thus, we
chose low-energy models from the largest clusters. For low-
resolution models, total energy of the master subunits was
employed, while for high-resolutionmodels, we also took the
interface energy into account as it is an approximation to
binding energy [24, 25] and depicts the stability of protein
docking.

The pilus structures were clustered based on Root Mean
Square Differences (RMSD) of the C𝛼 positions. A similar
strategy of RMSD calculation to the one taken by Campos
et al. [16] was used, in which models were rotated around
and shifted along their symmetric axes so that the lowest
RMSDs could be determined. RMSDs over three consecutive
subunits were calculated. Considering that our methods
include variables from six degrees of freedom due to rigid-
body translations and rotations in addition to differences in
the subunit structures, such RMSD could be used to evaluate
the accuracy and sufficient to depict structural details of
differences among models.

3. Results and Discussion

A set of sampling processes have been completed, combining
pilin structures with a variety of constraint conditions and
searching ranges, shown in Table 1.

For global sampling of the GC pilus at low resolution, 4
different combinations of distance information were applied
(lines 1–4, column 3 in Table 1), with 0, 2, 4, and 6 constrained
pairs, respectively. The percentage of models in the largest
cluster is shown, with symmetric details of the lowest-energy
structure from the cluster, as a demonstration. The cutoff
of clustering was set to 1.75 Å or 2.5 Å, depending on the
constraints and convergent speed. Similarly, low-resolution
calculations of the TCP and PulG pilus, with or without
constraints, were employed and are shown in Table 1 (lines 5–
8), respectively. For each calculation, at least 1000 decoyswere
sampled and clustered into different groups; only the largest
group was taken into account for further processing. To
balance the accuracy and computational efficiency, we chose
proper low-resolution models from GC3, TC2, and PG2 as
initial models for the following high-resolution sampling,
that is, GC5, TCP3, and PG3, of which the details are shown
in lines 9–11, using a criterion combining energy score and
clustering. During each local refinement procedure, at least
1000 models were finally generated.

Specific constraints used in each calculation are described
both in Materials and Methods and in Table 1.

3.1. Global Searching “Guesses” the Symmetry. As all the
known T4P and T2SS pili show right-handed helical sym-
metry, it is a strong assumption that all T4P and T2SS pili
would have similar symmetric modes. In order to narrow
the searching space and save computational time, an initial
searching range with six DOFs (illustrated in Figure S1) has
been set, with rotation angle per unit between 80∘ and 100∘,
rise along axis between 5 Å and 15 Å, and COM (center of
mass) radius for each subunit between 15 Å and 30 Å. In
addition, the orientation of subunits was also perturbed in
three dimensions.

It can be inferred that proper distance constraints would
narrow down the sampling space and then have a strong
influence on the convergence at the largest cluster, as depicted
in both Table 1 and Figure 2. Take the GC pilus as example;
when with the same cutoff, the number of decoys in the
largest cluster increased from 18.10% to 36.00% (Table 1, lines
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Table 1: Overview of calculations.

Index1 Pilus type Distance constraints2 1st cluster3 Detailed symmetric info.4 Cutoff5 (Å)
Rise (Å) Rotation angle (∘) Radius (Å) Units per turn

GC1 T4Pa None 18.10% 11.35 99.32 18.96 3.62 2.50
GC2 T4Pa F1/E5, N99/R112 36.00% 10.61 100.80 20.28 3.57 2.50

GC3∗ T4Pa F1/E5, N99/R112, R30/E49,
V9/L16 28.60% 11.58 99.36 18.63 3.62 1.75

GC4 T4Pa
F1/E5, N99/R112, R30/E49,

V9/L16, K76/D153,
K74/E113

50.00% 11.87 98.62 18.69 3.65 1.75

TCP1 T4Pb None 10.00% 7.69 100.08 27.88 3.60 2.50

TCP2∗ T4Pb
R26/L76 R26/E83

K68/I179§
V9/V16 M1/E5

21.80% 8.16 98.92 26.08 3.64 2.50

PG1 T2SS None 7.20% 14.62 76.85 16.08 4.68 2.50

PG2∗ T2SS
D48/R87, E29/K51,
R78/D124, R78/D117,

I10/L16, F1/E5
55.00% 10.42 83.00 20.25 4.34 1.75

GC5¶ T4Pa F1/E5, N99/R112, R30/E49,
V9/L16, 72.58% 10.97 100.42 19.16 3.59 1.75

TCP3¶ T4Pb R26/L76, R26/E83,
K68/I179, V9/V16, M1/E5 60.00% 7.44 98.72 25.90 3.65 2.50

PG3¶ T2SS
D48/R87, E29/K51,
R78/D124, R78/D117,

I10/L16, F1/E5
55.00% 10.75 86.32 20.03 4.17 1.75

1Indices of calculations, GC: the GC pilus, TCP: the TCP, PG: the T2SS pseudopilus (PulG pilus).
2Distance constraints applied to the calculations, in the form of atom pairs.
3Percentage of decoys in the largest cluster.
4Detailed symmetric information of picked decoys (with the lowest energy score) from the largest cluster, described by the rise along the axis, the rotation
angle, the radius of COM (center of mass) of each subunit, and also the number of subunits per turn.
5Cutoffs applied in clustering processes.
∗Calculation selected for high-resolution sampling in the second step.
¶Calculation in high-resolution mode.
§Constraint defining a distance no less than 10 Å.

1 and 2) and from 28.60% to 50.00% (Table 1, lines 3 and 4)
after new distance constraints being added. The grey spots
in Figures 2(a), 2(b), 2(c), and 2(d) also show the trend that
the more the constraints there are, the more convergent the
decoys will be. Similarly, data of the TCP and PulG pilus show
the same tendency, as the largest cluster of the TCP doubles
(Table 1, lines 5 and 6) and the one of the PulG pilus increases
from 7.20% to 55.00% (Table 1, lines 7 and 8). Obviously,
proper constraints would reduce the sampling space and keep
the sampling models “closer” from each other.

The distribution of clusters however shows a quite differ-
ent tendency against the whole samples. For the GC pilus,
no matter how the restraint conditions and the overall trend
of distribution change, the cluster seems “stable,” near the
native conformationwith an average RMSD of approximately
2.5 Å versus the native structure. Even when there were no
constraints, decoys tend to converge at clusters near the native
conformation, whichmight imply that information of a single
pilin monomer can decide a pilus structure independently, to
some extent.This phenomenon can also be found in the TCP
and PulG pilus modeling, as shown in Figures 2(e) and 2(f).

As mentioned in Materials and Methods above, we com-
bined energy scores with the results of clustering to pick out

proper structures for the following calculations. Also, since
the largest cluster is always near the native conformation, the
decoyswith the lowest-energy score from the largest cluster of
each calculation were selected. Their symmetric information
has been extracted and shown in the first eight lines of Table 1.
The errors are less than 1.5 Å of translation and 2∘ of rotation
angle.

3.2. Local Refinement Reveals the Structural Details. After
global sampling within narrow ranges, the lowest-energy
decoys among the largest clusters were picked out as the
starting conformations for local refinements in high resolu-
tion. As described in Materials and Methods, a small initial
perturbation was added to the subunits in centroid mode
first, then a Monte Carlo Minimization optimized both the
backbones and the side chains, and finally a fast relaxation
was applied and the backbones of subunits were flexible
during the last step. All the three pili were reconstructed,
shown in Table 1 (lines 9–11) and Figures 3 and 4. Only for
the GC pilus can we compare the results of the procedure
with the intact pilus structure obtained from crystallography
and EM data. More than 70% of the full atomic models
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Figure 2: RMSD landscapes from the native structure (for the GC pilus) or the structure with the lowest energy in the largest cluster (for
the TCP and PulG pilus) versus energy scores. The grey plots and the boxes show the distributions of RMSDs for all the models from each
calculation, and the dark cyan plots show the distribution of cluster 1 (the largest cluster). (a) The GC pilus with 4 distance constraints, (b)
the GC pilus with no distance constraints, (c) the GC pilus with 2 distance constraints, (d) the GC pilus with 6 distance constraints, (e) the
PulG pseudopilus with no distance constraints, and (f) the TCP with no distance constraints.
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Figure 3:The interface energy and total energy landscapes of full atomic models of the GC pilus versus RMSD from the native conformation.
Both show convergence near the native structure.
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Figure 4: The interface energy landscapes of full atomic models versus RMSD from the lowest-energy conformation in the largest cluster.
Left, the TCP. Right, the PulG pilus.

are clustered into the first group, as shown in Figure 3. To
distinguish between correct models and incorrect ones, we
clustered the results and used both total energy and interface
energy score as reference. Figure 3 shows high correlation
between the interface energy scores and the RMSDs from the
native structure, as the RMSDs of models tend to converge
at the point with the lowest score. Besides, most models in
the largest cluster are near the lowest-energymodel, therefore
the native model. Actually, RMSD of the model with the

lowest energy is about 2.8 Å from the native one, and its
symmetric information is shown in Table 1 (10.97 Å for rise
along axis, 100.42∘ for rotation angle, and 19.16 Å for COM
radius). Moreover, most models are clustered between 1 and
5 Å away from the native conformation, with an average of
around 2.5 Å, which is exactly similar to the estimated error in
atomic position of the nativeGCpilusmodel.This accuracy is
at the same level as the former method proposed by Campos
et al. [16] based on molecular modeling, while the way to
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(a) (b) (c)

Figure 5: Reconstruction of pili. For structures with the lowest interface energy score from the largest cluster of each pilus, three consecutive
monomers are shown in red, green, and blue. Left, the GC pilus. Middle, the PulG pseudopilus. Right, the TCP.

take account of RMSD is a little different. Despite the fact
that deviations of their models were calculated over all the
subunits, our approach takes more degrees of freedom into
account, especially the rotation around and the rise along
the symmetric axis, as described above. Because of this, our
method does not require the detailed symmetric information
directly and thus depends less on a priori knowledge. In
addition, such RMSDs seem sufficient to depict structural
details of differences of models.

For the TCP and PulG pilus, due to the absence of
published experimentally validated full atomic structures,
only the landscape of interface energy versus the lowest-
energy model in the largest cluster is depicted in Figure 4.
Similar to the GC pilus, most models in the full-atom mode
tend to cluster into a large group.The models with the lowest
interface energywere taken into account. As shown inTable 1,
the TCP model gets a rise of 7.44 Å along the helical axis,
98.72∘ of the rotation angle around the axis, and a 25.90 Å
radius of COM;meanwhile, the symmetric information of the
PulG pilus model is 10.75 Å, 86.32∘, and 20.03 Å, respectively.
Moreover, we compared our TCP model to a pseudo atomic
model determined by Craig et al., and the RMSD is about
1.4 Å, which might also validate the reasonableness of our
model.

All the three models show close packing of the pilin
subunits, with N-terminal 𝛼-helices inside the core of pili
(Figure 5), which are coincident with former models. Anal-
yses on these structures reveal that such accuracy could
recover details which are consistent with experimental phe-
nomena. For example, although there are some deviations
between the reconstructed model and the native structure,
local details of the structures, such as the aromatic residue
stacking of theGCpilus [12], can also be recovered (Figure 6).

3.3. Is the Rigid-Body Assumption Strong Enough? In order
to figure out where the deviations of models come from,
several other calculations were employed. A local refinement
of the native GC pilus structure was applied, and the results
also show a deviation from the native structure (Figure 7),
which is correspondent with the results in the last section.
This phenomenon poses a question on whether these RMSDs
are derived from artifacts during calculations or from the
error of the native structure itself. To eliminate the influence
caused by Rosetta energy function artifacts, we used the
crystallographic rigid-body transforms to build a repeating
lattice [26] out of the model and carried out all-atom
refinement in both the lattice and the native symmetric pilus
structure.
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Figure 6: The N-terminal of the GC pilus has three aromatic residues whose side chains are positioned to stack, with F1 from one subunit
being inserted between Y24 and Y27 from an adjacent subunit. Aromatic residues from the 10 lowest-energy models are depicted in different
colors. Only one backbone of these models is shown (in ribbon).
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Figure 7: Energy landscapes of local refinement in the native GC pilus structure and the results also show an average deviation around 2.5 Å
from the native structure.

As shown in Figure 8, the models generated from the two
procedures exhibit evident differences. RMSDs of the lattice
sampling from the native subunit (PDB ID: 2HI2) tend to
converge at the point less than 1 Å; by contrast, the pilus
sampling exhibits a convergence of RMSD at around 2 Å from
the native structure.

To address the difference, we superimposed subunits
models into the native structure and found out that evident
conformational diversification is shown on the N-terminal
𝛼-helices while the C-terminal regions remain stable. The
analysis confirms that the change of subunit conformation
is based on variation of outer environment rather than
artifacts derived from the software calculation and also
implies that the models we got might have a more reasonable
conformation, as our model also has a better MolProbity [27]
score than the native one which includes more steric clashes
(shown in Table S1).

As mentioned in Introduction section, the current mod-
eling methods of pili, not only the first step of our approach,
but also the one which Craig et al. used for the GC pilus
[11, 14], are based on the assumption that there are few
structural differences between pilins packed in crystals and

in pili. Taking into account all the discussion above, this
assumption might still be applicable but need to be carefully
handled. Considering the rigid-body process is an efficient
way to reduce computational complexity, introducing some
flexibility during the modeling procedure, or at least parts of
the procedure, could be a better choice.

3.4. Global Searching in Larger Range Implies More Features
of Pili. To get a more complete view of pilus confirmations,
global searching with larger ranges has been applied. The
initial searching range was set with rotation angle between
0∘ and 180∘, the rise along axis between 5 Å and 15 Å, and the
COM (center of mass) radius of each subunit between 15 Å
and 30 Å.

As mentioned in the global searching segment, the struc-
tures of theGCpilus tend to converge into a smaller structural
space, even with little distance constraints. The results of
the large range global searching also support this point
(Figure 9). The energy scores have fallen into several troughs
at specific rotation angles. Meanwhile, the distributions of
diameter and rise are also related with rotation angles, shown
in Figure S2, which imply that the initial rotation angle is a
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Figure 8: Energy landscapes of the GC pilin in pili versus in unit cells. (a) shows a landscape plot and lowest-energy ensemble for the GC
pilin packed in a pilus environment. Evident deviations on the N-terminal helix are shown (indicated by black arrow) between the models
(colored) and the native structure (black). (b) shows the same subunits simulated in the crystal environment, including its oligomeric binding
partners.

key element of the modeling. A similar trend of convergence
has also been observed in the sampling of both the TCP and
PulG pilus, shown in Figure S3.

All these results indicate that the conformation of pili
tends to converge at some specific region, and at least in the
common rotation range, which has ∼4 subunits per turn, the
assembled conformation should be unique for each pilus.

Taking into account the assumption made by Cisneros et
al. [28] that the assembly mode and details of major pilin are
influenced by some other factors such as minor pilins, it can
be implied that, from the perspective of docking energy, a

pilus might have more than one possible assembly mode, and
if it is true, these assembly modes are limited and influenced
by the pilus assembly machinery.

4. Conclusions

In this paper, we describe an approach to predict full atomic
models of pilus, with sparse constraint data. This method
is independent of detailed symmetric data and can “guess”
the symmetry from pilin structures and sparse distance con-
straints which could be obtained from various experiments
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Figure 9: Landscape of energy score versus rotation angle in large
range global searching for the GC pilus.

such as cysteine crosslinking, salt bridge charge reversal
experiments, and DXMS. Models of the GC, TCP, and PulG
pilus assembly conformations were reconstructed by this
method and validated by known structural details of these
three pili.

The method combines a low-resolution step with a full
atomic one. During the first step, a global searching is
performed within a range which contains common helical
symmetric information of T4P and T2S pilus. After that, a
local refinement is applied in the largest cluster of the first
step. The low-resolution models from the first step tend to
cluster near the native conformation, and the high-resolution
phase, to some extent, can recover the structural details of the
native structures.

To assess the quality of models, we use a combination
of clustering and energy score to judge output models, as
native structure might be situated within a broad basin
of low-energy conformations, to fold efficiently and retain
robustness to changes in amino acid sequence. The results of
the reconstruction of several pili also prove that the criterion
is reasonable.

Analyses of the errors for these results show that there are
variations of subunits between their conformations packed in
crystal and in intact pilus and suggest that we should take
a slight flexibility into consideration during the modeling
processes, instead of taking pilins as rigid bodies totally.

The global searching in a larger initial range shows that
the pilus structures tend to assemble into specific basins,
which implies that a pilus may have limited but probably
more than one assembly mode, and be influenced by other
factors in the pilus assembly machinery, such as minor pilins.

It also can be inferred from this paper that Rosetta could
predict the structure of complex macromolecules such as
pilus polymers, when with proper constraint information.
This method could be a supplement for experimental meth-
ods and build pilus models rapidly when without sufficient
EM data.
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[10] R. Köhler, K. Schäfer, S. Müller et al., “Structure and assembly
of the pseudopilin PulG,”Molecular Microbiology, vol. 54, no. 3,
pp. 647–664, 2004.

[11] L. Craig, N. Volkmann, A. S. Arvai et al., “Type IV pilus
structure by cryo -electron microscopy and crystallography:
implications for pilus assembly and functions,” Molecular Cell,
vol. 23, no. 5, pp. 651–662, 2006.

[12] J. Li, E. H. Egelman, and L. Craig, “Structure of the Vibrio
cholerae Type IVb pilus and stability comparison with the
Neisseria gonorrhoeae Type IVa pilus,” Journal of Molecular
Biology, vol. 418, no. 1-2, pp. 47–64, 2012.

[13] M. Campos, M. Nilges, D. A. Cisneros, and O. Francetic,
“Detailed structural and assemblymodel of the type II secretion



12 BioMed Research International

pilus from sparse data,” Proceedings of the National Academy
of Sciences of the United States of America, vol. 107, no. 29, pp.
13081–13086, 2010.

[14] E. H. Egelman, “A robust algorithm for the reconstruction
of helical filaments using single-particle methods,” Ultrami-
croscopy, vol. 85, no. 4, pp. 225–234, 2000.

[15] J. Li, M. S. Lim, S. Li et al., “Vibrio cholerae toxin-coregulated
pilus structure analyzed by hydrogen/deuterium exchangemass
spectrometry,” Structure, vol. 16, no. 1, pp. 137–148, 2008.

[16] M. Campos, O. Francetic, and M. Nilges, “Modeling pilus
structures from sparse data,” Journal of Structural Biology, vol.
173, no. 3, pp. 436–444, 2011.

[17] I. Andre, P. Bradley, C. Wang, and D. Baker, “Prediction of the
structure of symmetrical protein assemblies,” Proceedings of the
National Academy of Sciences of the United States of America,
vol. 104, no. 45, pp. 17656–17661, 2007.

[18] F. DiMaio, A. Leaver-Fay, P. Bradley, D. Baker, and I. André,
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Many systems in biology rely on binding of ligands to target proteins in a single high-affinity conformation with a favorable
Δ𝐺. Alternatively, interactions of ligands with protein regions that allow diffuse binding, distributed over multiple sites and
conformations, can exhibit favorable Δ𝐺 because of their higher entropy. Diffuse binding may be biologically important for
multidrug transporters and carrier proteins. A fine-grained computational method for numerical integration of total binding Δ𝐺
arising from diffuse regional interaction of a ligand in multiple conformations using a Markov Chain Monte Carlo (MCMC)
approach is presented. This method yields a metric that quantifies the influence on overall ligand affinity of ligand binding to
multiple, distinct sites within a protein binding region. This metric is essentially a measure of dispersion in equilibrium ligand
binding and depends on both the number of potential sites of interaction and the distribution of their individual predicted affinities.
Analysis of test cases indicates that, for some ligand/protein pairs involving transporters and carrier proteins, diffuse binding
contributes greatly to total affinity, whereas in other cases the influence is modest. This approach may be useful for studying
situations where “nonspecific” interactions contribute to biological function.

1. Introduction

Ligand interactions with proteins may be specific or non-
specific. Many ligands bind to proteins via tight, cooperative
interactions, that is, “lock and key” mechanisms. However,
other, looser interactions also occur and may have phys-
iological significance (e.g., in multidrug resistance). These
interactions can be modeled by molecular dynamics (MD)
[1], but the timescales involved in modeling multiple on and
off diffusion, especially in and out of solvent, may strain the
current limits of the technology. Pure Monte Carlo methods
can estimate binding to loose protein cavities but can be
inefficient, given the rugged energy profiles of binding and
the large binding space occupied by clashing between ligand
and receptor.

The MCMC approach has been widely used in physics
and statistics to determine the probability distribution of
multidimensional processes. For example, the distribution of
molecular interactions with DNA has been modeled using
MCMC [2]. Modeling uncertainty and low probability states

in protein structure prediction also benefits fromMCMCand
related approaches [3]. A common theme in many structural
analyses is the tradeoff between entropic and enthalpic
contributions to free energy [4].

In the MCMC process, the probability of a state being
occupied (number of steps occupying the state/number of
total steps) is proportional to the stationary probability
distribution of the process. Onemajor advantage ofMCMC is
that high probability regions of the distribution are sampled
more than low probability regions (importance sampling),
increasing efficiency for study of distributions that have
extensive regions of low probability. Another advantage
is that extensive theoretical and practical applications of
MCMC methods show that they are extremely robust and
flexible approaches to model probability distributions [5].

For a MCMC method to be applicable, a distribution
must exhibit certain traits. In particular, the distributionmust
satisfy regularity criteria. The process must be ergodic, that
is, be capable of returning to any given state. For ligand-
receptor interaction, this requires that solvent regions be
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finite. The process must be irreducible; that is, all states must
be reachable by a random walk. In practice, this means that
either ligands must access a solvent region that permits all
conformations or the process must be allowed to jump to
all allowed states. For instance, a ligand unable to rotate in
a given site must be given a statistically valid path to rotate,
either in solvent or through jump diffusion. In some cases,
diffusion of small molecules will not require extra techniques
to achieve irreducibility in large-volume sites.

Ligand binding pockets in proteins are diverse in shape,
depth, and size [6]. Though many binding sites exhibit speci-
ficity required for their biological function, other molecules
require less specificity to fulfill their purpose. The bacterial
drug efflux pumps, including RND transporters such as
AcrB, serve to export multiple toxic substrates from the
cell [7]. Some of these substrates make fairly well-defined
contacts with the binding cavity of the pump [8] while
others may not. Computational studies have contributed
to our understanding of the basis of drug pumping [1, 9].
AcrB preferentially pumps hydrophobic molecules and the
pump chamber is lined with phenylalanine residues. Another
example ofmolecules binding diverse substrates is the several
families of sterol binding proteins, which also bind other
lipids.The human serum albumin protein binds an extremely
diverse set of ligands through two pockets and some crevice
regions. Pocket 2, which is shallow and solvent accessible,
binds the sedative diazepam and the anesthetic halothane
amongst many substrates. Drugs may compete with each
other for binding to albumin, which suggests some specificity
of binding, but could be due to nonspecific occlusion of a
hydrophobic patch available for contact [10].

