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With the emergence of high-throughput “omics” data, net-
work theory is being increasingly used to analyze biomolec-
ular systems. In particular, proteins rarely act alone, which
prompted the arrival of proteomics. “Network proteomics”
is just defined as the research area that introduces network
theory to investigate biological networks ranging from pro-
tein structure networks to protein-protein interaction net-
works. In addition, the application of network proteomics in
biomedical fields has increased significantly.This special issue
has collected contributions, not only focusing on the state of
the art ofmethodology in “network proteomics” itself but also
focusing on the current status and future direction of their
applications in translational medical informatics.

This issue starts with discussing the role of protein struc-
ture that participates in interactions. N. Raethong et al. devel-
oped a strategy to annotate Aspergillus oryzae, which would
enhance its metabolic network reconstruction. By using the
molecular dynamics simulation and principle component
analysis, H. Wan et al. investigated the interaction between
the last half repeat in TAL effectors and its bindingDNA.This
work would give a deeper understanding of the recognition
mechanism of protein-DNA interactions.

Protein complexes offer detailed structural characteristics
of protein-protein interactions. H. Zhang et al. proposed a
method by combining the high frequencymodes of Gaussian
network model and Gaussian Naive Bayes to identify hot
spots, which are residues that contribute largely to protein-
protein interaction energy. G. Hu et al. performed a com-
parative study of elastic network model and protein contact
network for protein complexes in case of hemoglobin.

Protein-protein interactions not only are limited to
binary associations but also employ special topological struc-
tures to perform their biological functions. N. Bernabò et
al. approached the comparison of two networks models
obtained from two different text mining tools to suggest that
actin dynamics affect spermatozoa postejaculatory life. J. Xu
et al. also compared the topologies of networkmodes of drug-
kinase interactions between established targets and those of
clinical trial ones.

Both protein structures and protein-protein interactions
are involved in the subject of a growing number of phar-
macological studies. F. Ye et al. identified that compounds
DC C11 andDC C66 are two small inhibitors against protein-
protein interactions betweenCARM1 and its substrates, while
Y. Wang et al. identified that CID 70128824, CID 70127147,
and CID 70126881 are three potential inhibitors for targeting
the androgen receptor to treat prostate cancer. Finally, a
review paper completes the issue. X. Li et al. introduced
recent advances in the development of network models of
identifying synergistic drug combinations.

Altogether, we wish this issue has given a wider devel-
opment of structural biology and systems biology with the
advantage of biological network analysis as well as prospect-
ing the future of this area towards translational bioinforma-
tics and systems pharmacology.

Guang Hu
Luisa Di Paola
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Zhongjie Liang
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The antiandrogens, such as bicalutamide, targeting the androgen receptor (AR), are themain endocrine therapies for prostate cancer
(PCa). But as drug resistance to antiandrogens emerges in advanced PCa, there presents a high medical need for exploitation of
novel AR antagonists. In this work, the relationships between the molecular structures and antiandrogenic activities of a series
of 7𝛼-substituted dihydrotestosterone derivatives were investigated. The proposed MLR model obtained high predictive ability.
The thoroughly validated QSAR model was used to virtually screen new dihydrotestosterones derivatives taken from PubChem,
resulting in the finding of novel compounds CID 70128824, CID 70127147, and CID 70126881, whose in silico bioactivities are
much higher than the published best one, even higher than bicalutamide. In addition, molecular docking, molecular dynamics
(MD) simulations, andMM/GBSA have been employed to analyze and compare the binding modes between the novel compounds
andAR.Through the analysis of the binding free energy and residue energy decomposition, we concluded that the newly discovered
chemicals can in silico bind to AR with similar position and mechanism to the reported active compound and the van der Waals
interaction is the main driving force during the binding process.

1. Introduction

According to the latestWorldCancer Report 2014 [1], prostate
cancer (PCa) has become the second most common cancer
among men in the world. The morbidity rate of PCa has
reached 15%, which is merely 1.7% lower than the leading
lung cancer. It is reported that about 1100,000 people were
diagnosed as new PCa patients in 2012 [2]. Additionally
researchers pointed out that prostate cancer is not the
privilege of men; women have similar prostate tissue, which
also has the risk of cancer [3].

The androgen receptor (AR), a ligand inducible transcrip-
tion factor in the nuclear hormone receptor super family [4],
plays a critical role in the development and progress of PCa.
Natural hormone testosterone (T) and dihydrotestosterone

(DHT), known as androgens, are the endogenous ligands of
AR. When bound to AR, androgens play significant roles
in the sexual development, function, and musculoskeletal
growth of male. The main mechanism of androgen action is
to regulate the gene expression by means of binding to AR,
changing the level of specific proteins in cells, and controlling
cell behavior [5]. Therefore, a rational approach to cure PCa
is the use of antiandrogens to prevent the interaction of T or
DHT with AR.

At present, androgen receptor antagonists, such as bica-
lutamide and flutamide, are used as main hormone therapies
for prostate cancer [6]. Although these antiandrogens exhibit
good efficacy in many cases and comprise an important part
of effective therapeutics [7–10], the emergence of recurrent
and metastatic forms of castration-resistant PCa (CRPC)
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Figure 1: The skeleton structure of 7𝛼-substituted dihydrotestos-
terones derivatives.

becomes a major challenge, with a median survival of only
1∼2 years [11]. A possible reason is that these antiandrogens
have partial agonistic activities at high concentration in vitro
[12]. Therefore, the discovery of new AR antagonists with
high antiandrogen activities is highly expected.

Here, in this study, to aid the research and development
of steroidal antiandrogens, we investigated the relation-
ships between a series of 7𝛼-substituted dihydrotestosterone
derivatives and corresponding antiandrogen activities. The
vital features related to the bioactivities were explored, and
a linear quantitative structure-activity relationship (QSAR)
model was established according to OECD principles [13],
using the QSARINS program [14, 15].Then the QSARmodel,
thoroughly and strictly validated by various internal and
external validation techniques, is used to virtually screen
new dihydrotestosterones, without experimental bioactiv-
ities, downloaded from PubChem database [16]. Besides,
molecular docking and molecular dynamics (MD) simu-
lations are used to study the possible binding mode of
compounds owning high in silico activities with androgen
receptor. At last, the most active compounds with good
binding affinities to AR, as highlighted by the Insubria graph
[17], are proposed for experimental research group to test the
antiandrogen activities in the future.

2. Materials and Methods

2.1. Data Set. The success of any QSAR model depends
on accurate and clean training data, proper representative
descriptor selection methods, suitable statistical methods,
and, most critically, both internal and external validation of
resulting methods [18, 19]. Here, in this work, a set of 36 7𝛼-
substituted dihydrotestosterones derivatives were taken from
literatures [20, 21].The skeleton structure of these derivatives
is shown in Figure 1, in which R group represents amine,
carboxylic acids, and halogens, and so forth.

These molecules were divided into a training set and
a prediction set according to the structure diversity in
QSARINS. Finally, 29 compounds were included in the
training set and 7 compounds were in the prediction set
(prediction set a). The experimental values, half maximal
inhibitory concentration (IC50) expressed in nM, were con-
verted into negative logarithmic unitsmarked as pIC50, which
was used as dependent variables in the QSAR analyses. The
studied molecular structures and corresponding antiandro-
gen activities were listed in Table 1.

2.2. Descriptors Calculation. To describe a molecule, the
molecular structures were firstly sketched in HyperChem
program [22] and then were optimized to the minimum
energy conformation by using AM1method. Afterminimiza-
tion, we submit the structures to DRAGON 5.5 software
[23] to calculate 2914 descriptors including zero-, one-,
two-, and three-dimensional (0D, 1D, 2D, and 3D), charge
descriptors, and molecular properties. The related theories
of the molecular descriptors are provided by DRAGON
software, and the calculation procedure is clarified in detail,
in the Handbook of Molecular Descriptors [24].

In order to facilitate the successive feature selection
process, the constant and near constant descriptors were
removed. Besides, if pairwise correlation of two descriptors
is larger than 0.98, the one showing the highest pairwise cor-
relation with others will be excluded. Finally, 358 descriptors
remained for the next variable selection process.

2.3. QSAR Model Generation. After descriptor calculation,
genetic algorithm (GA) implemented in QSARINS software
was used to select descriptors. The final model was built
by using MLR method based on the selected descriptors,
named GA-MLR. The first step of GA is to produce a set of
solutions randomly which is called initial population. Each
solution, amodel based on the contained descriptors by using
multiple linear regressions method, is called a chromosome.
Subsequently, the fitness function, Friedman LOF, is used to
evaluate the fitness of these individuals:

LOF = { SSE
[1 − (𝑐 + 𝑑𝑝/𝑛)]}

2

. (1)

Here, SSE represents the sum of squares of errors, 𝑐 is the
number of basis function, 𝑑 is the smoothness factor (default
0.5), 𝑝 is the number of features in the model, and 𝑛 is the
number of samples for model construction. In the successful
selection stage, the fittest individuals evolve to the next
generation.Then crossover andmutation operators were per-
formed to generate new individuals. Finally a new population
is formed consisting of the fittest chromosomes. The above
evolution continues until the stop conditions are satisfied.
The related parameters that control the GA performance are
list as follows: population size (200), maximum generations
(10000), and mutation probability (0.05).