Here, we treat a ligand molecule as a MCMC process
diffusing within pose space in a receptor site, with its proba-
bility density distribution determined by the𝐾𝑑 of interaction
with the receptor given its positional and rotational state
for relatively rigid molecules. We show, using the MCMC
method, that, for large sites, such as those of the AcrB
bacterial drug transporter, multiple states or binding poses
contribute to binding efficiency. This approach may have
application to modeling other macromolecular interactions
such as DNA-protein and protein-domain interactions. This
method is also relevant to a number of pharmacological
analyses.

2. Methods

2.1.Model Systems. Systems for ligand/protein binding analy-
sis were selected based on the potential for loose, nonspecific
interactions. Each of these proteins had large binding regions
which offered ample room for the ligand to bind in multiple
conformations and atmultiple sites within the binding region
of the protein. The AcrB multidrug transporter of E. coli
undergoes cyclic changes that first open a large ligand-
binding cavity and then expel the contents outside the cell.
The cavity is large enough that all known ligands can, in prin-
ciple, adoptmany conformations within the cavity.The pump
is very nonselective, suggesting that efflux does not require
interactionwith a specific evolutionarily selected binding site.

Human serum albumin is an abundant protein in blood that
plays many roles, including the transport of fatty acids. It
also plays important roles in pharmacology by absorbing
diverse drugs and reducing their free concentration in the
bloodstream. Human serum albumin has at least two large
pocket domains on its surface. Steroid transporters, also in
the bloodstream, can bind many hydrophobic compounds
including diverse steroids. The steroid transporters have
pockets larger than what would be required to bind a simple
steroid. These model systems were studied using the known
sites of drug interaction.

The open binding chamber of AcrB (PDB ID: 3AOD,
chain A) was studied with four ligands. Toluene is a solvent
pumped by the exporter [11]; skatole is a toxic hydrophobic
molecule ubiquitous in the natural environment of E. coli;
acridine orange is the dye first used to characterize the
exporter; and minocycline is an exported antibiotic crystal-
ized with AcrB in the PDB ID: 3AOD structure. Two sterol
binding proteins were studied as well (PDB IDs: 1ZHY and
2A1B). The human serum albumin (HSA) protein has two
canonical ligand binding pockets. Pocket 2, reported to bind
diazepam and halothane, was studied (PDB ID: 1E7B, chain
A) [10, 12].

2.2. The MCMC Process. To study ligand binding in multiple
conformations, it was necessary to estimate the proportion
of ligand binding in each position. A MCMC process was
designed such that the stationary probability in pose space
would equal the predicted distribution of ligands in a binding
site. To ensure ergodicity the process was constrained to
a sphere centered on the initial ligand binding pose. Trial
MCMCprocesseswere studied to determine the effect of win-
dowing and various parameters on performance. The spatial
scoring window was set, conservatively, at 2 angstroms, since
that is a commonly accepted RMSD for significantly similar
poses for ligands and synchronized with the poxel definition
used (see below). Depending on the number of steps and
alpha, the step distance was analyzed. In general, the time
to equilibration for an MCMC process is best determined
by experimentation. A step size, 𝛼, for translation of 0.9
angstroms and an 𝛼 for rotation of 0.6 radians were used.
An important consideration for importance sampling of a
rugged distribution is the tradeoff between the density of
sampling and number of steps. For most systems studied, less
than 200,000 steps were required to populate the majority of
poxels. Stochastic jump diffusion to a probable poxel every
1000 steps was used to ensure sampling of all poses.

2.3. Scoring Affinity. A soft Lennard-Jones scoring parameter
was employed as is common in successful empirical scoring
functions [13–15]. The Δ𝐺 of atomic interaction was set
at 1 kcal/mol at the VDW distance for the atoms involved
[16, 17]. The 𝐾𝑑 for interaction was calculated as 𝐾𝑑 =
𝑒
Δ𝐺/𝑅𝑇 with the MCMCMetropolis transition determined by
1/𝐾𝑑. Δ𝐺 for molecules in solvent was set at 0. For some
experiments AutoDock Vina scoring [18] was used as an
alternative method with similar results. This MCMCmethod
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is compatible with any scoring function for ligand/protein
interaction.

2.4. Definition of Pose Space. Rigid ligands can be posi-
tioned in 6-dimensional translational/rotational conforma-
tional pose space. Pose space was divided into “poxels”
by analogy with 3-dimensional voxels. Poxels were placed
3 angstroms apart in 𝑥, 𝑦, and 𝑧 dimensions and 51.4∘
apart in rotational dimensions. No torsional dimensions were
included for the rigid molecules studied here. These poxels
were large enough that a single poxel could accommodate
most of the motions of known tight-binding ligand/receptor
complexes such as those found in PDB ID: 2rnh and 4gid.
Note that molecules in adjacent poxels occlude the space
of each other but are conformationally distinct and make
different contacts with the receptor.

2.5. Analysis of Diffuse Binding. TheMCMCmethod for DBF
calculation was programmed in a Perl script. The MCMC
process was typically run for 100,000 steps which typically
populated the average poxel with more than 20 process
visits. The most visited pose (modal) was recorded and
entropy enhancement (EE) was calculated as total MCMC
steps/modalMCMC steps. In essence, EE is the proportion of
the steps a ligand spent at sites other than themodal pose.The
less time spent at themodal pose, themore time spent in other
poses. EE can be used to calculate the overall𝐾𝑑 (adjusted for
multiple poses) as

Overall 𝐾𝑑 =
Modal 𝐾𝑑

EE
. (1)

EE can be useful for converting the 𝐾𝑑 predicted for binding
to the single best binding site into the overall binding,
allowing for pose flexibility. For typical high-affinity ligand-
receptor pairs, the number of poses in the site was 1 or 2
and the MCMC steps for the modal pose equaled or nearly
equaled the total number of steps, producing an EE value of
∼1 and an overall𝐾𝑑 ⋍ modal 𝐾𝑑.

The effective number of poses for each site (DBF)was also
calculated.DBF factors thatmanyposes have a probability>0,
nonetheless, are enthalpically unfavorable and hence poorly
populated. For equally populated poses, the total poses equal
DBF. For amore typical Poisson distribution, where themean
number of visits equals the standard deviation of the number
of visits, DBF is 0.5x number of poses. DBF is defined as

DBF = NP
((VarMV) /MV2) + 1

, (2)

where NP is the number of 𝑃 > 0 poses, MV is mean visits to
a poxel, and VarMV is the variance of MV. DBF is equal to the
number of permissible poses if all sites bind equally. However,
DBF is equal to ∼1.0 if only a single pose has substantial
probability, even if many poses with a probability >0 exist.
If binding affinity is distributed amongst sites with a Poisson
distribution, DBF ⋍ 0.5 ∗ NP. DBF is dependent on both
the number of possible poses and the distribution of the
probability of those poses. A high DBF indicates that diffuse
binding plays an important role in overall affinity of a protein
for a ligand.

Table 1: Relative contributions of multiple poses to predicted
affinity.

Complex Poses DBF EE
Spatial fit scoring
AcrB/minocycline 36 5 ± 2 2.5 ± 0.8
AcrB/acridine orange 68 14 ± 4 6.9 ± 1.2
AcrB/skatole 1494 57 ± 31 9.7 ± 5.7
AcrB/toluene 2429 661 ± 139 53.7 ± 10.1
OSBP/cholesterol 10 1.3 ± 0.3 1.1 ± 0.2
Cinnamomin/ergosterol 7 2.2 ± 1.1 1.7 ± 0.4
HSA/diazepam 5050 2298 ± 1703 435 ± 333
HSA/halothane 6897 4319 ± 1626 1630 ± 695
BAR/carazolol 3 1.8 ± 0.9 1.5 ± 0.4
Empirical scoring
AcrB/minocycline 52 8.5 ± 2.0 4.1 ± 1.7
AcrB/acridine orange 81 5.7 ± 3.1 3.3 ± 2.3
AcrB/toluene 1965 726 ± 67 107 ± 10
AcrB/skatole 1637 526 ± 58 76 ± 9
Abreviations: OSBP, oxysterol binding protein; HSA, human serum albumin;
BAR, beta-adrenergic receptor.
“Poses”, refers to number of possible (𝑃 > 0) poses in binding region
analyzed.
Analyses performed in triplicate with runs of 100,000MCMC steps.
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Figure 1: Number of poses in binding site for various ligands.
(1) Beta-adrenergic receptor/carazolol (PDB ID: 2rhn A), a typical
tight-binding receptor/ligand complex; (2) AcrB/minocycline (28
heavy atoms); (3) AcrB/acridine orange (20 heavy atoms); and (4)
AcrB/toluene (7 heavy atoms).

3. Results and Discussion

3.1. Binding to a Loose Site. The AcrB binding site is approx-
imately 2600 angstroms3 which is about twice the volume
of the typical antibiotics that it pumps and about 12 times
the volume of toluene. Analysis of binding of acridine
orange (originally used to discover the AcrB gene) and other
ligands showed that they could bind in several conformations
(Figure 1 and Table 1).

DBF values for various ligands binding to the cavity of
theAcrBmultidrug pump varied greatly. Not surprisingly, the
smaller ligands had higher DBF values than the larger ones
(Table 1) indicating that diffuse binding contributes more to



4 BioMed Research International

(a) (b)

(c) (d)

Figure 2: Toluene binding sites in AcrB. The centroids of the sites are shown. Rotationally equivalent poses may occupy a single site. (a) All
pose sites are shown. (b) Sites contributing 52% of total binding are shown. (c) Poses contributing 15% of binding are shown. (d) A single pose
contributing 10% of binding is shown. Though a relatively high-affinity site exists, low-affinity sites make up the bulk of binding probability.

their overall affinity. Minocycline, which has been crystalized
with AcrB in a single pose, had effectively 1-2 poses in this
analysis as well, though a number of unfavorable poses had
a probability >0. The absolute DBF value may be slightly
inflated since the poxel dimensions were conservatively
defined and even a relatively tight-binding molecule often
has some freedom to move within its site. DBF comparisons
between ligands may be more useful for some purposes.
Toluene, a substrate that has been shown to be pumped by
this transporter had a very high DBF, approximately 100
times that of minocycline. As discussed below, a mixture
of many low-affinity sites and one higher affinity site seems
to contribute to AcrB affinity for toluene. Acridine orange,
the substrate originally used to characterize AcrB, had a low
DBF, but more than one pose seemed to contribute to its
binding. Skatole, a molecule toxic to E. coli but ubiquitous in
its environment, was intermediate between acridine orange
and toluene. Using empirical scoring, skatole had aDBFmore
similar to toluene, suggesting that for some ligands the choice
of scoring function might be significant. The difference was
due to the presence of a single high-affinity AcrB/skatole
poxel in the atomistic analysis that was absent in the empirical
analysis. However, both scoring methods predicted that most
of skatole affinity involved diffuse binding. The other tested
ligands had similar DBFs with both scoring methods. For
the small ligands, substantial enthalpy-entropy compensation
was possible, suggesting that the potential to bind with many
poses contributed to efficiency of pumping these molecules.
Similar effects may influence patterns of multidrug resistance
in other systems [19]. It should be noted that the increased
affinity predicted for small molecules such as toluene and
skatole is not purely an entropic effect. The molecules have
more freedom tomove but are also able tomake enthalpically
favorable (though weak) contacts with the pump in these
alternative poses. These loose configurations may resemble
other examples of ligands binding in sites larger thanwhat the

molecules require. For example, in virtual screening, decoy
molecules may appear to be able to bind sites that do not fit
well [19].

3.2. Visualization of Relative Poxel Probability. Populated
poxels (𝑃 > 0) were visualized for toluene (Figure 2). Poxels
with some probability of being populated were not clustered,
indicating that several sites in the large cavity contribute
to affinity. The distribution of MCMC visits to poxels was
determined. The distribution of poxels contributing about
50% of total affinity was also dispersed (Figure 2). However,
one pose alone contributed about 10% of the total probability
and could be considered a relatively high-affinity site. If
crystallization of AcrB with toluene was successful onemight
predict that this site would appear as the site of toluene inter-
action. However, the analysis here suggests that most of the
experimentally determined affinity would be due to diffuse,
low-affinity interactions. The poxels of minocycline/acridine
orange clustered at the region of the minocycline site in
the crystal structure PDB ID 3AOD. Skatole poxels were
scattered, in a Poisson-like distribution similar to that of
toluene.

Overall, the probability distribution of toluene in AcrB
resembles a Poisson distribution of site occupancy (Figure 3)
with themean number of poxels occupied increasing as affin-
ity decreases. Skatole, which chemically resembles toluene,
had a nearly identical distribution to toluene, though its
DBF was lower because of a single pose with higher affinity
than the highest affinity site of toluene. Significantly, despite
the existence of higher affinity sites, most of the binding
of toluene and skatole is still derived from interaction with
multiple low-affinity sites. In contrast, the affinity of both
acridine orange and minocycline is dominated by one or a
few poses, with only smaller, less significant, contributions
from alternative sites (Figure 3 and Table 1). The DBF
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Figure 3: Specific versus nonspecific binding. The number of steps
per pose is plotted versus the number of poseswith a specific number
of steps. A high value on the vertical axis indicates many low-
affinity poses. A high value on the horizontal axis indicates a few
high-affinity poses. Triangles, AcrB/toluene; squares, AcrB/acridine
orange; diamonds, AcrB/minocycline. The graph for skatole was
nearly identical to the line for toluene except for a single higher
affinity site and is omitted for clarity. See text for details.

values for toluene were roughly 100-fold higher than those
for minocycline, indicating a much greater role for diffuse
binding in toluene binding than for minocycline binding.
Thus small ligands binding to the AcrB site derive an affinity
benefit from the ability to bind weakly in many conforma-
tions, while larger ligands benefit by binding in only a few
conformations, but making more receptor/ligand contacts in
each conformation. Acridine orange and minocycline also
have fewer poxels that do not clash with the AcrB pump
chamber than toluene or skatole.

3.3. Other Nonspecific Complexes. As a comparison with
AcrB, two sterol binding proteins were analyzed. These
molecules, oxysterol carrier protein and cinnamomin, both
bind to a number of sterols with little specificity. They have
no sequence or structural similarity. Both bound sterol with
only a single pose showing high probability, though other
poses did have a probability >0 (Table 1). This result suggests
that the flexibility and looseness of their respective binding
pockets serve mostly in accommodating ligand diversity and
not increasing ligand affinity for the molecules studied.

Human serum albumin (HSA) has been extensively
studied for its ability to bind naturally occurring hydrophobic
molecules such as fatty acids and also drugs. Competition
studies and X-ray crystallographic studies suggest that two
large pockets are involved in at least some of the binding
[10]. When binding of halothane and diazepam, which bind
pocket 2, was studied by the MCMC method considerable
pose diversity appeared to be present within the known
binding pocket (Table 1). These molecules, both by visual
inspection and docking studies with AutoDock Vina, did not
have binding sites with the characteristics of known high-
specificity sites. They appeared to bind in many poses to the
hydrophobic pocket region 2 of HSA and occlude the site,
competing in that way with other substrates. As with toluene
binding to AcrB, a few higher affinity sites were present,

but the overall predicted affinity was dominated by a large
number of low-affinity interactions. In contrast, binding of
carazolol to the beta-adrenergic receptor (a classic “lock and
key” tight interaction) yielded a DBF of only 1.8.

4. Conclusions

The MCMC method provides an approach to conceptualize
and study diffuse binding interactions that have heretofore
been relegated to the area of “nonspecific” interactions.
These types of interactions are likely to play important roles
in some ligand binding, DNA-protein interactions and in
domain interactions in proteins, especially the interactions of
intrinsically disordered domains. In some cases this analysis
has shown that nonspecific interactionsmight also contribute
to overall affinity of ligands. In other cases, apparently
loose fitting ligands actually bind with a single effective
pose. MCMC methods complement molecular dynamic
approaches and allow modeling of interactions that occur
over relatively long time periods. The MCMC approach is
reasonably fast and statistically rigorous and thus provides a
link between physics-based methods that attempt to model
actual molecular behavior and algorithmicmethods that seek
to efficiently provide a single best binding conformation.
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Nicotine, as the major psychoactive component of tobacco, has broad physiological effects within the central nervous system, but
our understanding of the molecular mechanism underlying its neuronal effects remains incomplete. In this study, we performed
a systematic analysis on a set of nicotine addiction-related genes to explore their characteristics at network levels. We found that
NAGenes tended to have a more moderate degree and weaker clustering coefficient and to be less central in the network compared
to alcohol addiction-related genes or cancer genes. Further, clustering of these genes resulted in six clusters with themes in synaptic
transmission, signal transduction, metabolic process, and apoptosis, which provided an intuitional view on the major molecular
functions of the genes. Moreover, functional enrichment analysis revealed that neurodevelopment, neurotransmission activity, and
metabolism related biological processes were involved in nicotine addiction. In summary, by analyzing the overall characteristics
of the nicotine addiction related genes, this study provided valuable information for understanding the molecular mechanisms
underlying nicotine addiction.

1. Introduction

Cigarette smoking is the most common form of tobacco
use and is one of the main preventable causes of premature
death and disability worldwide [1, 2]. Although there are
some effective control policies and interventions on tobacco
abuse, the negative impact of tobacco dependence on society
is still staggering. The World Health Organization estimates
that there are currently about 1.3 billion smokers world-
wide, resulting in approximately 5 million annual tobacco
attributable deaths [3, 4]. If the current trend continues, by
2020, smoking will become the largest single health problem
worldwide, causing 10 million deaths annually, mostly in
low- and middle-income countries [5]. Despite these grim
statistics, cigarette smoking continues to impose substantial
health andfinancial costs on society. According to theCenters
for Disease Control and Prevention (CDC), in USA alone,
the economic burden caused by smoking to society, including
both the direct health care expenditures and the loss of
productivity, can be as high as $193 billion a year [6]. In china,
the prevalence of smoking remains high with 350 million
smokers, and it is estimated that, by 2025, the annual number

of deaths attributed to tobacco use will increase from 1.2
million to 2 million [7]. Although many cigarette smokers
report a desire to quit smoking [8], few are successful [9, 10].
Thus, developing effective therapeutic approaches that can
help smokers achieve and sustain abstinence from smoking,
as well as methods that can prevent people from starting
smoking, remains a huge challenge in public health.

Nicotine, as the primary psychoactive component of
tobacco smoke, produces diverse neurophysiological, moti-
vational, and behavioural effects through interactions with
nicotinic acetylcholine receptors (nAChRs) in the central
nervous system (CNS). Twins, family and adoption studies
have suggested that nicotine addiction is closely related to
genetic and environmental factors, and genetic factors play an
important role in the risk to the development of addiction [11,
12]. Numerous studies aiming to identify the genetic variants
or candidate genes have found a large number of promising
genes and chromosomal regions involved in the etiology of
nicotine addiction [13]. In addition, various pathways and
neurotransmitter systems have been found to be related to the
psychoactive and addictive properties of nicotine, such as the
mesocorticolimbic dopamine system [14–16], the serotonin
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system, the glutamate system, and the GABA system [17–19].
Further, emerging evidence suggests that nicotine can also
regulate the expression of genes/proteins involved in various
functions such as ERK1/2, CREB, and c-FOS [20–22], as well
as the expression state of multiple biochemical pathways,
for example, mitogen-activated protein kinase (MAPK),
phosphatidylinositol phosphatase signaling, growth factor
signaling, and ubiquitin-proteasome pathways [23–25].

During the past decade, the application of high-through-
put technologies to nicotine addiction study has greatly
enhanced our ability to identify the nicotine addiction-
relatedmolecular factors [26–28]. In spite of these progresses,
our understanding of the molecular mechanism underlying
nicotine addiction is still incomplete. Under such situa-
tion, how to integrate the available knowledge and data
in heterogeneous datasets to obtain the relevant biological
information has become an important task. Among the
available approaches to explore the molecular mechanisms
underlying various complex diseases, investigating the inter-
actions between proteins encoded by the candidate genes
in the human protein-protein interaction (PPI) network has
been emerging as a powerful way [29–31]. Furthermore,
genes/proteins with similar functions usually interact with
each other more closely than those functionally unrelated
genes [32], and cluster analysis on the molecular candidates
within a PPI network can provide an intuitive view to
understand its major biological functions. Taking together,
a comprehensive analysis of the candidate genes within a
systematic frameworkmay be a powerful approach to analyze
the molecular mechanisms underlying complex diseases like
nicotine addiction.

In this study, the global network topological properties
of nicotine addiction-related genes (NAGenes) were explored
in the context of human PPI network and were compared
with other gene sets. Then, cluster analysis was utilized
to detect the major functional modules related to nicotine
addiction in the PPI network. Additionally, the significantly
enriched functional clusters were identified for theNAGenes.
This study provides useful insights for understanding the
molecular mechanisms of nicotine addiction at the systems
biological level.

2. Materials and Methods

2.1. Data Sources. Multiple gene sets related to nicotine
abuse have been reported [27, 33, 34]. In an earlier study,
we obtained 220 NAGenes prioritized via a multisource-
based gene approach [35], which represented a relatively
comprehensive gene set for nicotine addiction. Briefly, genes
identified to be related to nicotine addiction or involved in
the physiological response to nicotine exposure or smok-
ing behaviors were collected by integrating four categories
of evidence, that is, association studies, linkage analysis,
gene expression analysis, and literature search of single
gene/protein-based studies. A category-specific score was
assigned to each gene and a combined scorewas computed for
all the collected genes based on an optimized weight matrix.
Then, the genes were ranked according to the combined
scores with a larger score value indicating a potentially higher

correlation between the gene and nicotine addiction. Based
on the distribution of the combined score of all the genes
collected, 220 genes on the top of the list were selected as the
prioritized NAGenes.

For the purpose of comparison, we collected two other
gene sets, that is, an alcohol addiction-related gene set (alco-
hol genes) and a cancer-related gene set (cancer genes).
Alcohol addiction can evoke the dysfunction of neuronal
system and has been suggested to share some biological
mechanisms with nicotine addiction. In this study, we
selected the gene set with 316 alcohol genes collected by Li
et al. [33]. Cancer has been well studied and is expected to
have substantially different pathological characteristics from
nicotine addiction. We downloaded the cancer genes (522
genes) from the Cancer Gene Census database (http://can-
cer.sanger.ac.uk/cancergenome/projects/cosmic/).