2.4. Model Validation. QSARINS is based on GA-MLR
method and performed various tools to a rigorous internal
and external validation, based on the different validation
criteria, aswell as for the check ofmodel applicability domain.

The robustness and stability of the built model were vali-
dated by several statistical parameters, such as determination
coefficient (𝑅2), leave-one-out (LOO) cross-validation𝑄2LOO,
and root mean squared error (RMSE). Besides, leave-many-
out (LMO) cross-validation method was also performed
and 𝑄2LMO was reported. Randomization technology, by
reordering the independent variable, was used to exclude
the possibility of the chance correlation. Generally, the
correlation coefficient of the builtQSARmodel should exceed
Y randomized generated model. After Y scrambling was
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Table 1: The studied compounds and corresponding experimental and predicted pIC50 values.

Number Structure Experimental
pIC50

Predicted
pIC50

1a

O

O

(CH2)9

OH

OH

6.04 5.91

2a
O

O (CH2)7

OH

OH

6.14 6.15

3a
O

O (CH2)9 OH

OH

5.70 5.81

4

O

O

O (CH2)3 (CH2)2 OH

OH

6.77 6.88

5
O

OO (CH2)3 (CH2)3

OH

OH

6.18 6.23

6a
O

OO (CH2)3 (CH2)4

OH

OH

6.52 6.71
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Table 1: Continued.

Number Structure Experimental
pIC50

Predicted
pIC50

7
O

O

O (CH2)3

(CH2)3

OH

OH

5.24 6.76

8
O

OO (CH2)3(CH2)4

OH

OH

6.07 5.95

9

O

O

O (CH2)4(CH2)4

OH

OH

6.60 6.53

10
O

OO (CH2)4 (CH2)5

OH

OH

6.38 6.27

11
O

O

O (CH2)4

(CH2)3

OH

OH

6.04 6.06

12a O

O

O (CH2)4

(CH2)4

OH

OH

6.48 6.48
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Table 1: Continued.

Number Structure Experimental
pIC50

Predicted
pIC50

13
O

O

O (CH2)4

(CH2)5 OH

OH

6.28 5.80

14
F F

F
F

F

S

O

O (CH2)9 (CH2)3

OH

5.54 5.47

15 O

O N(CH2)7

OH

6.47 6.17

16

(CH2)8

O

O N

OH

5.47 5.81

17a
(CH2)9

O

O N

OH

5.74 5.51

18

(CH2)10

O

O N

OH

5.89 5.80
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Table 1: Continued.

Number Structure Experimental
pIC50

Predicted
pIC50

19

(CH2)11

O

O N

OH

5.46 5.61

20 O

O C
H

N(CH2)7

OH

5.96 6.35

21a O

O C
H

N(CH2)7

OH

6.38 6.12

22 O

O C
H

N(CH2)7

OH

6.38 6.07

23 O

O C
H

N(CH2)7

OH

6.72 6.64

24 O

O C
H

N(CH2)7

OH

6.52 6.46

25 O

O
C

H
N(CH2)7

OH

5.80 5.84
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Table 1: Continued.

Number Structure Experimental
pIC50

Predicted
pIC50

26 O

OO C

H
N(CH2)7

OH

6.14 6.30

27

O

O

OH

C
H

N(CH2)7

6.52 6.46

28

O

O

OH

C
H

N(CH2)7

6.31 6.48

29

O

O

OH

C
H

(CH2)7 NH2

6.35 6.18

30

O

O

OH

C
H

(CH2)7 NH

6.32 6.06

31

O

O

OH

C
H

(CH2)7 NH

6.03 5.80

32

O

O

OH

C
H

(CH2)7 NH

5.74 5.60
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Table 1: Continued.

Number Structure Experimental
pIC50

Predicted
pIC50

33

O

O

OH

C
H

(CH2)7 NH

5.20 5.50

34

O

O

OH

C
H

(CH2)7 NH

5.18 5.24

35

O

O

OH

C
H

(CH2)6 N

6.70 6.59

36

O

O

OH

C
H

(CH2)6 N

6.28 6.59

37b F F
F

F
F

S
O

O

OH

HH

HH

6.02 6.38

38b F F
F

F
F

S
O

O

OH

HH

H

5.66 5.49

aThe prediction set a; bthe prediction set b (Bradbury et al., 2011).

carried out with iterations of 5,000, the average value of
squared correlation coefficient of the randomized models 𝑅2
and 𝑄2LOO was reported.

A good QSAR model should also have satisfactory pre-
dictive ability. The best way to evaluate the predictive ability

of a model is its validation by new compounds, called pre-
diction set, which do not participate in the process of model
building. After the activities of the prediction set samples
were predicted, the agreement between the experimental and
predicted values was calculated as a measure of a QSAR



BioMed Research International 9

model quality. Here we adopt several ways to calculate this
agreement, 𝑄2𝐹1, 𝑄2𝐹2 [25], 𝑄2𝐹3 [26], and CCC [27–29].

All the above external validation parameters were cal-
culated in the software QSARINS and were combined to
evaluate the predictive ability of the proposed model.

2.5. Applicability Domain. To validate the practical appli-
cability of a model to a new chemical, the applicability
domain (AD), a theoretical domain which is defined by
means of the selected descriptors in the process of modeling,
should be defined properly. In this research, the AD was
quantitatively assessed by the leverage approach [30, 31]. The
leverage (hat, ℎ) was calculated by ℎ𝑖 = 𝑥𝑖(𝑋𝑇𝑋)𝑥𝑖𝑇 (𝑖 =1, . . . , 𝑚), where𝑥𝑖 was the descriptor row-vector of the query
compound 𝑖 and 𝑋 was the 𝑛 ∗ 𝑝 matrix of the training set
(𝑝 is the number of model descriptors). The limit of model
domain was quantitatively defined by the leverage cutoff(ℎ∗), set as 3(𝑝 + 1)/𝑛. A leverage greater than ℎ∗ means
that the query was outside of the model structural AD, so
the predictions were extrapolations of the model and could
be less reliable. The AD for chemicals with experimental
data was verified by the Williams plot, where the hat values
versus the standardized residuals were plotted, while the
AD for chemicals without experimental data, which were
analyzed in the virtual screening, was verified by the Insubria
graph where the hat values were plotted versus the predicted
responses [14, 18].

2.6. Virtual Screening of Potent Steroidal Antiandrogens. To
exploremore 7𝛼-substituted dihydrotestosterones and to find
similar derivatives with high antiandrogen activities, the
studied skeleton structure was used as a query to search
PubChem database for new dihydrotestosterones, without
experimental bioactivities. Then the established MLRmodel,
after thoroughly being validated internally and externally,
was used to predict the antiandrogenic activities of these new
dihydrotestosterones, verifying the AD.

Besides, molecular docking was employed to investigate
the possible interaction mechanisms of the samples owning
high in silico antiandrogenic activities with AR. Particularly,
comprehensively considering the docking speed and accu-
racy, LigandFit, which is commonly used as a flexible docking
method executed in the commercial software Discovery
Studio 2.5 [32], was applied into the progress of structure-
based virtual screening. The protein structure of AR was
firstly downloaded from RCSB Protein Data Bank [33] (PDB
entry code: 1T65) and imported in docking process. All
ligands and water molecules were removed at first, the charge
and polar hydrogen atoms were added, and the incomplete
residues were corrected.

2.7. Molecular Dynamics (MD) Simulations. The molecular
dynamics (MD) simulations were carried out using the
Amber 14 software package [34]. MD is a commonly used
methodology in exploring the interaction between ligand and
protein. We have investigated the interaction mechanisms
of R-bicalutamide/S-1 with WT/W741L AR using molecular
dynamics simulations [35]. The docked structures of AR

(PDB ID: 1T65) with the reported most active compound
number 4 and novel chemicals with high in silico activities
were used as the initial structures forMDsimulations.During
the process of docking, taking into consideration the fact
that these residues collide significantly with the compounds,
Helix 12 of AR was removed in the model as executed in the
literature [36].

All missing hydrogen atoms of the AR were added by
the LEaP module of the Amber 14 package. To maintain the
electroneutrality of all the studied complexes, the appropriate
number of chloride counterions was added. Then each com-
plex was immersed into a cubic periodic box of TIP3P water
model [37] with at least 10 Å distance around the complex.

For the ligand, the GAFF parameter assignments [38]
were made by using Antechamber program and the par-
tial charges were assigned by using the AM1-BCC method
[39].

Amber 14 package and the Amberff03 force field were
used for allmolecular dynamics simulations. Sander program
was carried out for the energy minimization and equilibra-
tion protocol. First, energy minimization of four complexes
was done through three stages, using the steepest descent
method switched to a conjugate gradient every 2500 steps
for a total of 5000 steps with a nonbonded cutoff of 10 Å. In
the first stage, to enable the added TIP3P water molecules to
adjust to their proper orientations, the AR and ligand were
restrained with 5.0 kcalmol−1 Å−2. In the second stage, to
enable the AR to find a better way of accommodating ligand,
the protein backbone was restrained with 3.0 kcalmol−1 Å−2.
In the third stage, the entire solvated system was minimized
without any restraint. Additionally, gradual heating, density,
and equilibration protocols were performed. During the
100 ps heating procedure, the system was gradually heated
from 0 to 310K, and then the density was at 310 K for 400 ps,
and at last the equilibration was at 310 K for 400 ps.

Afterwards, four 20 ns production MD simulations were
carried out with the PMEMD programwithout any restraints
in the isothermal isobaric ensemble (NPT, 𝑃 = 1 atm,𝑇 = 310K) MD. The time step was set at 2 fs. 10 Å cutoff
was applied to treat nonbonding interactions. During the
simulations periodic boundary conditions were employed
and all electrostatic interactions were calculated using the
particle mesh Ewald (PME) method. The SHAKE algorithm
was used to restrain all bond lengths containing hydrogen
atoms. All of the coordinate trajectories were recorded every
2 ps throughout all MD runs. To analyze the energy and
structure, a total of 500 snapshots of the simulated structures
stripped in the last 2 ns stable MD production trajectory at
4 ps intervals were extracted.

2.8. Binding Free Energy Calculations. For each protein-
ligand complex, the binding free energy was analyzed by
the MM/GBSA method [40]. To compare the AR binding
free energies with different ligands, MM/GBSA calculation
was applied to the 500 snapshots extracted from the final
2 ns of the MD trajectories. The total free energy of binding
free energy was composed of the following molecular species
(complex):
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Table 2: The selected descriptors used to build QSAR model and corresponding meanings.

Descriptor Meaning Descriptor type
IC5 Information content index (neighborhood symmetry of 5-order) Information indices
GATS5e Geary autocorrelation, lag 5/weighted by atomic Sanderson electronegativities 2D autocorrelations
DISPp d COMMA2 value/weighted by atomic polarizabilities Geometrical descriptors
HATS3u Leverage-weighted autocorrelation of lag 3/unweighted GETAWAY descriptors

Δ𝐺bind = 𝐺complex − 𝐺protein − 𝐺ligand

= Δ𝐸MM + Δ𝐺sol − 𝑇Δ𝑆,
(2)

where 𝐺complex, 𝐺protein, and 𝐺ligand are the free energy of
complex, receptor, and ligand, respectively. The free energy
for each species (complex, ligand, or receptor) can be decom-
posed into a gas phase energy (Δ𝐸MM), a solvation-free
energy (Δ𝐺sol), and an entropy term (𝑇Δ𝑆).

Δ𝐸MM = Δ𝐸val + Δ𝐸ele + Δ𝐸vdw,
Δ𝐺sol = Δ𝐺p + Δ𝐺np,
Δ𝐺np = 𝛾SASA + 𝛽,

(3)

where the Δ𝐸MM is the sum of the internal energy of
bonds, angle, and torsion (Δ𝐸val), electrostatic interaction
energy (Δ𝐸ele), and van derWaals interaction energy (Δ𝐸vdw).Δ𝐺sol is solvation-free energy and can be divided into
two parts, the polar solvation-free energy (Δ𝐺p) and the
nonpolar solvation-free energy (Δ𝐺np). The polar solvation-
free energy Δ𝐺p is determined by generalized Born (GB)
equation. The values of the dielectric constant for solute
and solvent were set as 1 and 80. Δ𝐺np is the nonpolar
solvation contribution and was calculated with constants
0.0072 kcalmol−1 Å−2 for surface tension proportionality
constant 𝛾 and 0.92 kcalmol−1 Å−2 for the nonpolar free
energy for a point solute 𝛽. SASA is the solvent accessible
surface area and is determined by recursively approximating
a sphere around each atom, starting from icosahedra (ICOSA
method).𝑇Δ𝑆 is the entropy term, including the translational,
rotational, and vibrational terms of the solute molecules.

2.9. Energy Decomposition. Furthermore, to obtain the con-
tribution of each residue to the binding process, we per-
formed binding free energy decomposition. The MM/GBSA
approach was used to calculate the per-residue free energy
decomposition, which is based on the same 500 snapshots we
have extracted from the last 2 ns of the stable MD trajectory.

2.10. Normal Mode Calculation. Entropy was analyzed by
normal mode with AMBER14 NMODE module. Due to
the high computational cost in the entropy calculation, 50
snapshots were extracted from the last 2 ns trajectory of the
simulation with 40 ps time intervals.

3. Results and Discussion

3.1. The Linear MLR Model. The training set samples, 29
compounds as listed in Table 1, were used to build QSAR

model by using GA-MLR methods, and the remaining
compounds were used to evaluate the predictive ability of
the built model. GA provided a series of linear equations
containing different descriptor combinations with different
performance, but similarly satisfactory. An excellent QSAR
model should have high fitting ability, high cross-validated𝑄2LOO, high external predictive ability, and little difference
between internal and external predictive ability.

Based on the above principles, a four-descriptor model
was selected as the final model. The involved descriptors
and corresponding physical-chemical meanings were listed
in Table 2. The corresponding model equation and statistic
parameters are listed as follows:

pIC50 = −2.89IC5 + 1.01GATS5e
− 3.17DISPp − 12.99HATS3u
+ 27.13,

𝑅2 = 0.760,
𝑄2LOO = 0.656,
𝑄2LMO = 0.662,
𝑄2𝐹1 = 0.739,
𝑄2𝐹2 = 0.731,
𝑄2𝐹3 = 0.876,
CCC = 0.891,

RMSEtraining = 0.226,
RMSEprediction = 0.270.

(4)

From the linear equation and statistic parameters, we could
see that the fitting ability of the finalmodel was relatively high
with 𝑅2 of 0.760 and the final model was stable with 𝑄2LOO
of 0.656 and 𝑄2LMO of 0.662. About the predictive ability of
the final model, we could find that 𝑄2𝐹1 and 𝑄2𝐹2 have similar
high values. Compared with 𝑄2𝐹1 and 𝑄2𝐹2, the value of 𝑄2𝐹3
was higher. Besides, the value of CCC was as high as 0.891,
surpassing the threshold value of 0.85 as suggested in litera-
ture [29] for predictive model. Additionally, the RMSE values
for the training set and prediction set were similarly very low.
All these parameters indicated the higher external prediction
ability of the final model. The interrelation coefficients of the
selected descriptors were presented in the Table 3. It could
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Table 3: The correlation coefficients (𝐾) of the selected descriptors in the model.

IC5 GATS5e DISPp HATS3u
IC5 1
GATS5e 0.07 1
DISPp 0.25 0.36 1
HATS3u −0.625 0.19 −0.15 1

0

0.2

0.4

0.6

0.8

1

0.2 0.25 0.3 0.35 0.4 0.45 0.5

−0.2

−0.4

−0.6

Mod. R2

R
2

Ys
cr

 an
d Q

2
Ys

cr

R2 Yscr
Q2 Yscr Mod. Q2

Kxy

Figure 2: The distribution of 𝑅2 and 𝑄2 of 5000 iterated Y-scrambled models in comparison to the proposed model performances.

be seen that the highest intercorrelation coefficient 𝐾 was−0.61 between IC5 and HATS3e, which indicated that the
used variables were independent. All results proved that the
selected model was reliable, stable, and predictive.

Y randomization technique was carried out with iter-
ations of 5000 in QSARINS. Figure 2 showed the plot of𝑅2 and 𝑄2 values versus 𝐾𝑥𝑦, automatically obtained in
QSARINS. From Figure 2, we could find that the 𝑅2 and 𝑄2
values of the final model were much higher than the models
from scrambled Y-column, because the relationship between
molecular structure and response was broken. This result
indicated that the relationships between structures of 7𝛼-
substituted dihydrotestosterones and corresponding pIC50
values did exist in the proposed model, and it was really not
obtained by chance.

The predicted pIC50 values by MLR model were listed
in Table 1. Figure 3 was the scatter plot of the experimental
versus the predicted pIC50 values. It was obvious that, in
Figure 3, all predicted pIC50 values were close to the line

𝑦 = 𝑥, which indicated that the linear model can accurately
predict the antiandrogenic values of these derivatives.