To investigate the network topological characteristics of
a gene set, we first need to construct a relatively compre-
hensive and reliable PPI network. Here, we downloaded
the human PPI data from the Protein Interaction Network
Analysis (PINA) platform (May 21, 2014) [36], which col-
lected and annotated data from six major protein interaction
databases, that is, IntAct, BioGRID, MINT, DIP, HPRD, and
MIPS/MPact. Also, we downloaded several related annota-
tion files from NCBI (ftp://ftp.ncbi.nlm.nih.gov/gene/) (May
24, 2014), including the Entrez gene information database of
human (Homo sapiens.gene info.gz), the data set specifying
relationship between pairs of NCBI and UniProtKB protein
accessions (gene refseq uniprotkb collab.dz), and file con-
taining mappings of Entrez Gene records to Entrez RefSeq
Nucleotide sequence records (gene2refseq.gz). For the pro-
teins included in the human PPI database, only those that
could be mapped to NCBI Entrez Gene were included in
our subsequent analysis. After excluding the redundant and
self-interacting pairs, we constructed a human PPI network
containing 15,093 nodes and 161,419 edges.

2.2. Global Network Topological Properties. In network anal-
ysis, different metrics can be used to describe the network
characteristics. We applied four measures to assess the net-
work topological characteristic of NAGenes, that is, degree
and degree distribution, clustering coefficient, closeness, and
eccentricity. For a network, degree of a node (gene/protein
in our case) is the number of direct connections that it has
to other nodes in the network, and highly linked nodes are
usually thought to make important contribution to the global
structure or the behavior organization of a biological network
[37, 38]. Degree distribution is the probability distribution of
the degrees of all nodes over the whole network. Clustering
coefficient quantifies the probability that two nodes linking
to the same node connect with each other and describes the
overall organization of the relationships within a network
[39, 40].The closeness of a node is the reciprocal of its average
distance to each node in the network, while the eccentricity
of a node is the distance to its farthest reachable node [41].

2.3. Cluster Analysis within the Global Network. To intuitively
observe the biological functions involved in the large nicotine
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addiction-related network, we applied the Molecular Com-
plex Detection (MCODE) (Version 1.4) (http://baderlab.org/
Software/MCODE) implemented in Cytoscape platform
(http://www.cytoscape.net/) to identify the molecule mod-
ules or clusters. MCODE is a local clustering algorithm that
can effectively detect densely connected regions of a molecu-
lar interaction network. In our analysis, the global network
that we constructed was uploaded into the Cytoscape [42]
and then MCODE was run to detect gene clusters in the
network using the haircut option which identified nodes
having limited connectivity at the cluster periphery. For the
other parameters, the default settings were adopted.

2.4. Functional Annotation Cluster. To assess the candidate
genes in the context of function similarity, we performed
enrichment analysis on their Gene Ontology (GO) anno-
tations using the Database for Annotation and Integrated
Discovery (DAVID) (Version 6.7) [43]. The genes with their
gene ID or GenBank Accession Numbers were submitted to
DAVID under the functional annotation option specifying
Homo sapiens as the species. In the DAVID functional
annotation clustering, the significantly overrepresented GO
terms, that is, biological process (BP), molecular function
(MF), and cellular component (CC), were retrieved by using
the options GOTERM BP ALL, GOTERM MF ALL and
GOTERM CC ALL.Thedefault parameters and correspond-
ing false discovery rate (FDR) by the Benjamini and Hoch-
berg approach [44] were used to determine the enrichment
score.

3. Results and Discussions

3.1. Global Network Topological Properties of NAGenes. PPI
network analysis provides an effective approach to investigate
the biological themes related to a list of genes at the molec-
ular level. In particular, the topological properties of nodes
(genes) and edges (connections between genes) can help
to understand the underlying biological themes associated
with the network [45]. To depict the network topological
properties of NAGenes, we first constructed a human PPI
network by integrating information frommultiple databases,
to which NAGenes were then mapped. Subsequently, the
characteristics of the NAGenes in the network were assessed
by four network topological measurements, that is, degree,
clustering coefficient, closeness, and eccentricity. As a com-
parison, we also calculated the topological measures of the
networks corresponding to alcohol genes and cancer genes.

Of the 220 NAGenes, 208 could be mapped onto the
human PPI network and the average degree of these genes
was 39.1, which measured the average number of direct
connections between each member of NAGenes and other
genes included in the PPI network, while, for the alcohol
genes, 304 of the 316 genes could be mapped onto the human
PPI network, with an average degree of 52.9 and for the cancer
genes, 488 of the 519 genes could be mapped onto the human
PPI network, with an average degree of 59.8. In order to have a
more intuitive understanding of the degree characteristics, we
plotted the degree distributions of the three gene sets (Figure
1). As shown, for all the three gene sets, the degrees scattered

in a rather large range from 1 tomore than 500. But the degree
distributions were right-skewed, that is, the majority of the
genes had only a few connections with other genes and a
small number of genes had a large number of connections.
Compared with the NAGenes, the average degree of the
alcohol genes appeared to be closer to the cancer genes,
but statistical test indicated that significant difference existed
between the degrees of all the three gene sets (alcohol genes
versus cancer genes, 𝑃 = 1.93 × 10−7; alcohol genes versus
NAGenes, 𝑃 = 0.0031, Wilcoxon rank sum test). The degree
distribution of NAGenes was also significantly different from
that of both alcohol genes and cancer genes (NAGenes versus
alcohol genes, 𝑃 = 0.0031; NAGenes versus cancer genes,
𝑃 = 1.93 × 10

−13, Wilcoxon rank sum test). But compared
with the cancer genes, the NAGenes and the alcohol genes
tended to have lower or moderate connections, for example,
67% and 54% of the NAGenes, and the alcohol genes fell
in the degree interval of 1–20, respectively, while only 37%
of the cancer genes were included in this range (Figure 2).
A close check of the degree of NAGenes showed that genes
withmore specific functions, such as those related to synaptic
transmission (e.g., neuronal acetylcholine receptor subunit
alpha-1 [CHRNA1], CHRNA2, CHRNB1, and CHRNB2),
drug metabolism (e.g., N-acetyltransferase 2 [NAT2], tryp-
tophan hydroxylase 2 [TPH2], and cytochrome P450 2A6
[CYP2A6]), and transport (e.g., solute carrier family 9 mem-
ber 9 [SLC9A9], solute carrier organic anion transporter
family member 3A1 [SLCO3A1], and solute carrier family 1
member 2 [SLC1A2]), tended to have smaller degrees, while
the genes expressed in a large range of cell types/tissues or
involved in broad physiological processes were more likely
to larger degrees, for example, nuclear receptor subfamily
3 group C member 1 (NR3C1), beta-2 adrenergic receptor
(ADRB2), estrogen receptor alpha (ESR1), and tumor protein
p53 (TP53).Thus, although all themembers of NAGenesmay
be nicotine addiction-related, those with smaller degrees are
more likely to be involved in biological processes or neuronal
activities invoked by nicotine.

Clustering coefficient measures the interconnectivity of
neighboring genes in a network. Generally, a gene with
larger clustering coefficient has a higher density of network
connection. The average clustering coefficients of NAGenes,
alcohol genes, and cancer genes were 0.02, 0.03, and 0.06,
respectively. To better describe the characteristics of the
clustering coefficient, we summarized them using histogram
with an interval of 0.1 (Figure 3(a)). Among the three gene
sets, the proportion of genes with clustering coefficient of 0
wasmuch higher forNAGenes (67.8%) than the alcohol genes
(44.1%) and cancer genes (16.0%). Within the intervals 0-0.1,
the proportion of NAGenes included was 96.2%, which is
higher than the other two gene sets (alcohol: 95.7%; cancer:
81.6%). Interestingly, when the clustering coefficient was
greater than 0.4, the proportion of NAGenes was 0. Thus,
NAGenes were likely to be less connected with each other
than the alcohol genes or the cancer genes. In addition, we
also analyzed the distribution of closeness and eccentricity
of the NAGenes in the human PPI network. Usually, a
gene with higher closeness is more likely to be a central
gene in the network, and a gene with larger eccentricity
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Figure 2: Degree distribution of NAGenes, alcohol genes, and
cancer genes. 𝑦-axis represents the proportion of proteins having a
specific degree.

is closer to the fringe of the network [46, 47]. Figure 3(b)
showed thatNAGenes had a smaller closeness comparedwith
the alcohol genes or the cancer genes, but the eccentricity
distribution ofNAGenes showed an opposite trend, following
a more right-skewed distribution (Figure 3(c)). These results
revealed that the NAGenes may be less central in the PPI
network compared with the other two gene sets.

3.2. Cluster Analysis within the Global Network of NAGenes.
Besides characterizing the interaction networks with respect
to their topological features, the biological network can also
be clustered or partitioned into modules, which provides an
insight into the overall organization of the relationshipwithin
the PPI network [32]. Clustering algorithms have previously
been shown to be useful in predicting the molecular modules
that participate in similar biological process.

By using the clustering algorithm to the network associ-
ated with nicotine addiction, we identified 6 clusters includ-
ing 81 nodes (genes in our case) and 126 edges. Out of
these nodes, 30 (37.04%) were included in the 208 genes
mapping into the human PPI network. These clusters were
ranked according to their density and the number of proteins
(genes) included (Table 1 and Figure 4). As shown, the clus-
ters were involved in multiple biological functional cate-
gories. For example, themajority of the genes in cluster I were
associated with apoptotic and macromolecular metabolic
process. Three genes associated with nicotine addiction,
estrogen receptor 1 (ESR1), arrestin beta 1 (ARRB1), and
ARRB2, were located close to the center of this cluster (Figure
4). ESR1, as the specific nuclear receptor of sex hormones,
widely distributes in the dopaminergic midbrain neurons
and is able to modulate the neurotransmitter systems of the
brain reward circuitry [48]. Moreover, ESR1 also plays an
important role in apoptotic process. ARRB1 and ARRB2 are
ubiquitous scaffolding proteins. They can regulate multiple
intracellular signaling proteins involved in cell proliferation
and differentiation and have important roles in mitogenic
and antiapoptotic function of nicotine [49, 50]. The overall
functional theme of Clusters II, III, and VI was synaptic
transmission. Dopamine receptor D2 (DRD2) and DRD4 are
both dopamine receptors that are critical for the reinforcing
effects or rewarding behaviors of nicotine [51, 52]. GABA
B receptor 1 (GABBR1) and GABBR2, the two receptors of
themajor inhibitory neurotransmitter GABA, play important
roles in the development of nicotine addiction [53].

Each cluster also contained genes not included in
NAGenes (Figure 4). A close inspection showed that some
of these additional genes were potentially related to nicotine
addiction. For example, N-ethylmaleimide-sensitive factor
(NSF) [54], ubiquitin b (UBB) [55], small ubiquitin-related
modifier 2 (SUMO2) [55], cyclin-dependent kinase 5 (CDK5)
[56], and phospholipase C gamma 1 (PLCG1) [57] have been
reported to be associatedwith nicotine addiction or regulated
by nicotine exposure. Thus, further exploration on the genes
included in these clusters may help us to identify more
nicotine addiction-related candidate genes.

3.3. Functional Annotation Analysis. To obtain a more sys-
tematic view of the biological function of the genes involved
in nicotine addiction, we performed functional enrichment
analysis on NAGenes. In earlier study, a preliminary func-
tional annotation analysis showed that genes related to
biological processes like neurodevelopment and signal trans-
duction were overrepresented in NAGenes [35]. Here, we
provided a more comprehensive exploration on the function
features of these genes. For the 220 genes, 73 annotation
clusters were identified in the candidate genes (enrichment
score > 1.3). Of these annotation clusters, eight clusters with
enrichment scores higher than 10 were displayed with the
representativeGO terms (Figure 5 andTable S1). Fromawide
view of the annotation clusters, functional annotations asso-
ciated with neurodevelopment and neurotransmitters were
significantly overrepresented in the NAGenes. In the top two
annotation clusters (Clusters 1 and 2), eight terms, including
transmission of nerve impulse (FDR = 1.85 × 10−28), synaptic
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Figure 3: Topologicalmeasures distribution ofNAGenes, alcohol genes, and cancer genes.𝑦-axis represents the proportion of proteins having
a specific measurement. (a) Clustering coefficient. (b) Closeness. (c) Eccentricity.

transmission (FDR = 3.32 × 10−28), system process (FDR =
3.84 × 10−19), and neurological system process (FDR = 2.76 ×
10−18), were directly related to neurodevelopment, consistent
with the previous reports that there is a relationship between
the pathology of nicotine addiction and the development of
neuron system. Moreover, the majority of terms in Cluster
3 were associated with neurotransmitter receptor or channel
activity, for example, extracellular ligand-gated ion channel
activity (FDR = 2.28 × 10−19), neurotransmitter receptor
activity (FDR = 5.80 × 10−18), and acetylcholine receptor
activity (FDR = 6.06 × 10−18) (Table S1). These results
indicated the importance of neurotransmitters and related
molecules in the development of nicotine addiction. Impor-
tantly, we found that calcium ion transport (FDR = 0.02)
was also overrepresented in the candidate genes, consistent

with the reports that the ligand-gated cation channels play
an important role in regulating various neuronal activities
by mediating intracellular Ca2+ concentration, including
neurotransmitter release [58, 59]. In Cluster 7, the overall
functional themewas various neurotransmitter or substances
metabolic process, such as dopaminemetabolic process (FDR
= 1.76 × 10−12), catecholamine metabolic process (FDR =
6.58 × 10−11), diol metabolic process (FDR = 6.58 × 10−11),
and cellular amino acid derivative metabolic process (FDR =
5.21 × 10−6). These metabolic processes had important roles
not only in the development of nicotine addiction, but also
in the harm to human health. In addition, Cluster 8 was
concentrated on learning or memory, which reflected a kind
of pathological forms of nicotine addiction. In summary,
the molecular mechanisms underlying nicotine addiction are
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Table 1: Gene clusters identified in the nicotine addiction-related network.

Cluster Cluster function Scorea Nodes Edges Gene symbol

I Apoptotic/macromolecular
metabolic process 4.08 25 49

ARRB2, ARRB1, CUL4A, HDAC1, RPS3, ERCC6, GNAS,
UBE3A, NBN, CHEK2, BRCA1, ESR1, ARR3, AR, HDAC2,
NEDD4, UBB, MSH6, NR3C1, UBC, PDE4D, SUMO1,
HIF1A, TUBB2A, ITCH

II Synaptic transmission/intracellular and
second messenger signaling cascade 2.67 13 16 KCNJ9, DRD2, ADRB2, DRD4, NOS3, MAP1A, GCDH,

TTN, HTR2A, PSEN1, ACTN1, KCNJ3, GNA11
III Behavioral response to nicotine 3.00 3 3 UBQLN1, CHRNB4, CHRNA3

IV Response to abiotic stimulus/cellular
metabolic process 3.05 22 32

BRCA2, GAPDH, H2AFX, SPTAN1, PRMT1, PRKG1,
MGMT, NCL, HECW2, USP11, ATR, LMNA, GRIN2A,
CDK5, TP53, GRIN2B, KPNB1, XRCC6, MRE11A,
TCEAL1, PLCG1, PDCD5

V Cellular response to DNA damage
stimulus/DNA metabolic process 3.29 15 23 RPA2, RPA3, CCNH, HSPA4, ERCC3, XRCC1, RPA1,

GTF2H1, MLH1, PCNA, MYC, XPC, ATM, CDK2, SUMO2
VI Synaptic transmission/cell-cell signaling 3.00 3 3 NSF, GABBR1, GABBR2
aScore is defined as the product of the cluster density and the number of vertices (proteins) in the cluster (DC × |𝑉|).
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Figure 5: Enriched functional annotation in NAGenes (enrichment score > 10). Detailed information can be seen in supplementary Table S1
in Supplementary Material available online at http://dx.doi.org/10.1155/2015/313709.

extremely complex in that they involve many genes and bio-
logical functions. Through its direct or indirect interactions
with these genes, nicotine can regulate various physiological
processes, such as learning and memory, synaptic function,
response to stress, and addiction [60–63]. Our results also
demonstrated that functional annotation cluster analysis
can provide useful insights for intuitive understanding of
addiction mechanisms. Furthermore, as neurodevelopment
system and neuronal signaling cascades in the brain play
important roles in the pathology of nicotine addiction, the
genes and pathways related to these biological processes
should be the major targets in nicotine addiction study.

4. Conclusions

To achieve better understanding of the molecular mecha-
nisms underlying nicotine addiction, it is necessary to adopt
a system biology frame to analyze the candidate genes related
to nicotine addiction. In this study, we explored the global
network topological characteristics of nicotine addiction.The
results revealed that the topological features of NAGenes
were significantly different from alcohol genes and cancer
genes. Specifically, NAGenes tended to have amoremoderate
degree and weaker clustering coefficient and they were
likely to be in the network margin. Further, integrating the
information from the functional modules identified in the
global network and annotation cluster analysis, we found that
nicotine addictionwas involved inmany biological functions,
such as neurodevelopment, neurotransmitters activity, and
various metabolic processes. Our preliminary results present
a wealth of potential functional information underlying the
mechanism of nicotine addiction and they are valuable for
further investigation.
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Combining computational and experimental tools, we present a new strategy for designing high affinity variants of a binding
protein. The affinity is increased by mutating residues not at the interface, but at positions lining internal cavities of one of the
interacting molecules. Filling the cavities lowers flexibility of the binding protein, possibly reducing entropic penalty of binding.
The approach was tested using the interferon-𝛾 receptor 1 (IFN𝛾R1) complex with IFN𝛾 as a model. Mutations were selected from
52 amino acid positions lining the IFN𝛾R1 internal cavities by using a protocol based on FoldX prediction of free energy changes.
The final four mutations filling the IFN𝛾R1 cavities and potentially improving the affinity to IFN𝛾 were expressed, purified, and
refolded, and their affinity towards IFN𝛾 was measured by SPR. While individual cavity mutations yielded receptor constructs
exhibiting only slight increase of affinity compared to WT, combinations of these mutations with previously characterized variant
N96W led to a significant sevenfold increase. The affinity increase in the high affinity receptor variant N96W+V35L is linked to
the restriction of its molecular fluctuations in the unbound state. The results demonstrate that mutating cavity residues is a viable
strategy for designing protein variants with increased affinity.

1. Introduction

In studying specificity and affinity of protein-protein inter-
actions, the main focus is traditionally on the structural
properties of the interface, for example, complementarity of
the residue composition, hydrogen-bonding networks, and
the role of hydration [1]. However, there is also a significant
contribution of the conformational dynamics to the binding
affinity. Analysis of molecular dynamics simulations of 17
protein-protein complexes and their unbound components
with quasi-harmonic analysis [2] concluded that the protein
flexibility has an important influence on the thermodynamics
of binding. Moreover, changes in the protein conformational
dynamics may lead to substantial changes in affinity to
binding partners without an apparent structural change of
the complex. For example, reorganization of the hydrogen
bonding networks and solvent bridges of the interacting

molecules upon mutation, which was accompanied only by
subtle structural changes, leads to radically different binding
free energy [3, 4]. A recent work [5] shows that the apparent
change in the amino acid dynamics determined by NMR
spectroscopy is linearly related to the change in the overall
binding entropy and also that changes in side-chain dynamics
determined from NMR data can be used as a quantitative
estimate of changes in conformational entropy [6, 7]. Also,
an analysis of crystallographic B-factors has revealed a sig-
nificant decrease of flexibility of residues exposed to solvent
compared to flexibility of residues interacting with another
biomolecule and further compared to their flexibility in the
protein core [8]. This “freezing” of atoms upon complexation
and in the protein core is only slightly larger for the side chain
atoms than for the main chain atoms. Entropic cost specific
for side-chain freezing has been computationally evaluated as
a small, but important contribution to the thermodynamics
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of binding [9, 10]. These results indicate that changes in
amino acid conformational entropy upon binding contribute
significantly to the free energy of protein-protein association.

However important the interaction interface is for the
affinity, the interaction is influenced by the whole composi-
tion of the cognate molecules, so that modulation of affinity
can be achieved by changing other residues than residues
at the interface. One such possible alternative approach
would be filling cavities in one of the binding partners,
thus influencing the stability and dynamics of the interacting
proteins [11–14]. Thermodynamic consequences of introduc-
ing cavity-filling mutations have been discussed for residues
at the interaction interface [15–17] showing that filling the
interfacial cavity increases affinity due to both gain in binding
enthalpy and a loss in binding entropy, the latter being
attributed to a loss of conformational degrees of freedom. It
has been shown that interactions between the internal “core”
residues is responsible for the folding and thermal stability of
a protein [18]. Here, we decided to test whether the protein-
protein affinity could be increased by mutations not on the
interface, but in cavities inside one of the cognate protein
molecules.

This study follows our previous article [21] in which
we designed mutations increasing the affinity of human
interferon-𝛾 receptor 1 (IFN𝛾R1) towards its natural cognate
molecule interferon-𝛾 (IFN𝛾), an important protein of innate
immunity [22, 23]. Here, we retain this model system and
the main contours of the protocol but replace the search for
interfacemutations by searching formutations in the receptor
cavities in order to further increase its interaction affinity to
IFN𝛾 and our computer analysis revealed four such cavity
mutants. Combining one of these cavity mutations with the
best variant designed in our previous study led to a sevenfold
increase in affinity compared to the wild-type receptor. We
show that the affinity increase in this mutant is related to the
restricted flexibility of amino acids in the unbound state of
IFN𝛾R1.

2. Materials and Methods

2.1. Outline of the Protocol. Our computational predictions
are based on the analysis of crystal structures of complexes
between IFN𝛾 and the extracellular part of IFN𝛾R1, namely,
the structures of PDB codes 1fg9 [19] and 1fyh [20] that
contain four crystallographically independent IFN𝛾/IFN𝛾R1
complexes.Throughout the paper, IFN𝛾R1 residues are num-
bered as in UniProt entry P15260. We used the empirical
force field implemented in the software FoldX [24] to search
for mutations within the positions lining the internal cavities
of IFN𝛾R1 molecule that would increase its stability and/or
its affinity to IFN𝛾. All designed mutants of IFN𝛾R1 were
subsequently expressed and purified and their affinity to a
“single-chain” form of IFN𝛾 (IFN𝛾SC, [25]) was measured.
Individual steps of the computational protocol as well as
experimental procedures are described below.