The model applicability domain was evaluated by means
of leverage analysis, namely,Williams plot, shown in Figure 4,
in which the standardized residuals (𝜎) and leverage values
(ℎ) were plotted. In Figure 4, we could see that all compounds
were inside the model structural applicability domain (ℎ∗ =0.517) and reasonably well predicted with standard residue
smaller than 2.5𝜎.

After the MLR model was built, we luckily found two
new 7𝛼-substituted dihydrotestosterones, showed in Table 1
(marked as “b,” prediction set b), with experimental antian-
drogen activities from another published literature [41].
These two compounds were additionally used to validate our
model. Both of them (numbered in the Williams plot of
Figure 4) were located in the applicability domain of theMLR
model with ℎ value of 0.332 for compound 37 and 0.237 for
compound 38. The predictions on them were quite near to
their experimental values. In Figure 3, these two samples (in
red) were very near to the line 𝑦 = 𝑥. These results further
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indicated the high predictive ability of the proposed MLR
model.

By interpreting the meaning of the descriptors used in
the model, we could extract vital structural features, to
some extent, responsible for the antiandrogenic activities of
these steroidal derivatives. IC5 was calculated as the mean

Hat i/i (ℎ∗ = 0.5172)
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Figure 5: Insubria graph (plot of hat values versus predicted values
for the complete compounds).

information content as follows: IC5 = −∑𝐴𝑔𝑔−1(𝐴𝑔/nAT) ⋅
log2(𝐴𝑔/nAT), where 𝑔 runs over the equivalence classes,𝐴𝑔
was the cardinality of the 𝑔th equivalence class, and nAT was
the total number of atoms. This index represented a mea-
sure of structural complexity per vertex. GATS5e belonged
to 2D autocorrelations and was Geary autocorrelation, lag
5/weighted by atomic Sanderson electronegativities. This
descriptor was favorable to the antiandrogen activities of
these steroidal derivatives. DISPp, geometrical descriptors,
indicated the displacement between the geometric center and
the center of the polarizability, calculated with respect to the
molecular principal axes. HATS3u is a GETAWAY descriptor
[42], representing the leverage-weighted autocorrelation of
lag 5/weighted by atomic polarizabilities. With the increase
of these two descriptors, the bioactivities of the studied
compounds decreased.

3.2. Virtual Screening. From PubChem database, we found
110 new 7𝛼-substituted dihydrotestosterone derivatives, with-
out experimental data. By exploring the leverage ℎ values,
77.27% of them were located in the structural applicabil-
ity domain of the proposed MLR model. Figure 5 is the
Insubria graph of these dihydrotestosterones, the plot of
leverage values versus predicted pIC50, which was proposed
especially for exploring the unknown samples. In Figure 5,
most chemicals are in the range of the hat cutoff (ℎ∗ =0.517). Inside the model AD, the most active compound is
CID 70128824, which has in silico PIC50 of 7.37, higher than
the reportedmost active compound number 4 (pIC50 = 6.77).
Outside the model AD, we luckily obtained several samples
with higher in silico activities, especially CID 70126881 and
CID 70127147, which showed excellent in silico antiandrogen
activities as high as 7.90 and 7.76, respectively, even higher
than bicalutamide and hydroxyflutamide. The ID of these
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Table 4: The 110 new compounds from PubChem database and
corresponding predicted activities.

Number MolID Pred ADa

1 CID 44421999 6.32 Y
2 CID 44422008 6.49 Y
3 CID 44422014 6.53 Y
4 CID 44422020 6.47 Y
5 CID 44422031 6.34 Y
6 CID 44422034 6.15 Y
7 CID 44422037 6.14 Y
8 CID 44422041 6.07 Y
9 CID 44422043 5.82 Y
10 CID 44422044 5.67 Y
11 CID 44422045 5.62 Y
12 CID 44422047 6.69 N
13 CID 44422053 6.16 Y
14 CID 44422054 6.91 Y
15 CID 44422058 6.90 Y
16 CID 44422064 6.12 Y
17 CID 44422067 5.94 Y
18 CID 44422075 6.25 Y
19 CID 44422080 6.33 Y
20 CID 44433644 6.53 Y
21 CID 44433645 6.20 Y
22 CID 67854257 7.51 N
23 CID 69758112 6.69 Y
24 CID 70126216 7.35 N
25 CID 70126231 7.17 Y
26 CID 70126247 6.91 Y
27 CID 70126297 5.60 Y
28 CID 70126298 5.83 Y
29 CID 70126305 6.56 Y
30 CID 70126327 7.42 N
31 CID 70126491 6.40 Y
32 CID 70126782 6.27 Y
33 CID 70126784 6.24 Y
34 CID 70126798 6.48 N
35 CID 70126802 6.87 N
36 CID 70126837 6.36 Y
37 CID 70126868 6.75 N
38 CID 70126881 7.90 N
39 CID 70126979 6.39 Y
40 CID 70126991 6.89 Y
41 CID 70127144 6.82 Y
42 CID 70127147 7.76 N
43 CID 70127181 6.03 Y
44 CID 70127183 6.35 Y
45 CID 70127185 6.87 N
46 CID 70127188 6.96 N
47 CID 70127192 6.88 Y
48 CID 70127194 6.81 Y
49 CID 70127269 6.35 Y
50 CID 70127287 7.48 N

Table 4: Continued.

Number MolID Pred ADa

51 CID 70127296 6.92 N
52 CID 70127297 6.77 Y
53 CID 70127298 6.82 Y
54 CID 70127444 6.80 Y
55 CID 70127446 7.54 N
56 CID 70127567 5.89 Y
57 CID 70127714 7.00 N
58 CID 70127721 6.57 Y
59 CID 70127722 6.82 Y
60 CID 70127760 6.91 N
61 CID 70127771 6.66 Y
62 CID 70127818 7.06 N
63 CID 70127821 7.17 N
64 CID 70128062 6.59 Y
65 CID 70128068 7.19 N
66 CID 70128078 6.06 Y
67 CID 70128083 6.83 Y
68 CID 70128084 6.81 Y
69 CID 70128209 6.75 Y
70 CID 70128238 6.83 Y
71 CID 70128450 6.33 Y
72 CID 70128452 7.23 N
73 CID 70128456 6.71 Y
74 CID 70128462 6.84 Y
75 CID 70128533 6.79 Y
76 CID 70128534 6.92 Y
77 CID 70128574 7.18 N
78 CID 70128608 7.18 N
79 CID 70128824 7.37 Y
80 CID 70128828 6.46 Y
81 CID 70128830 7.00 Y
82 CID 70128847 7.46 N
83 CID 70128902 6.50 Y
84 CID 70128904 6.57 Y
85 CID 70128987 5.60 Y
86 CID 70129065 6.69 N
87 CID 70129161 7.05 Y
88 CID 70129198 6.53 Y
89 CID 70129204 7.14 N
90 CID 70129375 6.18 Y
91 CID 70129377 6.74 Y
92 CID 70129380 7.12 Y
93 CID 9804916 6.38 Y
94 CID 9826776 6.33 Y
95 CID 9827285 6.48 Y
96 CID 9828392 6.12 Y
97 CID 9828587 6.86 N
98 CID 9829426 6.45 Y
99 CID 9891033 6.14 Y
100 CID 9893352 5.94 Y
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Table 4: Continued.

Number MolID Pred ADa

101 CID 9933226 6.34 Y
102 CID 9935104 6.56 Y
103 CID 9935196 6.57 Y
104 CID 9935788 6.50 Y
105 CID 9936347 6.45 Y
106 CID 9936803 6.36 Y
107 CID 9955874 6.20 Y
108 CID 9957122 6.62 Y
109 CID 9957692 6.57 Y
110 CID 9958161 6.19 Y
aAD: model structural applicability domain; Y: compound inside the model
structural AD; N: compound outside the model structural AD.

compounds and corresponding predicted pIC50 values are
listed in Table 4. Though only these three compounds were
highlighted here, other samples with high in silico activities,
especially those located in themodel structural AD, were also
worthy of our attention.

To further explore the possible binding mode of the
screened compounds, molecular docking was employed to
study the interaction between compounds owning high
in silico activities (especially CID 70128824, CID 70126881,
and CID 70127147), together with the reported most active
compound 4 as a comparison, and androgen receptor (PDB
ID: 1T65) by using LigandFit module in Discovery Studio
2.5. Firstly, DHT was extracted from crystal structure and
redocked into ligand binding pocket to obtain the optimal
docking parameters. Secondly, the ligand binding site was
defined with the same parameters as DHT. At this point,
the radius of SBD Site Sphere was set to 10 Å. The other
parameters were set by default.

To obtain reasonable conformations of different complex,
the top-ranked compounds with lowest RMSD values were
extracted.The binding mode of compound 4, CID 70128824,
CID 70126881, and CID 70127147 with AR were presented in
Figure 6. From this Figure, it could be seen that the docked
pose of CID 70128824, CID 70126881, and CID 70127147
located in the same position with similar orientation in the
AR ligand binding site to compound 4. All these results indi-
cated that though two of them were outside of the model AD,
these three compounds CID 70128824, CID 70126881, and
CID 70127147 might have good performance to antagonize
androgen receptor and have the potency for further research
and development for PCa therapy.

3.3. MD Simulations

3.3.1. System Equilibration. In order to verify whether the
studied systems reach equilibrium, the root mean square
deviations (RMSDs) of all the backbone atoms of the protein,
theC𝛼 atoms for the residues of the active site (residueswithin
5 Å around ligand), and the heavy atoms of ligand from the
initial structure were monitored to examine the dynamic
stability of the systems and plotted against time, as shown in

CID_70126881

Compound 4 CID_70127147

CID_70128824

Figure 6: The molecular binding models of compound 4 (cyan),
CID 70128824 (yellow), CID 70126881 (pink), and CID 70127147
(blue) in the AR ligand binding site.

Figure 7.The three RMSDs have small fluctuations after 15 ns,
implying that the studied systems have reached stability. We
used the last 2 ns to analyze the energy and binding modes
for the four complexes.

3.3.2. Validation of the MD Simulations. We calculated the
binding free energy by MM/GBSA method between the
four ligands and AR to validate the reliability of the MD
simulation. Table 5 lists the binding free energy and all of the
energy terms for the four compounds. From Table 5, the four
complexes had different binding free energy; the ranking
order is CID 70126881 (−41.62 kcalmol−1), CID 70127147
(−33.06 kcalmol−1), CID 70128824 (−31.86 kcalmol−1),
and compound 4 (−22.69 kcalmol−1). Different binding
free energy means different binding affinity between the
four complexes. We have proved that the antiandrogen
activity of compounds CID 70126881, CID 70127147, and
CID 70128824 are higher than the published best one
(compound 4) by MLR model. In addition, the ranking of
the calculated binding free energy was consistent with their
in silico bioactivities order.

3.3.3. Analysis of the Interaction Mechanism. According to
the calculated binding free energy, CID 70126881 holds the
strongest binding affinity; on the contrary, compound 4 has
the lowest binding affinity. As can be seen from Table 5,
the nonpolar interactions (Δ𝐺nonpolar) including van der
Waals (𝐸vdw) and nonpolar solvation (Δ𝐺np) terms are the
driving force for the binding of the four ligands to AR,
and the total polar contributions (Δ𝐺p) are unfavorable for
their binding. In addition, CID 70126881, CID 70127147, and
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Figure 7: Time series of (a) the RMSDs of backbone atoms of androgen receptor, (b) the RMSD of C𝛼 atoms for the residues around 5 Å of
the ligand, and (c) the RMSD of the heavy atoms of ligand.

Table 5: The calculated binding free energies (kcalmol−1) of four systems.

Complex Contribution
Δ𝐸ele Δ𝐸vdw Δ𝐺p Δ𝐺np Δ𝐸MM Δ𝐺sol Δ𝐸bind −𝑇Δ𝑆 Δ𝐺bind

Compound 4 −29.58 −58.93 44.95 −6.74 −88.50 38.22 −50.28 27.59 −22.69
CID 70128824 −3.32 −70.56 24.14 −7.25 −73.88 16.89 −56.99 25.13 −31.86
CID 70127147 −16.79 −71.34 33.50 −7.80 −88.13 25.69 −62.44 29.38 −33.06
CID 70126881 −10.01 −69.32 25.14 −8.85 −79.33 16.29 −63.05 21.43 −41.62
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Figure 8: Energy decomposition of key residues in four complexes.

CID 70128824 have almost the same van der Waals interac-
tions toward AR (−69.32 kcalmol−1, −71.34 kcalmol−1, and−70.56 kcalmol−1 for CID 70126881-AR, CID 70127147-AR,
and CID 70128824-AR), while compound 4 has a low van der
Waals value, which may partly explain the reduced binding
affinity of compound 4 and prove that the newly discovered
chemicals could possess higher antiandrogen activities.

To obtain the detailed interaction between four ligands
and AR, the decomposition of binding free energy, which is
calculated by MM/GBSA method, was executed to identify

key residues during the binding process. The result of
energy decomposition contains van der Waals, electrostatic,
solvation-free energy, and total energy contribution terms,
respectively, for four systems, shown in Figure 8. All the
residues with great energy contributions were almost more
than 1.5 kcalmol−1. As shown in Figure 8(a), residues L701,
L704, M780, L873, T877, L880, and L881 of AR make a
significant contribution to the CID 70126881-AR binding, as
well as those for the CID 70127147-ARwhich are L704, N705,
L712, W741, M745, and F876 (Figure 8(b)). In Figure 8(c),
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residues L704, N705, G708, L712, F764, and F891 of AR
make a substantial contribution to the CID 70128824-AR
binding. However, only two key residues (L704 and N705)
were the major energy contributions to compound 4-AR
binding as shown in Figure 8(d). As mentioned previously,
the vast majority of key residues of AR were nonpolar; it
was reasonable to speculate that these residues can form
greater van der Waals interactions with hydrophobic ligand
and exhibitmore favorable nonpolar interaction contribution
to the binding free energy.

The MD simulation, together with the docking
results, confirmed that the newly discovered chemicals
CID 70126881, CID 70127147, and CID 70128824 share
similar binding mode with the reported compound 4,
and the in silico antiandrogen activities of them are
higher through the calculated binding free energy and
decomposition of binding free energy.

4. Conclusions

In this study, the relationships between a series of 7𝛼-
substituted dihydrotestosterone derivatives and correspond-
ing antiandrogen activities were explored. A reliable, stable,
and robust linear MLR model with four descriptors was
built and validated in QSARINS. The predictive ability of the
final model, fully evaluated by using two different prediction
sets, is excellent enough to be used to virtually screen
novel 7𝛼-substituted dihydrotestosterones from PubChem
database. After antiandrogenic activity prediction, molecular
docking, andmolecular dynamic simulations, CID 70126881,
CID 70127147, and CID 70128824, as the most potent chemi-
cals with good binding affinities to androgen receptor, were
proposed. Of course, bioassay experimental researches are
needed to evaluate the virtual screening results. This study
provides the theoretical basis and specific chemicals for AR
antagonists, which can help the experimental research groups
to search for potential antiandrogens.
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The overall topology and interfacial interactions play key roles in understanding structural and functional principles of protein
complexes. Elastic Network Model (ENM) and Protein Contact Network (PCN) are two widely used methods for high throughput
investigation of structures and interactions within protein complexes. In this work, the comparative analysis of ENM and
PCN relative to hemoglobin (Hb) was taken as case study. We examine four types of structural and dynamical paradigms,
namely, conformational change between different states of Hbs, modular analysis, allosteric mechanisms studies, and interface
characterization of an Hb.The comparative study shows that ENM has an advantage in studying dynamical properties and protein-
protein interfaces, while PCN is better for describing protein structures quantitatively both from local and from global levels. We
suggest that the integration of ENM and PCN would give a potential but powerful tool in structural systems biology.

1. Introduction

Proteins rarely act alone: in the great majority of cases they
perform a vast array of biological functions by forming
functional complexes [1, 2]. The study of protein complexes
not only elucidates the molecular mechanism of many dis-
eases [3] but also provides structural information of protein-
protein interactions [4].With the increasing number of struc-
tural data, a lot of regularities have been found for protein
complexes based on their topological structures [5].However,
the structural and assembly principles underlying protein
complexes organization are not yet fully understood, which
poses a great challenge in structural systems biology [6]. A
well-studied example of protein complex is hemoglobin (Hb)
tetramer, which contains two 𝛼 and two 𝛽 subunits as a dimer
of dimer [7]. Hbs exist in three quaternary conformations:
the low-affinity (deoxy, 𝑇) state and the high-affinity (oxy,𝑅; carbonmonoxy, 𝑅2) states. Hbs are never present in cells
as monomers. Therefore, Hbs were considered as a sort of
‘obliged’ allosteric protein complexes and, even thanks to

the great amount of both structural and physiological data,
attracted a lot of attentions [8–10].

Network theory has become a versatile method to study
structures and dynamics of biological systems [11–13]. As a
dynamical-based method introduced by Tirion [14], Elastic
Network Model (ENM) allows performing normal mode
analysis at𝐶𝛼 network level. Twomostly used ENMmethods,
Gaussian Network Model (GNM) and Anisotropic Network
Model (ANM), were further proposed by Bahar and cowork-
ers [15, 16]. ENM is an efficient computational tool to describe
the essential vibrational dynamics encoded in the molecular
topology [17–20]. It has been proved that the low-frequency
modes of ENM are critical of collective motions [21], while
the high-frequency modes can identify hot spots for protein-
protein interactions [22].