2.2. In Silico Design of Variants. The program 3V [26]
was used to identify internal cavities in all four available
structures of IFN𝛾R1 molecules complexed with IFN𝛾. In

total, 52 cavity-lining residues, which were identified as
encapsulating the cavities in at least one of the four structures,
were extracted using the VMD program [27]. Each of 52
amino acid residues identified as lining the internal receptor
cavities was mutated in all four crystal IFN𝛾/IFN𝛾R1 com-
plexes to 20 amino acid residues using the “positionscan”
and “analyzecomplex” FoldX keywords. This represented
52 × 4 × 20 mutations (including self-mutations leading to
ΔΔ𝐺 = 0). Three types of changes of free energy (ΔΔ𝐺) were
calculated using the program FoldX:

(1) “ΔΔ𝐺 of folding of IFN𝛾R1 in complex” gauged the
influence of mutations on the stability of the whole
IFN𝛾/IFN𝛾R1 complex;

(2) “ΔΔ𝐺 of folding of free IFN𝛾R1” estimated the effect
of mutations on the stability of the isolated receptor;

(3) “ΔΔ𝐺 of binding” of complex between IFN𝛾R1 and
IFN𝛾 estimated the change of the interaction between
the receptor molecule and the rest of the complex.

2.3. Modeling. IFN𝛾R1 models are based on PDB structures
1fg9 [19] and 1fyh [20]. Missing residues in both structures
were added usingModeller suite of programs [28].The lowest
energy loop models were used for further calculations.

2.4. Molecular Dynamics (MD) Simulations. MD simulations
were run using GROMACS suite of programs to test the
stability and dynamic properties, including analysis of values
of root means square fluctuations (RMSF) [29] and the effect
of variable geometry on prediction of changes of interaction
free energy (ΔΔGs), of the IFN𝛾/IFN𝛾R1 complexes (PDB
codes 1fyh and 1fg9). More detailed protocol of MD and
FoldX calculations follows.

2.5. Protocol of Molecular Dynamics (MD) Calculations. For
the MD simulations the following setup was used: proto-
nation state was determined by pdb2gmx program using
parameters provided by the OpenMM [30] Zephyr [31]
program. Implicit solvation (GBSA, 𝜀 = 78.3, with collision
interval of 10.99 fs) was used in combination with parm96
force field [32]. OpenMM Zephyr implementation of GPU
accelerated version of GROMACS [29] suite of programs was
used to simulate the systems. The initial crystal structures
were optimized and the simulation was propagated at 300K
with the time step of 2 fs. RMSF (root-mean square fluctua-
tions) of atoms in the analyzed proteins were calculated from
the 100 ns trajectory to estimate flexibility of residues; they
were calculated by g rmsf program in 5 ns windows.

2.6. Construction, Expression, and Purification of Recom-
binant IFN𝛾R1 Variants. We followed the protocols from
our previous study [21] for all proteins produced in this
study. All selected IFN𝛾R1 variants were prepared, expressed,
and successfully purified to homogeneity by the following
protocol.

Codon-optimized synthetic gene (GenScript) encoding
extracellular domain of human IFNgR1 (residues 18–245)
was cloned into the pET-28b(+) vector (Novagen) using
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Figure 1: Nonreducing 12.5% SDS-PAGE gel of selectedmonomeric
refolded recombinant His-tagged IFN𝛾R1 variants. Proteins were
extracted from inclusion bodies by 8M urea, further purified on Ni-
NTA agarose, and dialyzed, and monomeric fraction was separated
on gel filtration column (see above). IFN𝛾R1 with C-terminal His-
Tag migrates at a molecular mass of 23 kDa when analyzed on
nonreducing SDS-PAGE gel.

NcoI and XhoI restriction enzymes in frame with N-terminal
start codon and C-terminal HisTag. The QuikChange II Site-
Directed Mutagenesis Kit (Agilent Technologies) was used
for mutating the IFN𝛾R1 gene according to manufacturer’s
manual using primers listed below. Primers were designed
by web-based PrimerX program (http://www.bioinformatics
.org/primerx/).

The recombinant IFN𝛾R1 variants were expressed in
Escherichia coli BL21 (𝜆DE3) in LB medium containing
60 𝜇g/mL of kanamycin at 37∘C for 4 hours after induction
by 1mM IPTG. Harvested cells by centrifugation (8,000 g,
10min, 4∘C) were disrupted by ultrasound in 50mM Tris
buffer pH 8 and centrifuged at 40,000 g, 30min, 4∘C, and
inclusion bodies were dissolved in 50mM Tris buffer pH 8
containing 8Murea and 300mMNaCl to extract protein that
was further affinity-purified on Ni-NTA agarose (Qiagen) in
the same buffer. Protein was eluted from resin by 250mM
Imidazole pH 8 in previous buffer and refolded by dialysis
against 100mMTris-HCl pH8, 150mMNaCl, 2.5mMEDTA,
0.5mM Cystamine, and 2.5mM Cysteamine overnight at
4∘C. Final purification of monomeric receptor variants was
performed at 4∘C on a HiLoad 16/600 Superdex 200 pg (GE
Healthcare) equilibrated by PBS buffer pH 7.4 (Figure 1).
Monodispersity of the purified receptor protein was verified
by dynamic light scattering (DLS) using Malvern Zetasizer
Nano ZS90 instrument (data not shown).

2.7. Primers. Mutagenesis primers are designed for the intro-
duction of single residue substitution into IFN𝛾R1 WT.
Mutated nucleotides are underlined. We have the following:

V35L

Forward: 5-GTCCCGACCCCGACCAACTTGACGATT-

GAAAGTTACAAC-3

Reverse: 5-GTTGTAACTTTCAATCGTCAAGTTGGT-

CGGGGTCGGGAC-3

A114E

Forward: 5-GAAAGAATCAGCGTATGAAAAATCGGA-

AGAATTCGCC-3

Reverse: 5-GGCGAATTCTTCCGATTTTTCATACGC-

TGATTCTTTC-3

D124N

Forward: 5-CGCCGTGTGCCGTAATGGCAAAATCG-3

Reverse: 5-CGATTTTGCCATTACGGCACACGGCG-
3

H222Y

Forward: 5-CTGAAGGCGTTCTGTATGTCTGGGGTG-

TC-3

Reverse: 5-GACACCCCAGACATACAGAACGCCTTC-

AG-3

2.8. Construction, Expression, and Purification of IFN𝛾SC.
Recombinant interferon gamma in so-called single chain
form (IFN𝛾SC) described by [25]was cloned into pET-26b(+)
vector (Novagen) using NdeI and XhoI restriction enzymes
in frame with N-terminal start codon not to have no peptide
leader nor tag.

The recombinant IFN𝛾SC was expressed in E. coli BL21
(𝜆DE3) in LB medium containing 60𝜇g/mL of kanamycin at
30∘C for 4 hours after induction by 1mM IPTG. Harvested
cells by centrifugation (8,000 g, 10min, 4∘C) were disrupted
by ultrasound in 20mM Na-Phosphate buffer pH 7.3 and
centrifuged at 40,000 g, 30min, 4∘C, and soluble fraction was
further purified on SP Sepharose HP (GE Healthcare) using
linear gradient of NaCl and further purified to homogeneity
by gel filtration in same procedure as IFN𝛾R1 receptor (see
above).

2.9. Biophysical Characterization of the Studied Proteins.
Melting temperatures of the receptor variants were measured
using fluorescence-based thermal shift assay and for selected
mutants by CD melting experiments. Interactions between
IFN𝛾R1 variants and IFN𝛾SC were measured by the tech-
nique of surface plasmon resonance (SPR) as discussed in
our previous study [21]. Experimental procedures are detailed
below.
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Table 1: Cavities in the four molecules of the IFN𝛾R1 receptor in crystal structures 1fg9 [19] and 1fyh [20].The receptor molecules are labeled
by chain ID (chains C and D from 1fg9 and chains B and E from 1fyh). Figure 2 shows cavities 1–8 as they project into the chain C of 1fg9.

Surface [Å2]∗ Number of residues lining the cavity† Residues selected for mutation Cavity observed in IFN𝛾R1 chain of
1fg9 1fyh

1 134 7 V35, A114 C D —
2 133 5 — — B E
3 470 14 D124 C D —
4 262 9 H222 C D B E
5 120 6 — C D E
6 165 7 — C D E
7 177 7 — D B E
8 138 5 — C B
∗Surface calculated with a probe radius of 0.25 Å for cavities combined from all relevant receptor chains.
†Some residues are shared by neighboring cavities.

2.10. CD Measurements. CD spectra were recorded using
“Chirascan-plus” (Applied Photophysics) spectrometer in
steps of 1 nm over the wavelength range of 190–260 nm.
Samples at a concentration of 0.2mg/mL were placed into
0.05 cm path-length quartz cell to the thermostated holder
and individual spectra were recorded at the temperature
of 25∘C. The CD signal was expressed as the difference
between the molar absorption of the right- and left-handed
circularly polarized light and the resulting spectra were buffer
subtracted. To analyze the ratio of the secondary structures
we used the CDNN program provided with Chirascan CD
spectrometer [33]. For CD melting measurements, samples
at a concentration of 1.5mg/mLwere placed into 10mmpath-
length quartz cell to the thermostated holder and CD signal
at 280 nm was recorded at 1∘C increment at rate of 1.0∘C/min
over the temperature range of 25 to 65∘C with an averaging
time of 10 seconds. CD melting curves were normalized to
relative values between 1.0 and 0.0.

2.11.Thermostability of the IFN𝛾R1 Variants byThermal-Based
Shift Assay. Melting temperature (𝑇

𝑚
) curves of the WT

and selected variants were obtained from fluorescence-based
thermal shift assay (TSA) using fluoroprobe. Experiment was
performed in “CFX96 Touch Real-Time PCR Detection Sys-
tem” (Bio-Rad) using FRET Scan Mode. The concentration
of fluorescent SYPRO Orange dye (Sigma Aldrich) was 8-
fold dilution from 5000-fold stock and protein concentration
was 2 𝜇L in final volume of 25 𝜇L. As a reference we used
only buffer (PBS buffer pH 7.4) without protein. Thermal
denaturation of proteins was performed in capped “Low
Tube Strips, CLR” (Bio-Rad) and possible air bubbles in
samples were removed by centrifugation immediately before
the assay. The samples were heated from 20∘C to 75∘C with
stepwise increment of 0.5∘C per minute and a 30 s hold
step for every point, followed by the fluorescence reading.
Data subtraction by reference sample was normalized and
used for first derivative calculation to estimate the melting
temperature.

2.12. SPRMeasurements. His-tagged receptormoleculeswere
diluted to concentration of 10 𝜇g/mL in PBST running buffer

(PBS pH 7.4, 0.005% Tween 20) and immobilized on a
HTG sensor chip activated with Ni2+ cations at a flow rate
30 𝜇L/min for 60 s to gain similar surface protein density.
Purified IFN𝛾SC was diluted in running buffer to concentra-
tions ranging from 0.1 to 9 nM and passed over the sensor
chip for 90 seconds at a flow rate 100𝜇L/min (association
phase). Dissociation was measured in the running buffer
for 10min at the same flow rate. Correction for nonspecific
binding of IFN𝛾SC to the chip surface was done by sub-
traction of the response measured on uncoated interspots
and reference channel coated with His-tagged Fe-regulated
protein D (FrpD) from Neisseria meningitides [34]. Data
were processed in the ProteOn Manager software (version
3.1.0.6) and the doubly referenced data were fitted to the 1 : 1
“Langmuir with drift” binding model.

3. Results and Discussion

3.1. Internal Cavities Identified in IFN𝛾R1. The cavity analysis
revealed generally different number and size of cavities for
each IFN𝛾R1 crystal structure; their characteristics are listed
in Table 1; their location in a representative receptormolecule
(PDB entry 1fg9, chain C [19]) is highlighted in Figures
2(a) and 2(b). All amino acid residues lining cavities in all
four IFN𝛾R1 proteins complexed with IFN𝛾 were combined,
resulting in 52 residues used in subsequent in silico analysis.

3.2. In Silico Design of Variants. All 52 amino acids lin-
ing the cavities of the receptor molecule were subject to
the mutation analysis by FoldX. The resulting ΔΔ𝐺 values
indicated potential for mutation leading to increasing the
receptor affinity to IFN𝛾.Themutationswere ordered by their
ΔΔ𝐺 values and the first 50 best mutations from each crystal
structure (200 mutations in total) were further analyzed.
Of these 200 mutations, twelve positions were predicted
in all four or at least three crystal structures. The twelve
promising positions are highlighted in orange and yellow
in Figure 2(c). Following the previous study [21], where
we observed significant differences between ΔΔ𝐺 predicted
directly from the crystal structures and from structures after
molecular dynamics (MD) relaxation, we performed short
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Figure 2: (a) The complex between IFN𝛾 and the extracellular part of its receptor 1 (IFN𝛾R1) from crystal structure of PDB code 1fg9 [19].
The two IFN𝛾R1 molecules are drawn as blue cartoon and IFN𝛾 homodimer as yellow cartoon. The eight identified cavities in the receptor
molecule are shown as numbered red surfaces. (b) A close-up of the mutated cavities. The receptor cavities are drawn as red surface and
residues selected for mutations as red sticks; valine 35 is labeled. (c) Residue conservancy calculated by strict alignment of 32 sequences of
the extracellular part of IFN𝛾R1 from 19 species. The residues lining the cavities and not suitable for mutation are highlighted in green, those
selected by FoldX as mutable in yellow, and the residues selected for mutations afterMD simulations are in red (they are also listed in Table 1).
Blue highlights show IFN𝛾R1 mutants occurring naturally in humans. Percentages of the conservation are shown on the left and right sides;
analyzed sequence (residues 6–245 of the UniProt entry P15260) is shown at the bottom of the alignment.

(10 ns) MD simulations of the four crystal structures of
complexes betweenwild type IFN𝛾R1 and IFN𝛾, and repeated
the FoldXmutation analysis on 500 snapshots extracted from
these MD trajectories. After averaging of the predicted ΔΔ𝐺
values for the twelve selected positions, we made the final
selection of the four candidate mutations. The averaged ΔΔ𝐺
values resulting from these calculations for structure 1fg9,
receptor chain C, are summarized in Figure 3. The final
selection of the four variants is listed in Table 2 together
with the changes of their binding free energies averaged
over 500MD snapshots from each of the four IFN𝛾/IFN𝛾R1
complexes in crystal structures 1fg9 and 1fyh.

Finally, the four consensus candidate mutations, which
resulted as the best replacements of the WT sequence, were
expressed, and characterized by SPR, CD, and thermal-based

shift assay. The relative affinities of these four cavity-filling
singlemutants are shown in Figure 4(a) together with relative
affinities of the double mutants combining the four cavity-
filling mutations with mutation N96W.

As Table 2 and in detail Figure 3 show, the ΔΔ𝐺 calcu-
lations revealed only modest potential gains in interaction
affinity, probably because of small cavity volumes as well as
the fact that they are often lined by evolutionary highly con-
served residues. As opposed to the interfacemutations, where
the predicted ΔΔ𝐺s of IFN𝛾R1 stability and binding to IFN𝛾
served as a sufficient criterion for the selection of affinity
increasingmutations, there was no clear-cut rule for selecting
internal cavity mutations that would result in improved
interaction energy. We thus decided to test experimental
consequences of combination of three types of ΔΔ𝐺 values



6 BioMed Research International

Table 2: Predicted changes of free energy changes (ΔΔ𝐺) of the four selected IFN𝛾R1 variants with cavity-lining mutations relative to the
wild type receptor. All energy values are in kcal/mol.

Variant ΔΔ𝐺 of folding of IFN𝛾R1
in complex∗

ΔΔ𝐺 of folding of free
IFN𝛾R1†

ΔΔ𝐺 of binding of
IFN𝛾R1/IFN𝛾 complex‡ Sequence conservation¶

V35L −0.88 −0.85 −0.02 80%
A114E 0.28 0.46 −0.20 60%
D124N 0.65 0.88 −0.21 40%
H222Y −0.72 −0.69 0.15 40%
∗

ΔΔ𝐺 of folding of IFN𝛾R1 bound to IFN𝛾measures the influence of mutations on the stability of the whole complex.
†

ΔΔ𝐺 of folding of IFN𝛾R1 alone represents changes of the stability of the isolated receptor.
‡

ΔΔ𝐺of binding of thewhole complex between IFN𝛾R1 and IFN𝛾 estimates the change of the affinity between the receptormolecule and the rest of the complex.
¶Sequence conservation of amino acid residues at positions 35, 114, 124, and 222. It was based on the global alignment of 32 sequences of the extracellular part
of IFN𝛾R1 (Figure 2(c)).

GLY ALA VAL LEU ILE SER THR CYS MET ASN GLN LYS ARG HIS PRO ASP GLU PHE TYR TRP
VAL 35 2.8 2.0 0.0 −0.9 −0.4 2.9 1.6 1.3 0.1 2.0 2.5 3.5 5.1 4.7 1.2 3.4 3.5 4.3 7.3 10.6
VAL 46 3.8 2.2 0.0 −0.1 −0.3 3.1 1.8 1.8 0.6 2.4 3.0 4.1 6.4 6.4 2.0 3.6 3.7 4.0 6.6 9.1
VAL 100 5.6 3.7 0.0 0.3 −0.3 4.2 2.4 2.7 0.8 3.6 3.9 5.4 7.6 6.2 5.0 5.5 5.1 4.0 6.8 9.8
VAL 102 5.2 3.3 0.0 1.2 −0.4 4.0 2.2 2.5 1.8 3.6 4.1 7.1 11.9 9.4 4.8 4.9 4.9 7.5 11.2 15.6
ALA 114 1.0 0.0 −0.2 0.1 0.1 0.3 0.2 0.1 0.3 0.6 0.2 0.2 0.7 3.3 2.3 1.1 0.3 0.7 1.0 1.9
ASP 124 3.0 2.2 2.5 1.4 2.5 2.3 2.7 2.0 1.7 0.7 1.4 1.8 2.1 2.3 5.7 0.0 1.5 1.4 1.6 2.5
GLY 125 0.0 2.0 6.0 6.4 7.7 2.9 5.6 3.0 4.7 5.7 6.8 8.1 10.1 31.3 6.2 7.1 7.1 12.0 14.1 21.8
ILE 169 5.1 3.7 1.1 0.1 0.0 4.7 3.2 2.9 0.3 3.0 3.2 4.1 5.5 3.9 1.8 4.2 3.6 1.9 4.7 7.0
HIS 222 0.7 0.1 0.8 −0.3 1.1 −0.3 0.6 0.4 −0.3 −0.6 0.5 −0.1 0.3 0.0 2.9 −0.1 0.5 −1.1 −0.7 1.1
VAL 223 2.5 2.0 0.0 0.7 0.3 3.7 1.4 2.3 0.9 3.0 3.2 3.8 6.3 14.2 7.3 4.6 4.9 7.6 11.5 15.6
TRP 224 5.5 4.7 3.5 2.8 3.1 5.5 4.9 4.5 2.4 4.8 4.2 4.2 4.0 3.3 4.6 5.9 5.2 1.1 1.5 0.0
GLY 225 0.0 1.5 3.3 2.0 3.4 2.0 3.3 1.8 1.6 2.1 2.5 2.6 2.9 4.7 4.3 2.9 3.0 2.4 2.6 2.9

GLY ALA VAL LEU ILE SER THR CYS MET ASN GLN LYS ARG HIS PRO ASP GLU PHE TYR TRP
VAL 35

[2]

[1]

2.8 2.0 0.0 −0.9 −0.4 2.9 1.6 1.3 0.1 2.0 2.5 3.6 5.3 4.5 1.2 3.4 3.5 4.3 7.3 10.7
VAL 46 5.0 3.0 0.0 −0.2 −0.5 4.1 2.4 2.4 0.5 3.2 3.8 5.1 8.1 7.6 2.9 4.8 4.8 4.4 7.9 11.5
VAL 100 5.7 3.8 0.0 0.3 −0.3 4.2 2.4 2.7 0.8 3.7 4.0 5.5 7.7 5.9 5.0 5.5 5.1 4.1 6.8 9.7
VAL 102 5.2 3.3 0.0 1.2 −0.4 4.0 2.2 2.5 1.8 3.6 4.1 7.1 11.9 9.5 4.8 4.9 4.9 7.5 11.2 15.7
ALA 114 1.0 0.0 −0.2 0.2 0.2 0.3 0.2 0.1 0.4 0.7 0.3 0.3 0.7 3.4 2.3 1.2 0.5 0.8 1.1 2.0
ASP 124 2.4 1.6 2.0 0.7 1.7 1.8 2.1 1.6 0.9 0.9 1.3 1.0 1.4 1.5 4.8 0.0 1.4 1.0 1.2 1.8
GLY 125 0.0 2.0 6.0 6.4 7.8 2.9 5.6 3.0 4.8 5.8 6.8 8.2 10.2 32.2 6.2 7.1 7.2 12.1 14.2 21.9
ILE 169 5.1 3.7 1.1 0.1 0.0 4.7 3.2 2.9 0.3 3.0 3.2 4.2 5.6 3.8 1.8 4.2 3.7 1.9 4.7 7.0
HIS 222 −0.1 −0.6 0.5 −0.4 0.6 −1.0 0.2 −0.1 −0.4 −0.7 0.2 −0.5 0.0 0.0 2.3 −0.3 −0.2 −0.9 −0.7 0.6
VAL 223 0.9 0.6 0.0 0.2 −0.2 1.7 0.4 1.2 0.1 1.2 1.1 0.5 0.9 1.0 5.6 1.6 1.2 0.1 0.3 0.6
TRP 224 2.7 2.1 1.3 1.2 1.1 2.5 2.1 1.9 0.9 2.2 1.9 1.6 2.0 2.0 2.2 2.4 2.0 0.3 0.6 0.0
GLY 225 0.0 1.2 1.9 0.8 1.7 1.2 1.7 1.1 0.6 0.9 0.9 0.8 1.0 1.0 2.8 1.0 1.0 0.4 0.5 0.3

GLY ALA VAL LEU ILE SER THR CYS MET ASN GLN LYS ARG HIS PRO ASP GLU PHE TYR TRP
VAL 35

[3]
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 −0.1 −0.2 0.0 0.0 0.0 0.0 0.0 0.0 −0.1