The approach of Protein Contact Network (PCN) was
proposed by Kannan and Vishveshwara [23] and now has
become a new paradigm in protein ontology [24–28]. In a
PCN, nodes correspond to𝐶𝛼, while edges exist if two amino
acid residues (nodes) are close to each other under different
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cutoffs [29]. Based on this graphical representation, different
topological parameters have been developed to describe
protein structures and functions from both the global and the
local prospective [30–32].

Both ENM and PCN offer computationally efficient tools
to study the structure and function of protein complexes
[33, 34], from predicting functionally important residues
[35, 36], to characterize protein-protein interactions [37, 38]
and allosteric communication paths [39, 40]. Of course, both
models have strengths and weaknesses and their comparative
study is needed.

In this paper, we have analyzed and compared four
applications of ENM and PCN on Hb structures: conforma-
tional change characterization, modular analysis, allosteric
mechanisms investigation, and interface characterization.
Although there are several works reported on the ENM [41–
43] and PCN [44, 45] studies of Hb independently, this
work revisits Hb as case study and mainly focuses on the
methodology comparison of ENM (specifically GNM and
ANM) and PCN.

2. Materials and Methods

2.1. Data Sets. Hemoglobins (Hbs) have three states [7]. We
select their structures for the ENM and PCN analysis, which
are listed as follows: 𝑇-Hb (PDB code: 2dn2), 𝑅-Hb (PDB
code: 2dn1), and 𝑅2-Hb (PDB code: 2dn3).

2.2. Gaussian NetworkModel and Anisotropic NetworkModel.
GNM[15] describes a protein as a network of𝐶𝛼 connected by
springs of uniform force constant 𝛾 if they are locatedwithin a
cutoff distance 𝑟𝑐 (7 Å in this study). In GNM, the interaction
potential for a protein of 𝑁 residues is [46]

𝑉GNM = −𝛾2 [[
𝑁−1∑
𝑖=1

𝑁∑
𝑗=𝑖+1

(𝑅𝑖𝑗 − 𝑅0𝑖𝑗) ⋅ (𝑅𝑖𝑗 − 𝑅0𝑖𝑗) Γ𝑖𝑗]] , (1)

where 𝑅𝑖𝑗 and 𝑅0𝑖𝑗 are the equilibrium and instantaneous
distance between residues 𝑖 and 𝑗, and D is 𝑁 × 𝑁 Kirchhoff
matrix, which is written as follows:

Γ𝑖𝑗 =
{{{{{{{{{{{

−1 𝑖 ̸= 𝑗, 𝑅𝑖𝑗 ≤ 𝑟𝑐0 𝑖 ̸= 𝑗, 𝑅𝑖𝑗 ≥ 𝑟𝑐−∑
𝑖,𝑖 ̸=𝑗

Γ𝑖𝑗 𝑖 = 𝑗. (2)

Then, square fluctuations are given by

⟨(Δ𝑅𝑖)2⟩ = (3𝑘𝑇𝛾 ) ⋅ [Γ−1]
𝑖𝑖
,

⟨Δ𝑅𝑖 ⋅ Δ𝑅𝑗⟩ = (3𝑘𝑇𝛾 ) ⋅ [Γ−1]
𝑖𝑗
. (3)

The normal modes are extracted by eigenvalue decomposi-
tion: Γ = 𝑈Λ𝑈𝑇, where𝑈 is the orthogonal matrix whose 𝑘th
column 𝑢𝑘 is 𝑘th mode eigenvector. Λ is the diagonal matrix

of eigenvalues, 𝜆𝑘. ⟨Δ𝑅𝑖 ⋅ Δ𝑅𝑗⟩ can be written in terms of the
sum of the contribution of each mode as follows:

⟨Δ𝑅𝑖 ⋅ Δ𝑅𝑗⟩ = (3𝑘𝑇𝛾 ) ⋅ ∑
𝑘

[(𝑈𝑘Λ 𝑘𝑈𝑇𝑘 )−1]𝑖𝑗 . (4)

Thus, the cross-correlation can be calculated by

𝐶𝑖𝑗 = ⟨Δ𝑅𝑖 ⋅ Δ𝑅𝑗⟩
[⟨Δ𝑅𝑖⟩2 ⋅ ⟨Δ𝑅𝑗⟩2]1/2 . (5)

The cross-correlation value ranges from −1 to 1: positive
values mean that two residues have correlated motions,
while the negative values mean that they have anticorrelated
motions.

In ANM [16], the interaction potential for a protein of 𝑁
residues is [46]

𝑉ANM = −𝛾2 [[
𝑁−1∑
𝑖=1

𝑁∑
𝑗=𝑖+1

(𝑅𝑖𝑗 − 𝑅0𝑖𝑗)2 Γ𝑖𝑗]] . (6)

The motion of the ANM mode of proteins is determined by3𝑁 × 3𝑁 Hessian matrix 𝐻, whose generic element is given
as follows:

𝐻𝑖𝑗 =
[[[[[[[[[[

𝜕2𝑉𝜕𝑋𝑖𝜕𝑋𝑗 𝜕2𝑉𝜕𝑋𝑖𝜕𝑌𝑗 𝜕2𝑉𝜕𝑋𝑖𝜕𝑍𝑗𝜕2𝑉𝜕𝑌𝑖𝜕𝑋𝑗 𝜕2𝑉𝜕𝑌𝑖𝜕𝑌𝑗 𝜕2𝑉𝜕𝑌𝑖𝜕𝑍𝑗𝜕2𝑉𝜕𝑍𝑖𝜕𝑋𝑗 𝜕2𝑉𝜕𝑍𝑖𝜕𝑌𝑗 𝜕2𝑉𝜕𝑍𝑖𝜕𝑍𝑗

]]]]]]]]]]
, (7)

where 𝑋𝑖, 𝑌𝑖, and 𝑍𝑖 represent the Cartesian components of
residues 𝑖 and 𝑉 is the potential energy of the system. 𝑟𝑐 used
here is 13 Å. Accordingly, ANMs provide the information not
only about the amplitudes but also about the direction of
residue fluctuations.

The similarity between two ANM modes, 𝑢𝑘 and V𝑙,
evaluated for proteins with two different conformations can
be quantified in terms of inner product of their eigenvectors
[39]; that is,

𝑂 (𝑢𝑘, V𝑙) = 𝑢𝑘 ⋅ V𝑙. (8)

The degree of overlap between 𝑘th ANM modes 𝑢𝑘 and
the experimentally observed conformation change Δ𝑟 of
Hbs among different states is quantified by ((Δ𝑟 ⋅ 𝑢𝑘)/|Δ𝑟|).
Therefore, the cumulative overlap CO(𝑚) betweenΔ𝑟 and the
directions spanned by subsets of𝑚ANMmodes is calculated
as follows:

CO (𝑚) = √ 𝑚∑
𝑘=1

(Δ𝑟 ⋅ 𝑢𝑘|Δ𝑟|)
2. (9)

The Markov model coupled with GNM was used for
exploring the signal transductions of perturbations in pro-
teins [47, 48].The affinity matrix𝐴 describes the interactions
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between residue pairs connected inGNM; its generic element𝑎𝑖𝑗 is defined as follows:

𝑎𝑖𝑗 = 𝑁𝑖𝑗√𝑁𝑖𝑁𝑗 , (10)

where 𝑁𝑖𝑗 is the number of atom-atom contacts between
residues 𝑖 and 𝑗 based on a cutoff distance of 4 Å and𝑁𝑖 is the
number of side-chain atoms in residue 𝑖. The density of con-
tacts at each node 𝑖 is given by

𝑑𝑖 = 𝑁∑
𝑗=1

𝑎𝑖𝑗. (11)

The Markov transition matrix 𝑀, whose element 𝑚𝑖𝑗 =𝑑−1𝑗 𝑎𝑖𝑗, determines the conditional probability of transmitting
a signal from residue 𝑗 to residue 𝑖 in one time step. Accord-
ingly, the hitting time for the transfer of a signal from residue𝑗 to 𝑖 is given by [47]

𝐻(𝑖, 𝑗) = 𝑁∑
𝑘=1

{[Γ−1]
𝑘𝑗

− [Γ−1]
𝑖𝑗
− [Γ−1]

𝑘𝑖
− [Γ−1]

𝑖𝑖
}

⋅ 𝑑𝑘,
(12)

where D is Kirchhoff matrix obtained by GNM. The average
hit time for 𝑖th residue ⟨𝐻(𝑖)⟩ is the average of𝐻(𝑖, 𝑗) over all
starting points 𝑖. The commute time is defined by the sum of
the hitting times in both directions; that is,

𝐶 (𝑖, 𝑗) = 𝐻 (𝑖, 𝑗) + 𝐻 (𝑗, 𝑖) . (13)

𝐶(𝑖, 𝑗) was defined as the corresponding distance, as the
weight of the edge between node 𝑖 and 𝑗 in the network.