VAL 46 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
VAL 100 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
VAL 102 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
ALA 114 0.0 0.0 0.0 −0.1 −0.1 0.0 0.0 0.0 −0.1 −0.1 −0.1 −0.1 0.0 −0.1 0.0 −0.1 −0.2 −0.1 −0.1 −0.1
ASP 124 0.2 0.1 0.0 −0.1 0.1 0.1 0.0 −0.1 −0.1 −0.2 −0.2 −0.1 −0.1 0.1 0.2 0.0 −0.1 −0.1 −0.1 0.1
GLY 125 0.0 0.0 0.0 0.0 −0.1 0.0 0.0 0.0 0.0 0.0 0.0 −0.1 −0.1 −0.1 −0.1 0.0 0.0 −0.1 −0.1 −0.1
ILE 169 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
HIS 222 1.3 1.2 0.9 0.7 0.8 1.1 0.9 0.7 0.4 0.3 0.5 0.4 0.2 0.0 1.2 0.5 0.6 0.1 0.2 0.8
VAL 223 1.7 1.4 0.0 0.1 0.4 2.0 0.8 1.2 0.3 1.5 1.6 2.0 3.2 6.1 2.2 2.7 2.9 5.7 8.2 10.4
TRP 224 3.3 3.1 2.6 1.8 2.2 3.3 3.0 3.0 1.4 2.9 2.3 2.4 2.0 1.3 2.8 3.6 3.1 0.9 0.8 0.0
GLY 225 0.0 0.3 1.1 0.6 1.2 0.6 1.2 0.4 0.3 0.8 0.9 0.9 0.9 2.9 1.3 1.4 1.3 1.1 1.1 1.4

Figure 3: Color-coded values of free energy changes (ΔΔ𝐺) of mutating the twelve cavity-lining residues of IFN𝛾R1. ΔΔ𝐺 values were
calculated using the program FoldX for 500MD snapshots and averaged. Red colored matrix fields indicate stabilization, blue ones
destabilization. Shown are ΔΔ𝐺 values calculated for PDB 1fg9 [19]; receptor chain C. analogical matrices are calculated for 1fg9 receptor
chain D, and for receptor chains B and E from the structure 1fyh [20]. (1) “ΔΔ𝐺 of folding of IFN𝛾R1 in complex” gauged the influence of
mutations on the stability of the whole IFN𝛾/IFN𝛾R1 complex. (2) “ΔΔ𝐺 of folding of free IFN𝛾R1” estimated the effect of mutations on the
stability of the isolated receptor. (3) “ΔΔ𝐺 of binding” of complex between IFN𝛾R1 and IFN𝛾made an estimate of change of the interaction
between the receptor molecule and the rest of the complex.
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Figure 4: Affinities of the IFN𝛾R1 wild type (WT) and mutants to IFN𝛾SC obtained from SPR measurements. (a) Graph represents relative
affinities of IFN𝛾R1 variants compared to WT. All selected “cavity” single amino acid mutation variants bind to the IFN𝛾SC with similar
affinity as WT, but the V35L variant has slightly higher affinity itself and further increases the affinity of the “interface” mutant N96W if
combined together. (b) SPR sensorgrams showing the interaction between IFN𝛾SC and selected IFN𝛾R1 variants. The V35L variant behaves
similarly asWT displaying fast association and dissociation phases. Two variants (N96W and N96W+V35L) with higher affinities compared
to WT bind IFN𝛾SC with slower dissociation phase, thus increasing the affinity. Measured SPR signal is in black and calculated fitted curves
are in red; concentrations of IFN𝛾SC used for SPR measurements were as follows: 0.1, 0.3, 1.0, 3.0, and 9.0 nM.

calculated from the MD snapshots. To identify potentially
favorable mutations, we combined ΔΔ𝐺 values of folding
(ΔΔ𝐺 types (1) and (2) in the in silico protocol described in
Materials and Methods) and of binding (type (3)). The first
two mutations, V35L and H222Y, were predicted to increase
ΔΔ𝐺 of folding to a similar extent for both the complexed
and free IFN𝛾R1 (ΔΔ𝐺 (1) and (2)), while calculated values
of their ΔΔ𝐺 of binding were virtually zero. The other two
selected mutations, A114E and D124N, were predicted to
slightly improve ΔΔ𝐺 of binding while both types of their
ΔΔ𝐺 of folding were destabilizing. In the latter case, ΔΔ𝐺 of
folding of free IFN𝛾R1 (type 2) was more unfavorable than
ΔΔ𝐺 of folding of complexed IFN𝛾R1 (type 1). This means
that the complex is predicted to be relatively more stable
compared to the free IFN𝛾R1.

3.3. Experimental Determination of the Affinities between
IFN𝛾R1 Variants and IFN𝛾SC. Computer-designed IFN𝛾R1

variants were expressed and purified and their affinities to
IFN𝛾SC were determined by SPR measurements; relative
affinities are plotted in Figure 4(a); SPR sensograms are
depicted in Figure 4(b).The calculated𝐾

𝑑
values showed that

the four selected “cavity” single amino acid mutation variants
bind to the IFN𝛾SC with similar affinity as WT; a modest
increase was observed for the V35L variant. In line with our
previous work, we decided to test to what extent the effect
of two distant point mutations is additive. To this end, we
combined the four cavity mutants designed here with the
variant with the highest affinity designed previously, N96W.
The results were quite encouraging: while affinity of one
double mutant (N96W+H222Y) is neutral and one (N96W+
D124) affinity actually decreased, two doublemutants,N96W
withA114E andV35L, had affinity increased compared toWT.
The affinity increase of one of the double mutants, N96W +
V35L, is significant, seven times higher than affinity of
WT.
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Figure 5: Normalized melting curves of IFN𝛾R1 variants measured
by temperature-dependent near ultraviolet circular dichroism (CD)
spectra. Each data point is from the intensity measured at 280 nm.
IFN𝛾R1 WT, V35L, N96W, and N96W + V35L variants were
measured in PBS buffer between 25 and 65∘C at steps 1∘C/minute.
The melting temperature (𝑇

𝑚

) of IFN𝛾R1 variants was determined
as 54∘C for WT, 53∘C for V35L, 50∘C for N96W + V35L, and 48∘C
for N96W, respectively.

The thermal stability (Figure 5) and secondary structure
(Figure 6) of four IFN𝛾R1 variants, V35L, N96W, N96W +
V35L, and WT, were studied by CD and their melting
temperatures were confirmed by thermal-based shift assay
(Figure 7); the CD-measured melting temperatures are 53,
48, 50, and 54∘C, respectively. Both variants with the highest
affinity, N96W and N96W + V35L, have melting tempera-
tures lower than WT, so that mutation from asparagine to
tryptophan at the position 96 apparently causes a decrease of
IFN𝛾R1 thermal stability. However, the CD spectra of all four
proteins are highly similar (Figure 6); their analysis provided
virtually identical composition of the secondary structure
elements dominated by the beta-sheet fractions indicating
that no global structural rearrangements were caused by the
mutations and the fold of these four variants is most likely
the same. Moreover, the spectra are in agreement with the
spectrum measured previously [35] for WT of IFN𝛾R1.

3.4. Analysis of Internal Dynamics of the IFN𝛾R1 Variants.
To test how a cavity-filling mutation changes the flexibility
of the receptor molecule in unbound and complexed states
we analyzed root-mean square fluctuations (RMSF) of the
selected variants. Comparison of RMSF sorted by their
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Figure 8: Continued.
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Figure 8: Ranked RMSF values collected at the last 50 ns of the 100 nsMD simulations ofWT, N96W, and N96W+V35L variants of IFN𝛾R1.
Solid lines labeled g-R1 denote RMSF values of the IFN𝛾/IFN𝛾R1 complex; dashed lines labeled R1 denote values of IFN𝛾R1 alone.The RMSF
values are on the 𝑦-axis; the rank of the values (1–50) is on the 𝑥-axis. Shown are RMSF values of all atoms, main chain atoms (MC), and side
chain atoms (SC) for the following residues: (a) all 40 interface residues (i.e., residue numbers 64, 65, 66, 67, 68, 69, 70, 71, 72, 73, 93, 95, 96,
97, 99, 115, 116, 118, 123, 164, 165, 166, 168, 170, 171, 186, 189, 190, 191, 192, 193, 197, 220, 221, 222, 223, 224, 225, 226, and 227); (b) residues within
6 Å of residue 96 (i.e., residue numbers 65, 66, 67, 91, 92, 93, 94, 95, 96, 97, 98, 119, 120, 121, and 224); (c) residues within 6 Å of residue 35 (i.e.,
residue numbers 32, 33, 34, 35, 36, 37, 46, 47, 48, 49, 100, 101, 102, 114, 115, 116, and 117); (d) the interface residues from the N-terminal domain
(i.e., residues 64 to 123); (e) the interface residues from the C-terminal domain (i.e., residues 164 to 227).

values, “ranked RMSF,” for WT, N96W, and N96W + V35L,
are plotted in Figure 8 (solid lines for IFN𝛾/IFN𝛾R1 com-
plexes, dashed lines for IFN𝛾R1 alone). These plots revealed
significant differences between dynamics of the variants as is
detailed below.

(1) The interface residues of N96W and WT are more
flexible in the free receptor than in the complex, while
the flexibility of the interface residues of N96W +
V35L is similar for the free and complexed receptor
(Figures 8(a) and 8(d)). This indicates entropically
more favorable binding of the N96W + V35L variant
compared to the other two variants.

(2) Interestingly, the origin of this behavior is differ-
ent in the N-terminal and C-terminal domains of
the IFN𝛾R1 molecule: in the N-terminal domain
(Figure 8(d)), the flexibility of the interface residues of
all variants is similar in the bound state, while being
different in unbound state; they are most flexible in
N96W and the least in N96W + V35L. In the C-
terminal domain (Figure 8(e)), the flexibility of the
three variants is similar in their free states, but it
differs in the bound state between N96W, which
has the lowest flexibility, and WT with the highest
flexibility.

(3) The V35L mutation stiffens the receptor nonlo-
cally and makes especially the C-terminal interface
residues more flexible in the bound state compared
to the N96Wmutant (Figure 8(e)).

(4) To sum up, the V35L mutation brought flexibility
of the free and complexed receptor closer together,
indicating reduced entropy penalty of binding and
resulting in the higher affinity of the N96W + V35L
double mutant compared to N96Wmutant.

Filling the cavity by hydrophobic groups as in the V35L
mutation is stabilizing but not asmuch aswould be implied by
ΔΔ𝐺 of the removal of the corresponding hydrophobic group
to water. A compensatory effect lowering a potential increase
of the protein and/or complex stability has been observed
previously [13] and a comparable decrease of stabilization
was also predicted here by FoldX. Filling of a cavity may
stabilize the interaction by several mechanisms, for example,
by reducing the entropic penalty of complexation by stiff-
ening interacting molecules in the free state, or indirectly
by destabilization of the intermediate molten globule state
rather than by stabilization of the folded protein [36]. These
compensatory effects further illustrate complexity of protein-
protein interactions (and/or folding) and the known limits
of computational approaches to increasing protein-protein
affinity [37].

An important issue potentially affecting reliability of
FoldX predictions is the flexibility of the receptor molecule.
The first round of FoldX ΔΔ𝐺 calculations based on the
static crystal structures suggested one additional mutation,
G225Y, as potentially increasing receptor affinity to IFN𝛾.
Although further calculations using structures of snapshots
from theMD simulations did not confirm this prediction, we
expressed and characterized this mutation.The experimental
data were in agreement with the MD-based prediction
showing much lower binding affinity compared to the WT
(the ratio of the respective 𝐾

𝑑
values was 0.4), and also the

N96W + G225Y double mutant had a fairly low binding
affinity (compared toWT, the ratio of the respective𝐾

𝑑
values

was 3.1, which is lower than for the N96W mutant). This
observation can be explained by the structural properties of
the receptor molecule.The loop region of IFN𝛾R1 containing
theG225 residue is flexible and any residue at the position 225
is thus only a fraction of time in the geometry, in which itmay
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increase the binding affinity. An important role of flexibility
at the C-terminal part of the interacting IFN𝛾 and IFN𝛾R1 is
well illustrated by a study of IFN𝛾modified at its C-terminal
side [38].

3.5. Sequence Conservation of Mutable Residues. We checked
sequence conservation for the 12 positions selected by the
FoldX calculations for potential cavity-filling mutations.
Global alignment of 32 sequences of the extracellular part of
IFN𝛾R1 from various organisms by Kalign as implemented
in program Ugene [39] (Figure 2(c)) shows conservation
between 40 and 98% for these positions; the position V35
is well conserved (80%). The independence of sequence
conservation and its potential for stabilizing mutation filling-
up protein cavity (“mutability”) contrasts with previously
observed tight correlation between conservation and muta-
bility for receptor residues interacting with IFN𝛾 [21]: we
tested several mutations of the interface residues S97 and
E118, which were conserved at the 90% level (Figure 2(c)),
namely, S97X (X = L, N, W) and E118X (X = M, F, Y, W),
and they did not bind IFN𝛾SC at all (unpublished SPR data)
despite the fact that binding of these mutants to IFN𝛾 was
predicted to be stronger than that of WT.

3.6. Relationship Between FoldX ΔΔ𝐺 Values and Naturally
Occurring IFN𝛾R1 Variants. Interesting, albeit indirect, val-
idation of the present FoldX predictions ofΔΔ𝐺 of mutations
can be found among naturally occurring IFN𝛾R1 single-point
mutations collected in the database of single nucleotide poly-
morphism (dbSNP) [40].Thedatabase contains 25 nucleotide
mutations at 22 unique positions of the extracellular part of
the IFN𝛾 receptor, which is studied here; these 22 positions
are marked blue in Figure 2(c). Most of the ΔΔ𝐺 predictions
for these natural mutants show neutral effect on the stability
of free IFN𝛾R1 and on its complex with IFN𝛾. This is in
agreement with the fact that only two of the natural mutants
exhibit deleterious effects or are represented by a pathological
phenotype.

4. Conclusions

We present a new computational strategy for designing
higher affinity variants of a binding protein and show that
it is possible to increase the affinity of a protein-protein
interaction by mutations not at the interface, but in the
interior cavities of a binding partner. The mutations were
selected at positions lining internal cavities of one binding
partner, and an in silico protocol identified mutations that
would fill the protein cavities and increase the stability of
the complex. We showed that the selection of such cavity
mutations in interferon-𝛾 receptor 1 (IFN𝛾R1) could be
performed based on a combination of simple empirical force-
field calculations and MD simulations. The mechanism by
which the cavity mutations cause affinity increase is shown to
be restriction of molecular fluctuations, which can be related
to reduced entropy penalty upon binding [6, 7]. IFN𝛾R1
WT and all computationally designed receptor mutants were
expressed, purified, and refolded, and the affinity towards the
cognate protein, IFN𝛾SC, wasmeasured by SPR.While single

mutants showed roughly the same affinity as WT, double
mutants combining cavity mutations with the best interface
mutation obtained previously [21] were successful in further
increasing the binding affinity.

The results demonstrate that mutating cavity residues is a
viable strategy for designing protein variants with increased
binding affinity. The comparison of computational data and
experiments helped to further improve our understanding
of forces governing protein-protein interactions. The newly
obtained high-affinity binders of IFN𝛾 could be developed
into a new diagnostic tool. The significance of the present
work can be seen in the fact that small ΔΔ𝐺 gains of cavity
mutants led to significant increase of affinity when combined
with more conventional mutations influencing the interface.
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With the continuous development of biological experiment technology, more and more data related to uncertain biological
networks needs to be analyzed. However, most of current alignmentmethods are designed for the deterministic biological network.
Only a few can solve the probabilistic network alignment problem.However, these approaches only use the part of probabilistic data
in the original networks allowing only one of the two networks to be probabilistic. To overcome the weakness of current approaches,
an improvedmethod called completely probabilistic biological network comparison alignment (C PBNA) is proposed in this paper.
This new method is designed for complete probabilistic biological network alignment based on probabilistic biological network
alignment (PBNA) in order to take full advantage of the uncertain information of biological network. The degree of consistency
(agreement) indicates that C PBNA can find the results neglected by PBNA algorithm. Furthermore, the GO consistency (GOC)
and global network alignment score (GNAS) have been selected as evaluation criteria, and all of them proved that C PBNA can
obtain more biologically significant results than those of PBNA algorithm.

1. Introduction

The development of biological experiment technology has
generated more and more biological network data such as
protein-protein interaction and gene transcriptional regu-
latory network data, which brings considerable number of
pieces of information about the interactions and relationships
between biological organisms. For this reason scientists
carried out a lot of research in this area. Comparative anal-
ysis, namely, biological network alignment, is an important
method in biological network research. Biological networks
alignment can simply be described as the analysis of biolog-
ical networks by comparing the data to find the correlation
between structure and function of organisms and thus to
help the study of biological development and evolution.
This study demonstrates great potentials to discover basic
functions and to reveal essential mechanisms for various
biological phenomena, by understanding biological systems
not at individual component level but at a system-wide level
[1, 2].

Ogata et al. first proposed the graph comparison approach
to identify local similarities between two graphs, which
allows gaps and mismatch of nodes and edges and is
especially suitable for detecting biological features in 2000
[3]. They used the above-mentioned comparative method to
discover the relationship between enzymes and positions of
their corresponding gene encodings in the entire genome.
After analyzing these results, they found the local structure
similarities corresponding to functionally related enzyme
clusters. Thereafter, the graph comparison research attracted
many scholars’ research interests in this field. Kelley et al.
in 2003 introduced the value of the concept called BLASTE
into protein interaction network and thereby described a
new way to detect the highly conserved pathway and the
highly conserved functional module in the two networks
[4]. Subsequently, Koyutürk et al. took advantage of the
duplication/divergence model to translate protein-protein
interaction (PPI) network comparison into the maximum
weight subgraphs problems and used the greedy method
to solve the problem [5]. In 2007, Singh et al. proposed
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the IsoRank algorithm, which converted the problem to a
constraint-based optimization objective function problem.
Then they also introduced an algorithm called IsoRankN,
which was an approach similar to the PageRank-Nibble
algorithm, to align multiple PPI network [6]. The Match-
and-Split algorithm proposed by Narayanan and Karp, 2007,
with the idea of dividing and conquering strategy divided
biological networks into submodules. This approach deals
with biological networks alignment by comparing smaller
modules [7]. In 2009, Klau [8] normalized the problem to
an optimization problem and solved the problem with the
integer linear programming method. So far, most of the
researches are focused on determining biological network
data.

However due to the size, density, and redundancy of
interacting molecules in the network and even errors in bio-
logical experiments [9], interactions in biological networks
are probabilistic events. For example, in a living cell, DNA
binding proteins are believed to be in equilibrium between
the bound and unbound states, thus introducing uncertain-
ties in protein-DNA interactions. Similar circumstance holds
for protein-protein interactions, which are crucial to cellular
functions both in assembling protein machinery and in
signaling cascades. Therefore we abstract the biological net-
works into the uncertain networks whose edges are denoted
by the values, respectively. Our solution is closer to realistic
situation. Incorporation of uncertain information will bring
more challenges to the biological networks alignment and
analysis.

To the best of our knowledge, there are only two biological
network alignment algorithms that can deal with uncertain
network. Weighted IsoRankN [10] based on the IsoRank was
proposed to deal with the probabilistic case. But the prob-
ability information in Weighted IsoRankN was considered
as “weight” rather than the true “probability.” Essentially,
the Weighted IsoRankN algorithm merely simplifies the
probability graph into the deterministic diagram. Hence a
majority of pieces of information were neglected via this
measure. PBNA (probabilistic biological network alignment)
[11] proposed by Todor et al. in 2013 was an advanced version
of the IsoRank algorithm. The core of this algorithm was
to replace the determining variables in the IsoRank with a
random variable so as to establish a model for biological
network alignment problem.Then this probability algorithm
was optimized by using conditional probability distribution
knowledge to reduce its complexity. However, the PBNA
approach requires at least one of the networks participating
in alignment be determined diagram. In other words, if
the participating networks are all uncertain networks, one
of them will be considered automatically as a deterministic
graph. Clearly, the neglect of the probability information of
the networks may lead to the deviation.

In order to simplify the discussion in the rest of the cases,
“deterministic network alignment” refers to the algorithm
in which two participators are all deterministic network
and “part probabilistic network alignment” refers to the
algorithm in which one of participators is probability graph
and “complete probabilistic network alignment” refers to the
algorithm in which both participators are uncertain graphs.

In this paper, we develop a method called “complete
probabilistic biological network alignment” (C PBNA) based
on “part probabilistic biological network alignment (PBNA).”
Our approach can take full advantage of the information for
the uncertain network alignment with two uncertain net-
works. Finally, we conduct 122 groups of contrast tests based
on uncertain protein interactions network data preprocessed
by Todor et al. from MINT database. We use the agreement
to tell the difference between two algorithms. The biological
significance of the network comparison is quantified by
global network alignment score, gene ontology consistency,
and functional coherence of the alignments. The experiment
results indicate that C PBNA can find the results neglected
by PBNA algorithm. Furthermore, C PBNA can obtain more
biologically significant results than those of PBNA algorithm.

The rest of the paper is organized as follows. In Section 2,
we describe theC PBNAalgorithm. In Section 3,we apply the
C PBNAalgorithm intoMINT [12] and analyze the results. In
Section 4, the conclusions are given.

2. Methods

TheC PBNA proposed in the paper is an advanced biological
networks alignment algorithm derived from the PBNA [9].
Both of the algorithms are based on the framework of
IsoRank for deterministic network. The PBNA approach
takes the uncertainties of the networks into consideration.
However, the precondition of PBNA is that at least one of
the biological networks participating in alignment must be
deterministic network. Our approach can deal with align-
ment of two uncertain biological networks. Furthermore
it can directly deal with the deterministic and partially
probabilistic situation. In the following sections, we start
by analyzing the probabilistic biological networks which are
dealt with by the C PBNA algorithm then and the results
discovered by C PBNA. Our whole approach is described
in five sections: (1) Probabilistic Biological Network; (2)
Probabilistic Support Matrix; (3) Probabilistic Model of the
Eigenvector; (4) Extracting Alignment Results; (5) C PBNA
Algorithm.

2.1. Probabilistic Biological Network. Traditional determinis-
tic biological network can be characterized by a two-tuple
𝐺 = (𝑉, 𝐸), where 𝑉 denotes the vertex and 𝐸 denotes the
set of graph edges. Different types of biological networks
correspond to different graphs; for instance, PPI network
(protein-protein interaction network) can be abstracted into
an undirected graph with the vertices tagged by labels denot-
ing different proteins and the edges denoting the interaction
relationship of proteins.

It is important to note that biological networks usually
are indeterminate; for instance, the interactions of proteins
often exist at certain probability. Therefore, we consider the
uncertain biological network as a network in which the pro-
teins are denoted by determinate nodes and the interactions
of proteins are denoted by edges with a probability value.

Uncertain network is characterized by a three-tuple 𝑔 =
(𝑉, 𝐸,Pr

𝐸
), where 𝑉, 𝐸 denote the vertex set and edge set,

respectively [13]. Consider
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Figure 1: Original uncertain graph, as well as its eight-implication graph.