2.3. Protein Contact Networks (PCNs). Protein Contact Net-
works (PCNs) provide a coarse-grained representation of
protein structure [49], based on 𝐶𝛼 coordinates from PDB
files: network nodes are the residues, while links exist
between nodes whose Euclidean distance (computed with
respect to 𝛼-carbons) is within 4 to 8 Å, in order to account
only for significant noncovalent intramolecular interactions
[24, 50, 51].

After building up the network, it is possible to quantify
its features through the adjacency matrix Ad, whose generic
element Ad𝑖𝑗 is 1 if 𝑖th and 𝑗th nodes are connected by a link;
otherwise it is 0.

The most basic descriptor is the node degree, defined for
each node as the number of links involving the node itself:

𝑘𝑖 = ∑
𝑗

Ad𝑖𝑗. (14)

Given a set of vertices 𝑉, the shortest path sp𝑢,V between
two nodes 𝑢, V ∈ 𝑉 is the minimum number of edges con-
necting them (Figure 1). Its role is crucial since it has been
demonstrated that the lower the network average shortest path
(or characteristic length, computed as the average value over

u

v

e e

Figure 1: Example of a graph with 8 vertices and 13 edges, while the
red line shows a path from vertices 𝑢 to V.

the whole number of node pairs), the higher the efficiency
of signal transmission through the network [52]. In PCNs
the average shortest path describes the protein attitude to
allosteric regulation.

The betweenness centrality of a node describes the number
of shortest paths passing by it. Given a set of vertices 𝑉, the
betweenness centrality of node 𝑠 ∈ 𝑉 is defined as follows:

betw (𝑖) = ∑
V∈𝑉,V ̸=𝑖

∑
𝑢∈𝑉,𝑢 ̸=𝑖

𝜎V,𝑢 (𝑖)𝜎V,𝑢 , (15)

where𝜎V,𝑢 is the total number of the shortest paths connecting
two nodes 𝑢, V ∈ 𝑉, whereas 𝜎V,𝑢(𝑖) represents the number of
shortest paths connecting the nodes 𝑢 and V passing on 𝑖 as
well. Therefore, high betweenness centrality nodes take part
in many shortest paths, so their removal is likely to be nox-
ious for the whole network connectivity. We computed the
betweenness centrality by means of the algorithm described
in [53].

Closeness centrality describes the general closeness of a
node to all other nodes, in terms of length of shortest paths:

close (𝑖) = 1∑𝑢∈𝑉,𝑢 ̸=𝑖 sp (𝑢, 𝑖) . (16)

Closeness centrality of residues in PCNs has been demon-
strated to describe conformational transitions occurring in
protein response to environmental stimuli through cooper-
ative processes [54]: residues in the active site of enzymes
show both high degree and closeness centrality; however, it
does not provide any clue about allosteric regulation in the
enzyme-substrate binding.

The Guimerà-Amaral cartography [55] provides a frame-
work to classify nodes according to their topological role in
the network. It is based on network clustering into nodes
groups (clusters). We applied a spectral clustering procedure,
previously demonstrated to catch functional modules in
protein structures [56].
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The spectral clustering algorithm [57] applies to the
Laplacianmatrix𝐿defined as the difference between the adja-
cency matrix Ad and the degree matrix 𝐷 (a diagonal matrix
whose generic element 𝐷𝑖𝑖 is 𝑖th node degree). We applied
the eigenvalue decomposition to 𝐿: the spectral clustering
decomposition refers to the eigenvector V2 corresponding to
the second minor eigenvalue.

The procedure applies iteratively to get the final desired
number of clusters (set by defining the number of iterations);
nodes are parted according to the sign of corresponding V2
components. So, for instance, if it is required to part the
network into four clusters, the first partition produces two
clusters, whose V2 components have opposite signs and, suc-
cessively, both clusters undergo the same procedure, applied
to single cluster nodes subset.

We represented the clustering partition in two ways: first,
we reported on the ribbon representation residues pertaining
to different clusters in different colors, to identify at once
clusters on the three-dimensional structure representation.
Second, we reported the clustering color map, a matrix
whose generic element is colored not in blue if residues
corresponding to indices pertain to the same cluster and in
blue, background, if corresponding residues do not belong to
the same cluster.This representation helps understanding the
distribution of clusters along sequence.

After clustering partition, it is possible to compute for
each node (residue) the participation coefficient P, defined as
follows:

𝑃𝑖 = 1 − (𝑘𝑠𝑖𝑘𝑖 )
2 . (17)

𝑘𝑖 is the overall degree of the node, 𝑘𝑠𝑖 is the node degree in its
own cluster (number of links the node is involved into with
nodes pertaining to its own cluster).

A complementary descriptor is the intramodule connec-
tivity 𝑧-score 𝑧, defined as follows:

𝑧𝑖 = 𝑘𝑠𝑖 − 𝑘𝑠𝑖
SD𝑠𝑖

, (18)

where 𝑘 and SD are the average value and the standard
deviation of the degree 𝑘 extended to the whole network.The
descriptor 𝑧 catches the attitude of nodes to preferentially
connect with nodes in their own clusters; 𝑧 strongly correlates
with node degree, so high 𝑧 residues are mostly responsible
for global protein stability.

The participation coefficient 𝑃 has been previously
demonstrated of a crucial importance in identifying key
residues in protein structure with a functional role [43, 56,
58]; residues with 𝑃 values higher than 0.75 are mostly
devoted to the communication between modules (clusters),
since they spend more than half of their links with residues
pertaining to clusters other than theirs. In other words,
signaling pathways between clusters pass by them.𝑃-𝑧 maps show a peculiar shape (“dentist’s chair”) for
PCNs [58]: high 𝑃 residues show low 𝑧 values, meaning
the role of nodes (communication, high 𝑃, and 𝑧) are well
separated. We previously reported [35] that in protein-ligand

Table 1: PCN descriptors and their structural and biological
relevance.

PCN descriptor Structural and biological role
Node degree 𝑘 Local stability [24]
Betweenness centrality
(betw)

Signal transmission throughout the
structure [26]

Closeness centrality (close) Residues located in the active site of
enzymes [26]

Participation Coefficient 𝑃 Signal transmission through
modules (domains) [27]

Intramodule Connectivity𝑧 Intramodule connectivity and
communication [27]

binding 𝑃 shifts from nonnull to null values for residues close
to an active site in allosteric proteins.

We computed for each structure 𝑃 profile and 𝑃-𝑧 maps.
Then, for the two pairs apo-holo forms we report the heat
maps of 𝑃 variation on the ribbon structure, so to highlight
regions in the protein structure undergoing changes upon
ligand binding.

The analysis was performed by means of a purposed soft-
ware implemented in Matlab environment v 2014a, including
functions from Bioinformatics Toolbox. Heat maps of 𝑃 vari-
ation (comparison between holo and apo forms), Guimerà-
Amaral cartography and clusters onto the protein ribbon
representation, have been produced by means of a purposed
Python script compiled in the embedded Python environ-
ment; for further details and application of the method see
[37].

Table 1 sums up PCN descriptors, along with their
structural and biological relevance.

3. Results and Discussion

3.1. ENM Results. GNM and ANM are simple yet effective
methods [33]. GNM can only describe the amplitude of
residue fluctuations, but ANM can give the direction of
the motions. In this section, ANM was used to investi-
gate conformational change between 𝑇-Hb and 𝑅-Hb, and
describe the dynamical properties of protein-protein inter-
faces. GNM was employed for the modular analysis of Hbs,
which was coupled with Markovian stochastic analysis to
study the allosteric mechanisms of Hbs. Expecting for the
conformational change, we only chose 𝑇-Hb to exhibit these
investigations. ENM results for other two states of Hbs show
similar results, as shown in the supporting information.

3.1.1. Conformational Change. ENM results for the transition
of tetrameric Hb between 𝑇-state (PDB code: 2dn2) and 𝑅-
state (PDB code: 2dn1) are shown in Figure 2, while the results
of the conformational change between 𝑇-state and 𝑅2-state
(PDB code: 2dn3) and 𝑅-state and 𝑅2-state are shown in
Supplementary Figure S1 in SupplementaryMaterial available
online at https://doi.org/10.1155/2017/2483264. First, the over-
lap map between the ten ANM slowest modes was calculated
to compare the global dynamics of 𝑇- and 𝑅-Hbs. Along the
diagonal in Figure 2(a), only the fifth and sixth modes are

https://doi.org/10.1155/2017/2483264
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Figure 2: ENM results for 𝑇 → 𝑅 transition of tetrameric Hb. (a) Overlaps between the ten slowest ANM modes of 𝑇- and 𝑅-Hbs. (b)
Distribution of mean-square fluctuations obtained by the first ANM mode of 𝑇- and 𝑅-Hbs. The residue index of the four chains is 1–140
(𝛼1), 141–285 (𝛽1), 286–425 (𝛼2), and 426–570 (𝛽2). (c) Overlaps of individual 𝑇-Hb ANM modes with the conformational change within𝑇 → 𝑅 transition. (d) The motion of the second ANMmode of 𝑇-Hb; here the protein is represented as a network.

maintained, with the overlap values of 0.92 and 0.79. For
other global modes, there are weaker correlations between
two conformations. For example, the reordering of the first
two modes was found, which means that the motion of the
first mode of 𝑇-Hb is similar to the motion of the second
mode of 𝑅-Hb, while the first mode of 𝑅-Hb shifts to the
secondmode of𝑇-Hb.This result shows that global dynamics
greatly changes between the two different states, even for the
lowest mode. Then, the difference of two states was further
investigated by the distribution of mean-square fluctuations
driven by their global ANMmodes, as shown in Figure 2(b).