Pr
𝐸
: 𝐸 → [0, 1] . (1)

Note that Pr
𝐸

is a function which denotes a value
probability in [0, 1] for each edge 𝑒 = (𝑢, V); specifically
Pr
𝑒
= 1 indicates that edge 𝑒 = (𝑢, V) definitely exists:

Pr (𝑔 ⇒ 𝐺)

= ∏

𝑒∈𝐸


Pr
𝐸 (𝑒) ∏

𝑒∈𝐸∩(𝑉

×𝑉

)\𝐸


(1 − Pr
𝐸 (𝑒)) .

(2)

𝑔 = (𝑉, 𝐸,Pr
𝐸
) denotes uncertain graph and 𝐺 = (𝑉, 𝐸)

denotes deterministic graph, respectively. Particularly, uncer-
tain graph 𝑔 contains deterministic𝐺, which is abbreviated as
𝑔 ⇒ 𝐺, when and only when 𝑉 = 𝑉 and 𝐸 ⊆ 𝐸 ∩ (𝑉 ×𝑉),
where𝐸∩(𝑉×𝑉)denotes an edge set inwhich two endpoints
of the edge are both in the vertex set 𝑉.

Example 1. Observe that original uncertain graph in Figure 1
has three probability sides. Hence, it contains 8 kinds of
different deterministic networks with different probability.
This means that in a probabilistic network with |𝐸| edges
there are actually 2|𝐸| deterministic networks which occur at
a certain probability.

Note that, with the uncertainty added, the complexity
of the graph increases greatly. For instance, the MINT [12]
network data used in the experiments contain 2313 implica-
tion graphs for the maximum organism containing 313 edges.
Precise comparison seems almost impossible for such a large
amount of data.

2.2. Probabilistic Support Matrix. Firstly, our approach pro-
posed in the paper is based on the primal framework
of IsoRank algorithm which aimed at deterministic graph
alignment. One of the core ideas of IsoRank is that the
similarity between two vertices may be determined by all the
neighborhood vertices’ similarity. First of all, we introduce
the simple case of pairwise global network alignment (GNA).

For deterministic networks 𝐺
1
= (𝑉

1
, 𝐸
1
) and 𝐺

2
=

(𝑉
2
, 𝐸
2
), the similarity score 𝑅

𝑖𝑗
between vertexes V

𝑖
and V

𝑗

can be calculated by

𝑅
𝑖𝑗
= ∑

𝑢∈𝑁(𝑖)

∑

V∈𝑁(𝑗)

1

𝑑
𝑢
𝑑V
𝑅
𝑢V, (3)

where V
𝑖
∈ 𝑉
1
, V
𝑗
∈ 𝑉
2
, 𝑁(𝑖), 𝑁(𝑗), respectively, denote the

neighbor vertexes set of V
𝑖
and V

𝑗
, and 𝑑

𝑢
, 𝑑V, respectively,

denote the degrees of V
𝑢
and VV. We assume that 𝑚 = |𝑉

1
|,

𝑛 = |𝑉
2
|, all similarity scores 𝑅

𝑖𝑗
(0 ≤ 𝑖 ≤ 𝑚, 0 ≤ 𝑗 ≤ 𝑛)

constituting an𝑚×𝑛 dimensional similarity score vector𝑅.𝑅
can be seen as a vector form converted from an𝑚 × 𝑛matrix.
Therefore (4) can be rewritten inmatrix form:𝑅 = 𝐴𝑅, where

𝐴 [𝑖, 𝑗] [𝑢, V] =

{{{{{{{

{{{{{{{

{

1

𝑑
𝑢
𝑑V
, if (V

𝑖
, V
𝑢
) ∈ 𝐸
1
, (V
𝑗
, VV) ∈ 𝐸2

1

𝑚𝑛
, if 𝑑

𝑢
𝑑V = 0

0, otherwise,

(4)

where 𝐴[𝑖, 𝑗][𝑢, V] is a (𝑚𝑛) × (𝑚𝑛) matrix with dou-
ble indexed row and column. And 𝐴[𝑖, 𝑗][𝑢, V] denotes
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Table 1: Degree distribution of nodes.

𝐷 𝑃 (𝐷)

0 ∏

𝑒∈𝐸

(1 − Pr
𝐸
(𝑒))

1 ∑

𝑒𝑖∈𝐸

Pr
𝐸
(𝑒
𝑖
) ∏

𝑒∈𝐸/𝑒𝑖

(1 − Pr
𝐸
(𝑒))

.

.

.
.
.
.

𝑑
max

∏

𝑒∈𝐸

Pr
𝐸
(𝑒)

the element of [𝑖, 𝑗] rows and [𝑢, V] column of the matrix 𝐴.
The term 1/𝑚𝑛 denotes that point 𝑑

𝑢
or point 𝑑V is an acnode.

As can be seen, formula, 𝑅 = 𝐴𝑅, indicates that vector 𝑅 is a
characteristic feature vector of matrix 𝐴 when the eigenvalue
is 1.

The important improvement of PBNA algorithm is to
replace the deterministic variable in original algorithm with
a random variable so as to simplify the model by calculating
the expectation 𝐸(𝐴) instead of 𝐴 itself. It should be stressed
that, due to the complexity in calculating desired𝐸(𝐴), PBNA
alignment algorithm requires that one of the graphs must
be determined. Considering this idea as a reference, we
propose C PBNA algorithm which can be extended to the
network alignment problem in which two graphs,𝐺

1
and𝐺

2
,

are both uncertain graphs. Hence, the degrees of uncertain
graph nodes set of V

𝑢
and VV are both uncertain rather than

deterministic values. The degree values 𝑑V, 𝑑𝑢 are denoted by
discrete random variables 𝐷V, 𝐷𝑢 respectively, and then (4)
can be rewritten as

𝐴 [𝑖, 𝑗] [𝑢, V] =

{{{{{{{

{{{{{{{

{

1

𝐷
𝑢
𝐷V
, if (V

𝑖
, V
𝑢
) ∈ 𝐸
1
, (V
𝑗
, VV) ∈ 𝐸2

1

𝑚𝑛
, if 𝐷

𝑢
𝐷V = 0

0, otherwise,
(5)

where 𝐷V, 𝐷𝑢 are discrete distribution: 𝑃(𝐷V = 𝑘), 𝑘 =
0, 1, . . . , 𝑑

max, 𝐷V is the degree distribution of node VV. We
assume that 𝐸V is a set of edges connecting to point VV; hence,
𝑃(𝐷V) can be obtained via probabilistic graphical models
shown in Table 1.

Clearly, adding uncertain information increases the com-
plexity of the algorithm. As a result, the time complexity for
calculating each node degree distribution sequence increase
to exponential time, because the neighbor points degrees in
the matrix 𝐴 as an item subject to the discrete distribution
rather than a certain value. Therefore, based on the core
idea of literature [9], we use 𝐸(𝐴) instead of 𝐴 involved
in the calculation. The following section summarizes the
calculation arriving at expectation 𝐸(𝐴) of matrix 𝐴.

2.3. Probabilistic Model of the Eigenvector. We start by dis-
cussing (5) in the first case. Clearly, as discussed earlier,
(V
𝑖
, V
𝑢
) ∈ 𝐸

1
, (V
𝑗
, VV) ∈ 𝐸2; hence V

𝑢
and VV have at least

one connecting edge. So bring 𝐷
𝑢
= 𝑘
1
(𝑘
1
= 1, . . . , 𝑑

max
𝑢
),

𝐷V = 𝑘2, (𝑘2 = 1, . . . , 𝑑
max
V ) into (5) as follows:

𝐸 [𝐴 [𝑖, 𝑗] [𝑢, V]]

= ∑

𝑘
1
∈𝐷
𝑢
,𝑘
2
∈𝐷V

1

𝑘
1
𝑘
2

⋅ 𝑃 (𝐴 [𝑖, 𝑗] [𝑢, V] =
1

𝑘
1
𝑘
2

| (V
𝑖
, V
𝑢
) ∈ 𝐸
1
, (V
𝑗
, VV) ∈ 𝐸2) .

(6)

Because of assuming that the edges of the network𝐺
1
and𝐺

2

are independent events, so the 𝐷
𝑢
and 𝐷V are independent

too, we can derive as follows:

𝐸 [𝐴 [𝑖, 𝑗] [𝑢, V]] = ∑

𝑘
1
∈𝐷
𝑢
,𝑘
2
∈𝐷V

1

𝑘
1
𝑘
2

⋅ 𝑃 (𝐷
𝑢
= 𝑘
1
| (V
𝑖
, V
𝑢
) ∈ 𝐸
1
)

⋅ 𝑃 (𝐷V = 𝑘2 | (V𝑗, VV) ∈ 𝐸2) .

(7)

In the next case of (5), the probability is denoted by
𝑃(𝐷
𝑢
𝐷V = 0). Note that 𝐷

𝑢
and 𝐷V are also indepen-

dent; we can get (8), after some manipulations as follows:
𝐸[𝐴[𝑖, 𝑗][𝑢, V]] = (1/𝑚𝑛)𝑃(𝐷

𝑢
𝐷V = 0)

𝐸 [𝐴 [𝑖, 𝑗] [𝑢, V]] =
1

𝑚𝑛
(𝑃 (𝐷

𝑢
= 0) + 𝑃 (𝐷V = 0)) . (8)

Similarly, substituting the results of (7) and (8) for 𝑃
0
and

𝑃
𝑘
1
𝑘
2

, respectively, we obtain

𝐸 (𝐴 [𝑖, 𝑗] [𝑢, V]) =
1

𝑚𝑛
× 𝑃
0
+

𝑑
max
𝑢

∑

𝑘
1
=1

𝑑
max
V

∑

𝑘
2
=1

1

𝑘
1
𝑘
2

⋅ 𝑃
𝑘
1
𝑘
2

, (9)

where the probability distributions of 𝐷
𝑢
and 𝐷V are calcu-

lated as discussed inTable 1; thuswe get the𝐸(𝐴). However, as
discussed above in Section 2.2, calculating𝑃(𝐷

𝑢
= 𝑘) directly

means that the computational complexity of the algorithm
can reach 𝑂(2𝑑V+𝑑𝑢). In order to reduce the high complexity,
we use the probability generating function introduced in the
literature.

Definition 2 (see [14]). Assume that 𝑋 is a discrete random
integer variable ranging from 0 to𝑁; therefore the probability
generating function (PGF) of 𝑋may be defined as a polyno-
mial of 𝑧:

𝑄
𝑋 (𝑧) = 𝐸 [𝑧

𝑋
] =

𝑁

∑

𝑘=0

𝑃 (𝑋 = 𝑘) 𝑧
𝑘
. (10)

As we see in Definition 2, the coefficient distribution
sequence corresponds to discrete random variables distri-
bution of 𝑋 in probability generating function. Clearly, as
long as the probability generating function is calculated, the
probability distribution will be obtained easily. Moreover,
the probability generating function may be calculated by
Theorem 3.
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Table 2: Degree distribution of node 𝑎.

𝑁
𝑎

0 1 2
𝑃 (𝑁
𝑎
) 0.06 0.58 0.36

Theorem 3 (see [14]). Suppose that 𝐺 = (𝑉, 𝐸,Pr
𝐸
) is an

uncertain graph and 𝐸V denotes a set of edges connecting with
V endpoint; hence, the degree of V is a discrete random variable
whose probability generating function is shown as

𝑄
𝑁V
(𝑧) = ∏

𝑒∈𝐸V

(1 − 𝑝
𝑒
+ 𝑝
𝑒
𝑧) . (11)

For example, Figure 1 shows an uncertain network, in
which there are two edges connecting with the node and
the appearance probability of those two edges is 0.4 and 0.9,
respectively. As a result, the probability generating function of
degree distribution for node 𝑎 is 𝑄

𝑁
𝑎

(𝑧) = (0.6 + 0.4𝑧)(0.1 +

0.9𝑧) = 0.06 + 0.58𝑧 + 0.36𝑧
2; then we can easily get the

distribution of degree for node 𝑎 as in Table 2.
Therefore, we can calculate the probability generating

function of the node degree distribution for V and then obtain
node distribution sequence via the probability generating
function. The computational complexity of this process can
decrease Naive Approach Complexity from 𝑂(2𝑑

max
V +𝑑

max
𝑢 ) to

𝑂((𝑑
max
V 𝑑

max
𝑢
)
2
).

Our ultimate objective is the conditional probability
distribution of the degree. In other words, the purpose is
to calculate the distribution sequence of node V with the
presupposition that there exists an edge connecting to node
V and edge 𝑒 ∈ 𝐸V. As a result, the probability generating
function of the conditional probability can be obtained by
simply dividing (1 − 𝑝

𝑒
+ 𝑝
𝑒
𝑧).

Now we can easily calculate the probability generating
function of the conditional probability 𝑃(𝐷V = 𝑘 | 𝑒 ∈

𝐸V) 𝑘 = 1, 2, . . . , 𝑑
max
V . And we can get the support matrix

𝐸(𝐴) within the time expected in the polynomial equation
(9). In particular, the sequence similarity method is also
added to the score vector according to the literature [5] as

𝑅 = 𝛼𝐸 (𝐴) 𝑅 + (1 − 𝛼) 𝐸, (12)

where 𝐸 is the vector denoting normalization of sequence
similarity score BLAST and 𝛼 is a constant used for balancing
influence of topological similarity and sequence similarity
on calculating the pairwise similarity. Finally, we use a
power iteration method [15, 16] to calculate 𝑅 and record all
similarity score. See Algorithm 2.

2.4. Extracting Alignment Results. After calculating similarity
vector 𝑅, the last step of our model is to extract the final
alignment results from vector 𝑅. In order to extract the
final alignment results, we introduce a breadth first searching
approach by using maximum weight bipartite matching
technique [17, 18]. First of all, we introduce the concept of
bipartite graph and maximum weight bipartite matching.

Bipartite graph: a graph 𝐺
12
= (𝑉
12
, 𝐸
12
) is bipartite if

there exists 𝑉
12
= 𝑉
1
∪ 𝑉
2
with 𝑉

1
∩ 𝑉
2
= 0. And for each

Construct support matrix 

Calculate the eigenvector 

Alignment results

(the algorithm of extracting
alignment results) 

G1 G2

(the algorithm of computing E(A))

(computing R algorithm)

Figure 2: The framework of C PBNA.

edge 𝑒 ∈ 𝐸
12
, the two end vertices must belong to the two

different subsets 𝑉
1
and 𝑉

2
.

Maximum weight bipartite matching: given a bipartite
graph 𝐺

12
= (𝑉
12
, 𝐸
12
) with bipartition (𝑉

1
, 𝑉
2
) and weight

function 𝑤 : 𝐸 → 𝑅 find matching of maximum weight
where the weight of matching 𝑀 is given by 𝑤(𝑀) =

∑
𝑒∈𝐸
12

𝑤(𝑒).
The process of extracting results from the feature vector

𝑅 is the process to find a max-weight matching𝑀 in 𝐺
12
.

Let us call a function 𝑦 : (𝑉
1
∪ 𝑉
2
) → 𝑅 a potential

if 𝑦(𝑖) + 𝑦(𝑗) ≤ 𝑤(𝑖, 𝑗) for each 𝑖 ∈ 𝑉
1
, 𝑗 ∈ 𝑉

2
. The

value of potential is ∑V∈𝑉
1
∪𝑉
2

𝑦(V). It can be seen that the
cost of each perfect matching is at least the value of each
potential.The Hungarianmethod finds perfect matching and
a potential with equal value which proves the optimality of
both. In fact it finds perfect matching of tight edges: an edge
𝑒
𝑖𝑗
is called tight for a potential if 𝑦(𝑖) + 𝑦(𝑗) = 𝑤(𝑖, 𝑗). See

Algorithm 3.

2.5. C PBNA Algorithm. The C PBNA algorithm can be
roughly divided into three steps, constructing the support
matrix, calculating the eigenvector of thematrix, and extract-
ing alignment results, as in Figure 2. These steps will give
detailed descriptions by Algorithms 1, 2, and 3.

First we build probabilistic support matrix based on
the conclusions of Section 2.2 and calculate 𝐸(𝐴) based on
formula (9) in Section 2.3. The pseudocode can be seen
in Algorithm 1. Secondly, we calculate the feature vector 𝑅
by using an iterative approach denoted as in Algorithm 2.
Thirdly, we extract optimal comparison by interpreting 𝑅 as
encoding a bipartite graph and finding the maximum weight
bipartite matching, which is denoted as in Algorithm 3.

In Algorithm 1 we have the following.

(1) Line 1–Line 4. Construct the PGF for every node in
probabilistic networks 𝐺

1
and 𝐺

2
.
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Input: Probabilistic graph 𝐺
1
= (𝑉
1
, 𝐸
1
),

Probabilistic graph 𝐺
2
= (𝑉
2
, 𝐸
2
)

Output: 𝐸(𝐴)
// Construct PGF of 𝑉

1
𝑉
2

(1) for all 𝑢 ∈ 𝑉
1
, V ∈ 𝑉

2
do:

(2) construct PGF of 𝑢
(3) construct PGF of V
(4) end for
// Compute every entry in 𝐸(𝐴)
(5) for all 𝐸(𝐴[𝑖, 𝑗][𝑢, V]) ∈ 𝐸(𝐴) do:
// Compute 𝑃

0
using (10)

(6) 𝑃
01
= 1

(7) for all 𝑒 ∈ 𝜀
𝑢
do:

(8) 𝑃
01
× = (1 − 𝑝

𝑒
)

(9) end for
(10) 𝑃

02
= 1

(11) for all 𝑒 ∈ 𝜀
𝑣
do:

(12) 𝑃
02
× = (1 − 𝑝

𝑒
)

(13) end for
(14) 𝑃

0
= 𝑃
01
+ 𝑃
02

//Compute 𝑃
𝑘1𝑘2

using (12)
(15) 𝑆 = 0

(16) for all 𝑘
1
= 1 → 𝑑

max
𝑢
, 𝑘
2
= 1 → 𝑑

max
V do:

//Compute PGF of 𝑢 and V

(17) 𝑄
𝑖

𝐷𝑢
= 𝑄
𝐷𝑢
/(1 − 𝑃(𝑖, 𝑢) + 𝑃(𝑖, 𝑢)𝑧)

(18) 𝑄
𝑗

𝐷V
= 𝑄
𝐷V
/(1 − 𝑃(𝑗, V) + 𝑃(𝑗, V)𝑧)

//Use PGF of 𝑢 and V
//to get conditional Probabilistic distribution
//according toTheorem 3
(19) 𝑃

𝑘1𝑘2
= 𝑄
𝑖

𝐷𝑢
||
𝑘1−1

× 𝑄
𝑗

𝐷V
||
𝑘2−1

(20) 𝑆 + = 𝑃
𝑘1𝑘2
/𝑘
1
𝑘
2

(21) end for
(22) 𝐸[𝐴[𝑖, 𝑗][𝑢, V]] = 1/𝑚𝑛 × 𝑃

0
+ 𝑆

(23) end for

Algorithm 1: The algorithm of computing 𝐸(𝐴).

(2) Line 5–Line 14. Calculate the probability 𝑃
0
corre-

sponding to the values of 1/𝑚𝑛.

(3) Line 15–Line 21. Calculate the 1/𝑘
1
𝑘
2
of probability

𝑃
𝑘
1
𝑘
2

corresponding to𝑄𝑖
𝐷
𝑢

‖
𝑘−1

which represents 𝑘−1
coefficient of the probability generating function𝑄𝑖

𝐷
𝑢

.

After getting the desired 𝐸(𝐴), we use an iterative
approach to calculate the feature vector 𝑅. Set each of
values 𝑅

𝑖𝑗
in the eigenvalue 𝑅 equal to constant 1/𝑚𝑛, the

original variable 𝑅 called 𝑅
0
. 𝐸 indicates the normalized

vector of sequence homologies. The 𝛼 values have been
studied in the literature [5, 16], so we directly use the best
value 0.6. 𝜀 is a sufficiently small constant; iteration will
eventually converge to approximate similarity score vector 𝑅.
The process calculation of 𝑅 is shown in Algorithm 2.

In Algorithm 2 we have the following.

(1) Line 1–Line 4. Set the initial value of the feature vector
𝑅
0
.

Input: 𝐸(𝐴), 𝜀
Output: 𝑅
//initialize 𝑅

0
of 𝑉
1
𝑉
2

(1) for all 𝑖 ∈ 𝑉
1
, 𝑗 ∈ 𝑉

2
do:

(2) 𝑆
𝑖𝑗
= 1/𝑚𝑛

(3) end for
(4) 𝑅
0
= 𝑆

//Power Iteration Method Computation of 𝑅
(5) 𝑘 = 0

(6) loop do:
(7) 𝑅

𝑘+1
← 𝛼𝐸(𝐴)𝑅

𝑘
+ (1 − 𝛼)𝐸

(8) 𝛿 = ‖𝑅
𝑘+1
− 𝑅
𝑘
‖

(9) while 𝛿 > 𝜀

Algorithm 2: Computing 𝑅 algorithm.

Table 3: Experimental environment.

Experimental environment
Programming
environment QT, C++

Library function QT and OGDF library function
Hardware
environment

CPU clock speed of 3.3 GHz,
memory of 4G

(2) Line 5–Line 9. There is iterative calculation until the
two values of feature vector difference are less than the
set value of 𝜀.

After getting the feature vector 𝑅, the last step of the
C PBNA algorithm is extracted by final comparison results
from 𝑅 as shown in Algorithm 3. C PBNA adopted the
method mentioned in Section 2.4; this method is to find
perfect matching𝑀.

In Algorithm 3 we have the following.

(1) Line 1–Line 3. Build bipartite graph 𝐺
12
and compute

the weight matrix by the feature vector 𝑅.
(2) Line 3–Line 5. Set the initial value of the 𝑦, 𝐸

12
,𝑀.

(3) Line 7–Line 11. Find an optimal augmenting path
cover (V

𝑢
, VV) by the max-flow min-cut theorem and

then update the feasible labeling 𝑦.
(4) Line 12–Line 14. Update 𝐸

12
, 𝑀 until 𝑀 is perfect

matching.

3. Experiments and Results

The experiments in this research include two main parts.
The first part shows that C PBNA algorithm can obtain the
results which are neglected by PBNA. Further, the second
part of the experiments proves that results of C PBNA are
more biologically significant using GOC and GNAS (global
network alignment score) as evaluation standards.

Experimental environment described in Table 3 indicates
the conditions of conducting the experiment designed in
this study. Besides, we make use of QT (a cross-platform
application framework) library function directly to deal
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Input: 𝑅 Probabilistic graph 𝐺
1
= (𝑉
1
, 𝐸
1
), Probabilistic graph 𝐺

2
= (𝑉
2
, 𝐸
2
)

Output: MaximumWeight Bipartite Matching𝑀
//initialize Matrix𝑊,𝐺

12

(1) 𝐺
12
= Build𝐵𝐺(𝐺

1
, 𝐺
2
)

(2)𝑊= matrix (𝑊
𝑖𝑗
) of weights on the edges of 1 − 𝑅 with partite sets 𝑉

1
and 𝑉

2
.

(3) 𝑦 ← 0
(4) 𝐸 ← set of tight edges
(5)𝑀←max cardinality matching for graph 𝐺

12
= (𝑉
12
, 𝐸
12
)

//repeat find a perfect matching𝑀
(6) while𝑀 is not a perfect matching do
(7) let 𝐺 = (𝑉

12
, 𝐸)

(8) let 𝑆 ⊆ 𝐴 be such that |𝑆| > |𝑁(𝑆)|
(9) let 𝜀 = min

𝑎∈𝑆,𝑏∈𝐵\𝑁(𝑆)
{𝑤(𝑎, 𝑏) − 𝑦(𝑎) − 𝑦(𝑏)}

(10) ∀𝑎 ∈ 𝑆 𝑦(𝑎) = 𝑦(𝑎) + 𝜀

(11) ∀𝑏 ∈ 𝑁(𝑆) 𝑦(𝑏) = 𝑦(𝑏) − 𝜀

(12) update 𝐸
12
,𝑀

(13) end while
(14) return𝑀

Algorithm 3: Extracting alignment results.

with problems associated with array, matrix, and sorting
in PBNA and C PBNA algorithm. The QT library function
is available at http://qt-project.org/. In addition, the OGDF
library function which can be obtained at http://ogdf.net/ is
used to read and query biological network data.

The uncertain dataset used in the experiment obtained
from the MINT database is network data of protein-protein
interactions preprocessed by Todor et al. [9, 10]. As a
result, providing that MINT network is of enough biological
importance, the network information offered by KEGG
database is divided into several smaller networks. Then, only
the network with more than 10 nodes remains. Finally, we
obtain 198 protein-protein interaction networks coming from
10 organisms. Table 4 shows statistical information of this
network.

There are 198 networks comparing with each other, which
will result in 𝐶2

198
= 19503 groups of experiments. However

the networks through KEGG are divided into a set of vertices
function associated with proteins, and KEGG used a label to
mark the set of proteins.Theproteins fromdifferent sets share
less similarity, which makes little sense to do the network
comparison. Therefore we can get 122 groups of comparison
experiments from the KEGG database.

3.1. Coherence Comparison of C PBNA and PBNA. In order
to prove that C PBNA can discover the results neglected by
PBNA, agreement evaluation criterion [9] is introduced in
this research.

The definition of agreement is based on the same dataset.
Hence, the proportion of common results discovered by both
C PBNA and PBNA in all alignments is shown as

Alignments in common
All alignments

. (13)

The score of this evaluation criterion is between 0 and 1.
The larger the score is, the more common results these two
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Figure 3: Agreement.

algorithms have. Particularly, it shows that the results of both
methods agree perfectly if the evaluation criterion equals 1
while it means that the results of these two algorithms are
completely different if the evaluation criterion equals 0.

In this research, 122 groups of experiments are conducted
and the result agreements of C PBNA and PBNA algorithms
are figured out in each group of experiment. Finally, we get
122 agreements plotted by the number of experiments on the
horizontal axis and agreements on the vertical axis as shown
in Figure 3.

The ordinate values are the 122 agreement values after
sorting, and the abscissa values are the serial number of the
experiment.

Table 5 shows the detailed agreement statistics of 122
groups of experimentation. In particular, the left Pie Chart
is divided into 4 parts corresponding to the percentage of
each category andCategory 1 is not described in the Pie Chart
due to its percentage of 0. For instance, Category 5 in Table 5
indicates that there are 30 experiments with the agreement
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Table 4: Experimental data.

Organism Number of
networks

Number of proteins Number of interactions
Average Max Average Max

Cel 7 14.00 22 9.57 21
Dme 7 17.14 28 12.42 26
Eco 6 16.83 27 21.16 26
Hpy 1 11.00 11 7.00 7
Has 83 36.50 96 46.55 168
Mmu 43 16.23 40 11.16 33
Rno 13 14.69 30 11.00 22
Sce 34 32.91 106 80.32 313
Spo 3 11.00 11 10.00 10
Tpa 1 20.00 20 21.00 21

Table 5: Agreement statistics.

Category Agreement Quantity Percentage
1 0–0.2 0 0%
2 0.2–0.4 16 13.1%
3 0.4–0.6 33 27.0%
4 0.6–0.8 43 35.2%
5 0.8–1 30 24.6%
Total 0–1 122 100%

2

3
4

5

between 0.8 and 1, which accounts for 24.6% of the total
experiments.

The general distribution of the agreements is shown
intuitively in Figure 4. We can see that the Agreement values
are distributedwithin the range from0.2 to 0.95. From the Pie
Chart, we can further see that agreement scores less than 0.8
experiments accounted for 75% of the experiments, among
which only 14% of the total experiment is less than 0.4 points.
It indicates that both the C PBNA results and PBNA results
have many overlapping parts but have noticeable difference
at the same time. The reason is that one of the most basic
differences is that C PBNA concludes all of the uncertain
information while the PBNA method only utilizes half the
uncertain information.

Therefore, we may draw a conclusion that neglecting
uncertain information could lead to deviation. In addition,
all the above shows that much more innovative result can
be obtained through C PBNA algorithm.The corresponding
biological significance will be demonstrated by the following
experiments.

3.2. Gene Ontology Consistency Comparisons of C PBNA
and PBNA. Gene ontology consistency (GOC) has been

Table 6: GOC statistical data.

Category Diversity Quantity Percentage
1 <−10% 0 0%
2 −10%–0% 26 21.3%
3 0%–10% 79 64.8%
4 >10% 17 13.9%
Total −∞–+∞ 122 100%

generally used to measure the biological significance of
alignment results andwe use it to evaluate biologicalmeaning
of alignment result by

GOC = ∑

⟨𝑢,V⟩∈𝑉
12

|GO (𝑢) ∩ GO (V)|
|GO (𝑢) ∪ GO (V)|

, (14)

where GO(𝑢) denotes the set of GO terms which label a pro-
tein 𝑢 in gene ontology database.

Then, the GOC of each pair of proteins in alignment
results is calculated, respectively. The bigger the GOC is,
the more similar function these proteins have; especially, the
maximum of GOC is 1 which means that these proteins have
totally the same function. All GO data in this study comes
from GO Consortium [19] and literature [14].

Similarly, in order to get alignment results of C PBNA
and PBNA, respectively, the GOC (the value of GOC is
between 0 and 1) is calculated for each pair of proteins in
122 groups of experiments. Finally, we get 122 groups of
results, among which there are 2 GOCs in each group. The
distribution of the GOC is shown in Figure 4 and Table 6.

In Figure 4, 𝑥-coordinate denotes GOC value of C PBNA
algorithm and 𝑦-coordinate denotes GOC value of PBNA
algorithm. Table 6 shows 122 groups of GOC value and the
diversity of every two GOC values in each group.

As we can see in Table 6, for most of the results the value
of 𝑥-coordinate is larger than 𝑦-coordinate. For instance,
it includes 96 groups of experiments, 78.7% of the total
experiments, in Category 3 and Category 4. Furthermore,
the 𝑥-coordinate is higher than the 𝑦-coordinate more than
10% in 17 groups of experiment. These all indicate that in
most of experiments C PBNA algorithm may discover more
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Figure 4: GOC statistics of PBNA and C PBNA.

biologically significant results based on the same evaluation
standard GOC.

In conclusion, C PBNA and PBNA can obtain diverse
results for biological networks alignment which is proved
through the first experiment. Moreover, C PBNA is
demonstrated in the second experiment to be superior
to PBNA in discovering biologically significant results
since it uses all uncertain information while the PBNA
algorithm neglects some uncertain information in biological
networks.

3.3. Functional Coherence of the Alignments. The functional
coherence of the alignments is motivated by the lack of
automated and direct measures of ortholog-list quality. Com-
paring withGOC, the functional coherence of the alignments
reports the average of the medians instead of the sum. And it
maps each GO term to one or more of a standardized set of
GO terms.

We can see in Figure 5 that PBNA and C PBNA have
very similar functional coherence values with only a few
minor differences. One of the reasons is that the functional
coherence function computes the similarity of a standardized
set of GO terms instead of the aligned proteins directly. The
other reason is that it reports the average of the medians, so it
cannot tell whether a mapping has many highly similar terms
or not. Since the median of a distribution is not an accurate
representation of the entire distribution, the result it returns
is not sensitive enough to tell the difference between different
alignments.

3.4. GNAS Valuation Comparison of C PBNA and PBNA.
As one of the biological networks alignment algorithms,
GNAS (global network alignment score) [20] is adopted as
evaluation criterion in this paper defined in (15). Specifically
the larger value of GNAS indicates more conserved interac-
tions and higher sequence similarity:

GNAS = 𝛼 × |𝐸| + (1 − 𝛼) ×∑ seq (𝑢, V) . (15)
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Figure 5: Functional coherence of alignments using PBNA and our
method C PBNA.
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Figure 6: Comparison of |𝐸| and GNAS from C PBNA and PBNA.

In this formula, seq(𝑢, V) denotes sequence similarity values
of the two nodes; |𝐸| denotes the number of edges of 𝐺

12
(for

the definition of𝐺
12
, please refer to Section 2.4). Based on the

commondataset, two groups of GNASwith 122 values in each
group are obtained throughC PBNAandPBNA, respectively.
The average values of GNAS and |𝐸| are showed in Figure 6.

As we can see in Figure 6, the values of |𝐸| and GNAS
obtained from C PBNA are superior to those from PBNA
since C PBNA adopts full uncertain information which
increases the amount of conserved interactions.

3.5. Time Analysis. The running time of PBNA and C PBNA
is evaluated in this experiment. The most time-consuming
step for both algorithms is constructing similarity matrix,
which takes about 90% of the entire running time.Therefore,
it is reasonable that we measure only this step’s running time
in order to evaluate the entire algorithm time efficiency. The
results are shown in Table 7.

Table 7 indicates that the time spent in constructing
similarity in C PBNA is longer than its counterpart in PBNA,
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Table 7: PBNA and C PBNA algorithm time statistics.

Method Average (second) Max (second)
PBNA 125.4 545.5
C PBNA 490.1 9014.6

because C PBNA deals with both probabilistic networks,
which takes more information into consideration. Network
comparisonwith two uncertain networks is muchmore com-
plex as we can see in Sections 2.1 and 2.2. When computing
𝐸(𝐴), in fact, the complexity of C PBNA is 𝑂((𝑑max

V 𝑑
max
𝑢
)
2
)

while the complexity of PBNA is 𝑂((𝑑max
V )
2
) by PGF method

mentioned above in Section 2.3. Although C PBNA spends
more time dealing with both probabilistic networks, its
time performance is still acceptable. Furthermore, the results
which we get have more biological significance, and C PBNA
candealwith the probabilistic networks directly instead of the
preprocessing and transforming of the data into deterministic
network.

4. Conclusions

Biological networks alignment is an important topic in
bioinformatics. However, the network data has its inherent
complexity of and the combine optimizes features of biolog-
ical networks alignment are not clear, which make relevant
algorithm study extremely challenging. A majority of the
classic biological networks alignment algorithms are based
on deterministic network while the alignment method for
probabilistic networks is still under discussion.

In this paper, we propose a complete probabilistic model
and a complete probabilistic biological algorithm for network
comparison. Our approach has several advantages. First, our
approach is based on complete probabilistic network, which
takes the uncertainties of both networks instead of the single
one into consideration. Consequently, our approach can take
full advantage of the uncertainties properties of network
comparison. Second, we model the network alignment using
two probability matrices. Therefore, the uncertainties can
be quantified by the probabilities of connections in the
networks. As a result, our approach is capable of comparing
two networks which both have uncertain properties. Third,
we use a unified probabilistic model for different types of
network alignment (deterministic, part probabilistic, and
complete probabilistic), unlike other alignments which use
different methods for different types of networks. Finally, the
evaluation criteria including GOC and GNAS are used in
the experiments to demonstrate that the results of C PBNA
and PBNA are different and that the results of the former
algorithm are more biologically significant.

Usually, affinity propagation in probabilistic networks is
random and probability factors have not been taken into
consideration in this paper, and the effect of these factors on
results will remain an open problem for the future research.
The computational time increases as a result of using more
probability information, which is a subject we will study in
the next step.
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Proteins and their interactions lie at the heart of most underlying biological processes. Consequently, correct detection of protein-
protein interactions (PPIs) is of fundamental importance to understand themolecular mechanisms in biological systems. Although
the convenience brought by high-throughput experiment in technological advances makes it possible to detect a large amount of
PPIs, the data generated through these methods is unreliable and may not be completely inclusive of all possible PPIs. Targeting
at this problem, this study develops a novel computational approach to effectively detect the protein interactions. This approach is
proposed based on a novelmatrix-based representation of protein sequence combinedwith the algorithmof support vectormachine
(SVM), which fully considers the sequence order and dipeptide information of the protein primary sequence. When performed on
yeast PPIs datasets, the proposedmethod can reach 90.06% prediction accuracy with 94.37% specificity at the sensitivity of 85.74%,
indicating that this predictor is a useful tool to predict PPIs. Achieved results also demonstrate that our approach can be a helpful
supplement for the interactions that have been detected experimentally.

1. Introduction

Since detection of protein interactions is of fundamental
importance to understand the molecular mechanism in
biological systems, many researchers have focused on this
area in postgenome era [1, 2]. Over the past decades, high-
throughput experimental techniques, such as yeast two-
hybrid (Y2H) system [3, 4] and mass spectrometry (MS),
involving genome-wide detection of PPIs, have been devel-
oped to generate large amounts of interaction data. However,
these traditional experimental methods are time-consuming
and expensive, especially for genome-wide scale. In addition,
the high-throughput biological experiment usually suffers
from high rates of both false negatives and false positives [5].
Combining the experimental techniques with computational
model is a promising direction to better understand the

mechanisms of protein interactions at themolecular level and
to unravel the global picture of PPIs in the cell [6, 7]. Hence,
it is of great practical significance to build low cost protein
detection systems and establish the reliable computational
methods to facilitate the detection of PPIs.

So far, a variety of computational methods have been
developed to effectively and accurately predict protein inter-
actions [2, 8–10]. The computational approaches for in silico
prediction can be roughly categorized into genome based
approaches, network topology based approaches, literature
knowledge based methods, and structure based approaches
[11]. In addition, there are also some approaches that integrate
interaction information from several different biological data
sources [9, 10].

However, the aforementioned approaches cannot be
implemented if prior information about the proteins is
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Figure 1: The schematic diagram for detecting protein-protein interactions by integrating experimental PPI data with SVMmodel.

not available [12]. Recently, the sequence-based approaches
which derive information directly from protein amino acids
sequence are of particular interest [13, 14]. Prediction of
protein interactions from only protein sequence is a much
more universal way [15, 16]. The previous works demonstrate
that the RNA and protein sequences alone contain sufficient
information [17, 18]. The previous researches demonstrated
that the information of protein amino acid sequences is
sufficient to predict PPIs. Although the sequence-based
approaches can yield a high prediction accuracy of 80%∼
88%, it is necessary to design the novel approaches to further
improve the prediction performance compared with the
existing methods.

In recent years, many efforts have been made aiming
to develop accurate approaches for identifying PPIs based
on protein sequence information [19, 20]. Shen et al. built
a prediction model by employing the conjoint triad feature
extraction and support vector machine. When applied to
predicting human PPIs, this method yields a high prediction
accuracy of about 84% [21]. Because the conjoint triad
method did not take the neighboring effect into account
and protein interactions usually occur in the discontinuous
amino acids segments in the sequence, Guo et al. proposed
an approach based on SVM and autocovariance feature
representation which extract the interactions information in
the discontinuous amino acids segments in the sequence [22].
Their approach reached a prediction accuracy of 86.55%,
when applied to predicting saccharomyces cerevisiae PPIs.
Lately, You et al. developed a novel ensemble learning model
to predict Saccharomyces cerevisiae PPIs from protein pri-
mary sequences directly [23]. In this study, the protein pairs
retrieved from the database of interacting proteins (DIP)were
encoded into feature vectors by using four kinds of protein
sequences information. Focusing on dimension reduction, an
effective feature extraction method PCA was then employed
to construct the most discriminative new feature set. Finally,
multiple extreme learning machines were trained and then
aggregated into a consensus classifier by majority voting.The
experimental results show that it is a very promising scheme
for PPIs prediction.

In this study, we report a novel sequence-based method
for the prediction of interacting protein pairs using a matrix-
based protein sequence descriptors combined with support
vector machine (SVM) algorithm. More specifically, we first
represent each protein sequence as a feature matrix, from

which a novel matrix-based protein descriptor is extracted
to numerically characterize each protein sequence. Then
we characterize a protein pair in different feature vectors
by coding the vectors of two proteins in this protein pair.
Finally, an SVM model is established using these feature
vectors of the protein pair as input. To evaluate the pre-
diction performance, the proposed method was applied to
Saccharomyces cerevisiae andHelicobacter pylori PPI datasets.
The experiment results show that our method can achieve
90.06% and 85.91% prediction accuracy with 94.37% and
83.33% specificity at the sensitivity of 85.74% and 85.27%,
respectively. Achieved results demonstrate that the approach
can be a helpful supplement for the interactions that have
been detected experimentally.

2. Materials and Methodology

In this section, we outline the main idea behind the proposed
method. The schematic diagram intuitively showing how
to detect protein interactions using experimental PPIs data
with computational model is given in Figure 1. Firstly, we
briefly discuss the PPIs datasets which is employed in the
study (the source code and the datasets are freely available
at http://sites.google.com/site/zhuhongyou/data-sharing/ for
academic use). Next we propose the novel matrix-based
protein representation method. Finally, we briefly describe
the computational model, SVM, used in this study.

2.1. Golden Standard Datasets. We evaluated the proposed
method with two real PPIs datasets. The first one was col-
lected from Saccharomyces cerevisiae core subset of database
of interacting proteins (DIP). After the redundant protein
pairs which contain a protein with fewer than 50 residues
or have ≥40% sequence identity were deleted, the remaining
5,594 protein pairs comprise the golden standard positive
dataset.The selection of golden standard negative dataset has
an important impact on the prediction performance, and it
can be artificially inflated by a bias towards dominant samples
in the positive data. For golden standard negative dataset, we
followed the previous work [22] assuming that the proteins in
different subcellular compartments do not interact with each
other.

After strictly following the steps in Guo’s work, we finally
obtained 5,594 protein pairs as the golden standard negative
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dataset. By combining the above two golden standard positive
and negative PPI datasets, the final whole PPI dataset consists
of 11,188 protein pairs, where nearly half are from the positive
dataset and half are from the negative dataset. The second
one is a small-scale Helicobacter pylori PPIs dataset, which is
composed of 2,916 protein pairs (1,458 interacting pairs and
1,458 noninteracting pairs) as described by Martin et al. [24].

2.2. Representing Proteins with Descriptors from Primary
Protein Sequences. To successfully use the machine learning
algorithm to detect PPIs from primary protein amino acids
sequences, one of the computational challenges is to effec-
tively characterize a protein sequence by a fixed length feature
vector in which the important information content of pro-
teins is fully encoded [25]. In this study, we propose a novel
matrix-based protein sequence representation approach for
predicting PPIs. Firstly, the protein sequence is transformed
into a sparse matrix, which considered the properties of one
amino acid and its vicinal amino acids and regarded any two
continuous amino acids as a unit. Then the protein features
are extracted from the obtained sparse matrix.

A protein sequence can be represented as a series of
amino acids by their single character codes A, R, N, D, C, E,
Q, G, H, I, L, K, M, F, P, S, T, W, Y, and V. Consider a protein
sequence with 𝐿 amino acid residues:

𝑆

1
𝑆

2
𝑆

3
𝑆

4
𝑆

5
𝑆

6
𝑆

7
, . . . , 𝑆

𝐿
, (1)

where 𝑆
1
denotes the amino acid at protein chain position 1,

𝑆

2
denotes the amino acid at protein chain position 2, and so

forth. 𝐿 denotes the length of the protein sequence. We scan
the protein sequence from left to right by stepping each two
vicinal amino acids at a time, which considers the properties
of one amino acid and its vicinal amino acid and regards
any two continuous amino acids as a unit. Here the number
of all possible pairs of amino acids (dipeptides) that can be
extracted from the protein sequence is 400, that is, AA, AR,
AN, . . ., YV, and VV.

For step 𝑗 (𝑗 = 1, 2, 3, . . . , 𝐿 − 1), if the “𝑆
𝑗
𝑆

𝑗+1
” is the 𝑖th

type of dipeptide, then we set the element 𝑎
𝑖𝑗
= 1. The rest

can be done in the samemanner and then a protein sequence
can be transformed into a 400 by 𝐿 − 1 matrix (see Table 1),
namely,𝑀, as follows:

𝑀 = (𝑎

𝑖𝑗
)

400×(𝐿−1)
,

𝑎

𝑖𝑗
=

{

{

{

1, if 𝑆
𝑗
𝑆

𝑗+1
= dipeptide (𝑖)

0, others,

(2)

where 𝐿 is the length of protein sequence, 𝑖 = 1, 2, 3, . . . , 400,
𝑗 = 1, 2, 3, . . . , 𝐿 − 1, and dipeptide(𝑖) denotes the 𝑖th type of
dipeptides listed in Table 1. Here, each column of the matrix
𝑀 is a unit vector, in which only one element is 1 and the
others are all 0. We can see from Table 1 that the occurrence
position of all kinds of dipeptides along the protein sequence
is contained in the column of the matrix 𝑀. Meanwhile,
the row of the matrix 𝑀 denotes the 𝑖th kind of dipeptide
appearing at the 𝑗th position within the protein sequence.

Table 1: The matrix-based representation for a protein amino acid
sequence.
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Generally speaking, the matrix𝑀 transformed from pro-
tein amino acid sequence embodies the essential information
including the information of its sequence order and sequence
length of the protein sequence.Thus, given a protein primary
sequence, we can design a matrix-based protein descriptor to
represent it, which is capable of facilitating PPIs detections.

Low-rank approximation (LRA) is an important matrix
analysis method, in which the cost function measures the fit
between a given sparse matrix and an approximating matrix
(the optimization variable), subject to a constraint that the
approximating matrix has reduced rank [26]. Here, using
LRA upon the obtained protein feature matrix, we derive a
matrix-based descriptor to represent the protein sequence.
For a feature matrix𝑀, which denotes a 400∗ (𝐿− 1)matrix,
the LRA of the data can be written as follows:

min̂
𝑀











𝑀 −

̂

𝑀









𝐹
(3)

Subject to: rank (̂𝑀) ≤ 𝑟, (4)

where ‖ ⋅ ‖
𝐹
is the Frobenius norm. The above minimization

problem has analytic solution in terms of the singular value
decomposition (SVD) of the data matrix𝑀.

Let 𝑀 = 𝑈Σ𝑉

𝑇
∈ 𝑅

𝑚×𝑛 be the SVD of 𝑀 and partition
𝑈, Σ =: diag(𝜎

1
, 𝜎

2
, 𝜎

3
, . . . , 𝜎

400
), and𝑁 as follows:

𝑈 =: [𝑈1
𝑈

2] ,

Σ =: [

Σ

1
0

0 Σ

2

] ,

𝑉 =: [𝑉1
𝑉

2] ,

(5)

where Σ
1
is a 𝑟 × 𝑟 matrix, 𝑈

1
is 𝑚 × 𝑟, and 𝑉

1
is 𝑛 × 𝑟. Then

the rank-𝑟matrix is obtained as follows:

̂

𝑀

∗
= 𝑈

1
Σ

1
𝑉

𝑇

1
, (6)

where ‖𝑀 −

̂

𝑀

∗
‖

𝐹
= minrank(�̂�)≤𝑟‖𝑀 −

̂

𝑀‖

𝐹
=

√𝜎

2

𝑟+1
+ 𝜎

2

𝑟+2
+ ⋅ ⋅ ⋅ + 𝜎

2

𝑚
.

Then we compute the square root of the reduced matrix
Σ

1
to obtain Σ1/2

1
with dimensions 𝑟-by-𝑟. Finally, we can get

a 400 ∗ 𝑟 matrix 𝑈
1
Σ

1/2

1
, which contains the information of

protein sequence order. It should be noticed that the feature
matrix 𝑀 for different protein sequences sometime have
different columns with each other, which shows that these
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protein primary sequences are of nonequal length. However,
the𝑈
1
Σ

1/2

1
for different protein sequences are 400 ∗ 𝑟matrix.

We build a vector (row matrix) from the obtained
matrix 𝑈

1
Σ

1/2

1
by concatenating all rows, from 1 to 400, of

matrix𝑈
1
Σ

1/2

1
.Therefore, thematrix-based protein descriptor

consists of a total of 400 ∗ 𝑟 descriptor values; that is,
a 400 ∗ 𝑟 dimensional vector has been built to represent
the protein sequence. Considering the trade-off between the
overall prediction accuracy and computational complexity
for extracting protein sequence descriptors, the optimal rank
is 𝑘 = 4. Thus, we set 𝑘 to 4 in this study. A representation of
an interaction pair is formed by concatenating the descriptors
of two protein sequences in this protein pairs.

2.3. Support VectorMachine. Machine learning has been seen
as useful and reliable in many applications. Various machine
learning techniques can be employed to predict the PPIs.
Among them, support vector machine (SVM) is one of the
popular learning algorithms based on statistical learning
theory [27]. Herewe give a brief introduction to the basic idea
of SVM.

The goal of the SVM algorithm is to find an optimal
hyperplane that separates the training samples by a maximal
margin, with all positive samples lying on one side and all
negative samples lying on the other side. Suppose that we
are given a training dataset of 𝑁 instance-labeled pairs 𝑋 =

{(𝑥

1
, 𝑦

1
), (𝑥

2
, 𝑦

2
), . . . , (𝑥

𝑁
, 𝑦

𝑁
)} with input data 𝑥

𝑖
∈ 𝑅

𝑛

and labeled output data 𝑦
𝑖
∈ {+1, −1}. The SVM algorithm

solves the quadratic optimization problem as minimizing the
function as below:

min
𝑤,𝑏,𝜉

⟨𝑤 ⋅ 𝑤⟩

2

+ 𝐶

𝑁

∑

𝑖=1

𝜉

𝑖
(7)

subject to

𝑦

𝑖
(⟨𝑤 ⋅ 𝑥

𝑖
⟩ + 𝑏) ≥ 1 − 𝜉

𝑖
,

𝜉

𝑖
≥ 0,

(𝑖 = 1, 2, 3, . . . , 𝑁) ,

(8)

where 𝑤 is the normal vector of hyperplane; 𝑏 is the bias of
hyperplane; 𝐶 is the penalty factor; 𝜉

𝑖
is the slack variable.

Since ‖𝑤‖2 is convex, minimizing (7) under linear con-
straints (8) can be solved with Lagrange multipliers. Further,
the aforementioned optimization problem can be transferred
to a dual form as maximizing the function

𝐿 (𝛼) =

𝑁

∑

𝑖=1

𝛼

𝑖
−

1

2

𝑁

∑

𝑖,𝑗=1

𝑦

𝑖
𝑦

𝑗
𝛼

𝑖
𝛼

𝑗
⟨𝑥

𝑖
⋅ 𝑥

𝑗
⟩ (9)

subject to

𝑁

∑

𝑖=1

𝑦

𝑖
𝛼

𝑖
= 0,

0 ≤ 𝛼

𝑖
≤ 𝐶,

𝑖 = 1, 2, 3, . . . , 𝑙,

(10)

where 𝐶 ≥ 0, 𝛼
𝑖
= [𝛼

1
, 𝛼

2
, 𝛼

3
, . . . , 𝛼

𝑙
]

𝑇, and 𝛼

𝑖
≥ 0,

(𝑖 = 1, 2, 3, . . . , 𝑙) are coefficients corresponding to 𝑥
𝑖
. 𝑥
𝑖
with

nonzero 𝛼
𝑖
is called support vector.

In real applications, the training samples are not linearly
separable in its original space. Usually, the training samples
𝑥

𝑖
are mapped into a high-dimensional feature space through

some nonlinear function 𝜙. Then SVM finds a linear sepa-
rating hyperplane with the maximal margin in this higher-
dimensional space. Furthermore, 𝐾(𝑥

𝑖
, 𝑥

𝑗
) = 𝜙(𝑥

𝑖
)

𝑇
⋅ 𝜙(𝑥

𝑗
)

is called the kernel function. Actually, the flexibility and
classification power of SVM reside in its kernel functions,
since theymake it possible to discriminate within challenging
datasets. Typical kernel functions for SVM include polyno-
mial function, linear function, sigmoid function, and radial
basis function (RBF):

polynomial:𝐾(𝑥
𝑖
, 𝑥

𝑗
) = (𝛾𝑥

𝑇

𝑖
𝑥

𝑗
+ 𝛾)

𝐷, 𝛾 > 0;

linear: 𝐾(𝑥
𝑖
, 𝑥

𝑗
) = 𝑥

𝑇

𝑖
𝑥

𝑗
;

sigmoid:𝐾(𝑥
𝑖
, 𝑥

𝑗
) = tanh(𝛾𝑥𝑇

𝑖
𝑥

𝑗
+ 𝐵);

radial basis function (RBF): 𝐾(𝑥
𝑖
, 𝑥

𝑗
) = exp(−𝛾‖𝑥

𝑖
−

𝑥

𝑗
‖

2
), 𝛾 > 0;

here, 𝐷, 𝐵, and 𝛾 are kernel parameters which are set
a priori.

If we replace samples 𝑥
𝑖
with their mapping in the feature

space 𝜙(𝑥
𝑖
), (9) becomes

𝐿 (𝛼) =

𝑁

∑

𝑖=1

𝛼

𝑖
−

1

2

𝑁

∑

𝑖,𝑗=1

𝑦

𝑖
𝑦

𝑗
𝛼

𝑖
𝛼

𝑗
𝐾(𝑥

𝑖
, 𝑥

𝑗
) (11)

and the decision function becomes

𝑓 (𝑥) = sign(
𝑁𝑆

∑

𝑖=1

𝛼

𝑖
𝑦

𝑖
𝐾(𝑥

𝑖
, 𝑥) + 𝑏) , (12)

where 𝑁
𝑆
is the number of SV, 𝑥 = [𝑥

1
, 𝑥

2
, 𝑥

3
, . . . , 𝑥

𝑙
] is the

input sample, and 𝛼
𝑖
and 𝑦

𝑖
are Lagrange multipliers.

3. Results and Discussion

In the section, we describe our simulation methodology
and present the experimental results that evaluate the
effectiveness of our schemes. The proposed sequence-based
PPI predictor was implemented using MATLAB platform.
For SVM algorithm, the LIBSVM implementation available
from http://www.csie.ntu.edu.tw/∼cjlin/libsvm/ was utilized,
whichwas originally developed byChang and Lin [28]. As the
kernels, four kinds of kernel functions, radial basis function
(RBF), polynomial function, linear function, and sigmoid
function, were selected to implement the experiment. The
optimized parameters for the SVMwere obtained with a grid
search approach. In the simulation, all the experiments were
carried out on a computer with 3.1 GHz 2-Core CPU, 12GB
memory, and Windows operating system.
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Table 2: Comparing the prediction performance by the proposed method and some state-of-the-art works on the yeast dataset. Here, N/A
means not available.

Model Test set SN (%) PPV (%) ACC (%) MCC (%)
Proposed method SVM 85.74 ± 0.94 93.84 ± 0.98 90.06 ± 0.64 82.03 ± 1.03

Guos’ work ACC 89.93 ± 3.68 88.87 ± 6.16 89.33 ± 2.67 N/A
AC 87.30 ± 4.68 87.82 ± 4.33 87.36 ± 1.38 N/A

Zhous’ work SVM + LD 87.37 ± 0.22 89.50 ± 0.60 88.56 ± 0.33 77.15 ± 0.68

Yangs’ work

Cod1 75.81 ± 1.20 74.75 ± 1.23 75.08 ± 1.13 N/A
Cod2 76.77 ± 0.69 82.17 ± 1.35 80.04 ± 1.06 N/A
Cod3 78.14 ± 0.90 81.86 ± 0.99 80.41 ± 0.47 N/A
Cod4 81.03 ± 1.74 90.24 ± 1.34 86.15 ± 1.17 N/A

3.1. Measures for the Prediction Performance. In the study,
fivefold cross-validation technique has been employed to
evaluate the performance of the proposed model. In the
fivefold cross-validation technique, the whole dataset is ran-
domly divided into five subsets, where each subset consists
of nearly equal number of interacting and noninteracting
protein pairs. Four subsets are used for training and the
remaining set for testing. This process is repeated five times
so that each subset is used once for testing. The performance
of method is average performance of method on five sets.

Several evaluation measures have been used in the study
to measure the predictive ability of the proposed method.
The parameters are as follows: (1) the overall prediction
accuracy (ACC) is the percentage of correctly identified inter-
acting and noninteracting protein pairs; (2) the sensitivity
(SN) is the percentage of correctly identified interacting
protein pairs; (3) the specificity (SP) is the percentage of
correctly identified noninteracting protein pairs; (4) the
positive predictive value (PPV) is the positive prediction
value; (5) the negative predictive value (NPV) is the negative
prediction value; (6) the 𝐹-score is a weighted average of
the PPV and sensitivity, where an 𝐹-score reaches its best
value at 1 and worst score at 0; (7) the Matthew correlation
coefficient (MCC) is more stringent measure of prediction
accuracy accounting for both under- and overpredictions.
These parameters are defined as follows:

ACC =

TP + TN
TP + FP + TN + FN

,

SN =

TP
TP + FN

,

SP =

TN
TN + FP

,

PPV =

TP
TP + FP

,

NPV =

TN
TN + FN

,

𝐹1 = 2 ×

SN × PPV
SN + PPV

,

MCC

=

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

,

(13)

where true positive (TP) is the number of true PPIs that
are predicted correctly; false negative (FN) is the number of
true PPIs that are predicted to be noninteracting pairs; false
positive (FP) is the number of true noninteracting pairs that
are predicted to be PPIs; and true negative (TN) is the number
of true noninteracting pairs that are predicted correctly.

The above-mentioned parameters rely on the selected
threshold. The area under the ROC curve (AUC), which is
threshold-independent for evaluating the performances, can
be easily calculated according to the following formula [29]:

AUC =

𝑆

0
− 𝑛

0
(𝑛

0
+ 1) /2

𝑛

0
× 𝑛

1

, (14)

where 𝑛
0
and 𝑛

1
denote the number of positive and negative

samples, respectively, and 𝑆

0
is the sum of the ranks of all

positive samples in the list of all samples ranked in increasing
order by estimated probabilities belonging to positive. AUC
values can give us a good insight into performance com-
parison of different prediction methods. Although the AUC
is threshold-independent, an appropriate threshold must be
selected for the final decision. For the classifier which outputs
a continuous numeric value to represent the confidence or
probability of a sample belonging to the predicted class,
adjusting the classification threshold will lead to different
confusion matrices which decide different ROC points [21].

3.2. Prediction Performance of ProposedModel. We evaluated
the performance of the proposed model using the DIP PPIs
data as investigated in Guo et al. [22]. To guarantee that
the experimental results are valid and can be generalized
for making predictions regarding new data, the fivefold
cross-validation is utilized to evaluate the performance of
the proposed method. The whole PPI dataset is randomly
divided into five subsets of roughly equal size, and each
subset consists of nearly equal number of interacting and
noninteracting protein pairs. Four out of these five subsets are
used for training and the remaining one for test. This process
is repeated five times such that each subset is used once and
only once for test. The results are then averaged over the five
runs to ensure the highest level of fairness.

The prediction performance of SVM predictor with
matrix-based protein sequence representation across five
runs is shown in Table 2. It can be observed from Table 2
that high prediction accuracy 90.06% is obtained for the
proposed model. To better investigate the prediction ability
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Table 3: Comparing the prediction performance by the proposedmethod and amino acid dipeptide compositionmethod on the yeast dataset.

Methods Kernel Mean/std. Testing
ACC SN SP PPV NPV 𝐹1 MCC AUC

The proposed method

Sigmoid Mean 0.8734 0.8379 0.9092 0.9032 0.8474 0.8693 0.7784 0.9385
Variance 0.0073 0.0093 0.0078 0.0087 0.0063 0.0088 0.0111 0.0071

Gaussian Mean 0.9006 0.8574 0.9437 0.9384 0.8689 0.8961 0.8203 0.9528
Variance 0.0064 0.0094 0.0095 0.0098 0.0048 0.0076 0.0103 0.0064

Polynomial Mean 0.8963 0.8517 0.9408 0.9351 0.8639 0.8915 0.8134 0.9506
Variance 0.0079 0.0072 0.0112 0.0118 0.0050 0.0085 0.0124 0.0061

Linear Mean 0.8642 0.8267 0.9016 0.8938 0.8389 0.8589 0.7646 0.9238
Variance 0.0048 0.0098 0.0114 0.0103 0.0073 0.0052 0.0068 0.0038

AADC method

Sigmoid Mean 0.6776 0.6726 0.6825 0.6792 0.6760 0.6758 0.5630 0.7343
Variance 0.0088 0.0194 0.0098 0.0107 0.0136 0.0133 0.0062 0.0129

Gaussian Mean 0.8654 0.8349 0.8959 0.8892 0.8443 0.8612 0.7666 0.9292
Variance 0.0065 0.0104 0.0047 0.0041 0.0119 0.0058 0.0095 0.0087

Polynomial Mean 0.8514 0.8196 0.8833 0.8754 0.8305 0.8465 0.7465 0.7540
Variance 0.0063 0.0144 0.0078 0.0072 0.0110 0.0077 0.0090 0.3751

Linear Mean 0.8409 0.8150 0.8668 0.8597 0.8240 0.8367 0.7320 0.9021
Variance 0.0060 0.0050 0.0146 0.0128 0.0070 0.0049 0.0080 0.0030

of our model, we also calculated the values of sensitivity,
precision, MCC, and AUC. From Table 2, we can see that our
model gives good prediction performance with an average
sensitivity value of 85.74%, precision value of 93.84%, MCC
value of 82.03%, andAUCvalue of 95.28%. Further, it can also
be seen fromTable 2 that the standard deviation of sensitivity,
precision, accuracy, MCC, and AUC is as low as 0.0094,
0.0098, 0.0064, 1.03, and 0.0064, respectively.

We further compared our method with those of Guo et
al. [22], Zhou et al. [30], and Yang et al. [31], where the SVM,
SVM, and KNNwere performed with the conventional auto-
covariance, local descriptor, and local descriptor representa-
tion as the input feature vectors, respectively. From Table 2,
we can see that the performance of all of these methods
with different machine learning models and sequence-based
feature representation methods are lower than ours, which
indicates the advantages of our method. To sum up, we
can readily conclude that the proposed approach generally
outperforms the previous model with higher discrimination
power for predicting PPIs based on the information of
protein sequences. Therefore, we can see clearly that our
model is a much more appropriate method for predicting
new protein interactions compared with the other methods.
Consequently, it makes us more convinced that the proposed
method can be very helpful in assisting the biologist to
contribute to the design and validation of experimental
studies and in the prediction of interaction partners.

3.3. Comparison between the Proposed Model and AADC
Method. The amino acid dipeptide composition (AADC) is
a representationmethod for protein sequences that count the
frequency of occurrence of adjacent pairs of amino acids.
Similar to the proposedmatrix-based protein sequence repre-
sentation method, AADC only needs the information of pro-
tein amino acids; no attention is paid to the physicochemical

properties of amino acids or other pieces of biological
information about proteins. To demonstrate the performance
of the proposed model, we further compared the proposed
protein feature representation methods with AADCmethod.

The prediction performance of SVM predictor with the
aforementioned two protein sequence representation across
five runs is shown in Table 3. It can be observed from
Table 3 that high prediction accuracy of 90.06% is achieved
for the proposed model with Gaussian kernel function. To
better investigate the prediction ability of our model, we also
calculated the values of sensitivity, specificity, PPV, NPV, 𝐹-
score, MCC, and AUC. From Table 3, we can see that our
model gives good prediction performance with an average
sensitivity value of 85.74%, specificity value of 94.37%, PPV
value of 93.84%, NPV value of 86.89%, 𝐹-score value of
89.61%, MCC value of 82.03%, and AUC value of 95.28%.
Further, it can also be seen from Table 3 that the standard
deviation of accuracy, sensitivity, specificity, PPV, NPV, 𝐹-
score, MCC, and AUC is as low as 0.0064, 0.0094, 0.0095,
0.0098, 0.0048, 0.0076, 0.0103, and 0.0064, respectively.
The performance of the proposed model with other kernel
functions including sigmoid function, polynomial function,
and linear function is also demonstrated in Table 3.

In addition, the prediction performance of AADC based
model is shown in Table 3. The AUC of the AADC model
with Gaussian kernel is 0.9292, which is lower than that
of the proposed model. The overall accuracy, sensitivity,
specificity, PPV, NPV, 𝐹1 score, and MCC of AADC model
are, respectively, 86.54%, 83.49%, 89.59%, 88.92%, 84.43%,
86.12%, and 76.66% as illustrated in Table 3. Hence, it can
be seen that almost all evaluation measures of the proposed
model are better than those of AADC method.

We also conduct experiment to characterize the sensi-
tivity (i.e., the size of true positives that can be detected
by our method) and specificity (i.e. 1 − false positive rate)
of the proposed approach for different activation functions
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Figure 2: The ROC (receiver operator characteristic) curve illus-
trating the performance of different activation functions. The curve
presents the true positive rate (sensitivity) against the false positive
rate (1 − specificity).

(see Figure 2). The results in Figure 2 are reported using
receiver operator characteristic (ROC) curves, which plot the
achievable sensitivity at a given specificity (1 − false positive
rate). Good performance is reflected in curves with a stronger
bend towards the upper-left corner of the ROC graph (i.e.,
high sensitivity is achieved with a low false positive rate).
We found that proposed method achieved over 89 percent
detection rate with less than 10 percent false positive rate.The
results demonstrate that the proposed matrix-based model
can successfully classify positive and negative samples in all
five activation functions that we investigated. Our algorithm
can perfectly classify interacting and noninteracting protein
pairs with only a few exceptions.

To sum up, considering the high efficiency as well as
the good performance we can readily conclude that the
proposed approach generally outperforms the AADC model
with higher discrimination power for predicting PPIs based
on the information of protein sequences. Therefore, we can
see clearly that ourmodel is amuchmore appropriatemethod
for predicting new protein interactions compared with the
other methods.

3.4. Comparing the Prediction Performance between Our
Method and Other Existing Methods. In order to highlight
the advantage of our model, it was also tested byHelicobacter
pylori dataset. This dataset gives a comparison of proposed
method with several previous works including phylogenetic
bootstrap [32], signature products [24], HKNN [33], and
boosting [34].Themethods of phylogenetic bootstrap, signa-
ture products, and HKNN are based on individual classifier
system to infer PPIs, while the methods of boosting belong to
ensemble-based classifiers.

The average prediction results of 10-fold cross-validation
over five different approaches are demonstrated in Table 4.

Table 4: Performance comparison of different methods on the H.
pylori dataset. Here, N/A means not available.

Methods SN (%) PE (%) ACC (%) MCC (%)
Phylogenetic bootstrap 69.8 80.2 75.8 N/A
HKNN 86 84 84 N/A
Signature products 79.9 85.7 83.4 N/A
Boosting 80.37 81.69 79.52 70.64
Proposed method 85.27 83.33 85.91 75.53

From Table 4, we can see that the average prediction per-
formance, that is, sensitivity, precision, accuracy, and MCC
achieved by proposed predictor, are 85.27%, 83.33%, 85.91%,
and 75.53%, respectively. It clearly shows that our method
outperforms all other individual classifier-based methods
and the ensemble classifier systems (i.e., boosting). All
these results demonstrate that the proposed method not
only achieves accurate performance, but also substantially
improves precision in the prediction of PPIs.

4. Conclusions

In this paper, we proposed an efficient and accurate learning
technique, which utilizes the information of protein amino
acid sequence order and distribution, for accurate identi-
fication PPIs at considerably high speed. It is well known
that the order and distributions of dipeptide possess more
pieces of information than those of amino acid dipeptide
composition (AADC), so the main advantage is that this
algorithm can extract more pieces of information hidden
in protein primary sequences than AADC can. Then, the
application of SVM predictor ensures reliable recognition
with minimum error. Experimental results demonstrated
that the proposed method performed significantly well in
distinguishing interacting and noninteracting protein pairs.
It was observed that the proposed method achieved the
mean classification accuracy of 90.06% using fivefold cross-
validation. Meanwhile, comparative study was conducted
on the proposed method and other existing methods. The
experimental results showed that our method outperformed
these works in terms of classification accuracy.
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