For the first mode 𝑇-Hb, the two 𝛼 chains exhibit different
dynamical behaviorwith two𝛽 chains, but twodimers of𝛼1𝛽1
and𝛼2𝛽2 show similar global dynamics (the blue line). For the
first mode of 𝑅-Hb, the mean-square fluctuations profile of𝛼-chain is very similar to that of the 𝛽-chain (the red line).
Comparing these two structures the fact that 𝛼 chains are
more stable and 𝛽 chains are less stable in 𝑇 state than in 𝑅
state emerges.

Overlaps of each ANM mode with the structural dif-
ference between 𝑇 and 𝑅 conformations were calculated to
detect which individual mode contributes significantly to the
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Figure 3:Modular analysis of𝑇-Hb based onGNM. (a)The correlationmap corresponding to the firstmode divides theHb into twomodules.
Red regions correspond to collective residue motions and blue-colored regions correspond to uncorrelated motions. (b)The shape of the first
mode, which not only shows two modules but also predicts hinge sites.

structural differences between the results from experimental
study and are calculated by (9). Figure 2(c) shows that the
transformation from 𝑇 into 𝑅 is favored by the second mode
of 𝑇-Hb with the highest overlap (0.84). In this mode, the
global motion involves quaternary changes of two dimers,
namely, 𝛼1𝛽1 dimer, exhibiting a torsional rotation in an
opposite direction with 𝛼2𝛽2 dimer (Figure 2(d)). Further-
more, this mode is also coordinated by hinge sites at 𝛼1-𝛽1
and 𝛼2-𝛽2 interface. Tekpinar and Zheng [42] have previously
performed the ENM study of conformation changes from 𝑇
to 𝑅2 structures, in which they found the first two modes
contribute significantly to the conformational change. Our
revisiting is in accordance with their results, because mode 2
observed herein seems like the combination motion of their
two modes.

3.1.2. Modular Analysis. In their recent work, Li et al. [59]
developed a new method based on GNM and ANM for
dividing a protein into intrinsic dynamics modular analysis.
Here, we adopted a much simpler way, just based on the
analysis of the GNM lowest mode. Correlation maps for
cross-correlation not only describe collective motion but
also reflect the symmetry of proteins [36]. To our aim, the
correlation map for the first GNM mode was used for the
modular analysis of Hb [60]. In the map, red indicates the
highly correlated motions, blue represents the anticorrelated
motions, and green is for the uncorrelatedmotions. As shown
in Figure 3(a), the correlationmap shows that 𝑇-Hb tetramer
is divided into twomodules, which correspond to 𝛼1𝛽1 dimer
and 𝛼2𝛽2 dimer. Two red blocks indicate that 𝛼1 and 𝛼2 move
in the same directionwith𝛽1 and𝛽2, respectively. Blue blocks
indicate that opposite motions are observed between these
dimers.

Although the first GNM mode can only generate two
modules, it can provide more dynamical information. After
diagonalizing the Kirchhoff matrix, the first eigenvector
corresponding to the highest eigenvalue can be derived and
interpreted to represent the shape of a mode [61]. Figure 3(b)
demonstrates that the shape corresponds to GNM mode of
the Hb tetramer. It is easy to see that the shape of 𝛼1𝛽1 dimer
distributes under zero and 𝛼2𝛽2 dimer above zero. Thus, the
eigenvectors also partition the structure into two modules.
In addition, some hinge sites were predicated at near zero
positions, which are Thr41, Ala88, and Pro95 in Chain A,
His146 in Chain B, Phe98, Leu105, and Ser138 in Chain C, and
His2 andHis146 inChainD.Note that these hinge sites always
locate at 𝛼1-𝛽2 and 𝛼2-𝛽1 interfaces. ENM results formodular
analysis of 𝑅-Hb and 𝑅2-Hb are shown in Supplementary
Figure S2.

3.1.3. Allosteric Mechanisms. Communication inside protein
complexes is implicit in collectivemotionswhich are inherent
to the network topology [62]. Based on this idea, the signal-
processing properties of residues can be investigated by
Markovian stochastic analysis coupled with GNM [63, 64].
The commute time, 𝐶(𝑖, 𝑗), a function of Markov transition
probabilities, was used to measure the communication abili-
ties of residue pairs. Figure 4(a) displays the commute time
map of 𝑇-Hb, while the blue and red regions correspond
to short and long hit times. Furthermore, we calculated the
average values of each row or column of the commute time
map to evaluate the communication abilities of each residue.
As shown in Figure 4(b), theminima of the average commute
time ⟨𝐶(𝑖)⟩ indicate the key residues for 𝑇-Hb allostery.
The profiles of average commute times for 𝛼1 chain and 𝛽1
chain indicate that Val10, Leu29, Arg31,Thr39, Cys104, Val107,
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Figure 4: Signal propagation of residues for 𝑇-Hb. (a) The commute time map of 𝑇-Hb. Minimal of average commute time profiles (red
circles) for 𝛼1 chain and 𝛽1 chain (b) indicates that most of residues with highest communication abilities (green beads in 𝛼1 chain and yellow
beads in 𝛽1 chain) distribute at 𝛼1-𝛽1 interface (c). Results are presented for 2dn1 (𝑇), and 2dn2 (𝑅) and 2dn3 (𝑅2) showed similar behavior.

His122, and Leu125 in 𝛼1 chain and Ala27, Val109, Cys112, and
Gln127 in 𝛽1 chain are residues with highest communication
abilities. It is worth mentioning that the two 𝛼 chains and
two 𝛽 chains have the same profile shapes. The distributions
of these residues in 𝛼1 chain and 𝛽1 chain are also displayed
in the three-dimensional representation (Figure 4(c)). It was
found that Arg31, Cys104, Val107, and His122 in 𝛼1 chain and
Cys112 and Gln127 in 𝛽1 chain are located at 𝛼1-𝛽1 interface.
Likely, the same region was also found at 𝛼2-𝛽2 interface.
ENM results for modular analysis of 𝑅-Hb and 𝑅2-Hb are
shown in Supplementary Figure S3.

3.1.4. Interface Characterization. Protein interfaces are the
sites where proteins or subunits physically interact. Identifi-
cation and characterization of protein interfaces are not only
important to understand the structures of protein complexes
and protein-protein interactions, but also disease phenotypes
[65]. Both GNM and ANM have been used to investigate

protein-protein interfaces. Kantarci et al. [66] firstly applied
GNM to classify interfaces of p53 core domain into the
dimerization interface and crystal interface on the base of
interfacial dynamics. Zen et al. [67] extended this method to
study the interface of 22 representative dimers.More recently,
Soner et al. [68] developed a web server to discriminate
obligatory and nonobligatory protein complexes. Although
GNM is the most used method to study protein-protein
interfaces, we have showed here that ANM is also powerful
to explore interfacial dynamics of Hbs.

Two kinds of interfaces have been classified in the Hb
tetramer: allosteric sites located at 𝛼1-𝛽1 and 𝛼2-𝛽2 interfaces,
which could be intended as allosteric interfaces. Hinge sites
are detected always at 𝛼1-𝛽2 and 𝛼2-𝛽1 interfaces, providing
structural interfaces. The analyses are in accordance with
the results in Tekpinar and Zheng [42], which showed that
allosteric interfaces are dynamically variable regions but
not necessarily structural interfaces. In this section, square
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Figure 5: Square fluctuations of Hb monomers and tetramers. (a) Square fluctuations of 𝛼1 subunits in isolated and tetrameric states based
on the first 20 ANM modes. The differences of mobilities at 𝛼1-𝛽1 and 𝛼1-𝛽2 interfaces are indicated by red and green circles. (b) Square
fluctuations of 𝛽1 subunits in isolated and tetrameric states based on the first 20 ANM modes. Red, green, and black circles indicate the
differences of mobilities at 𝛼1-𝛽1 and 𝛼2-𝛽1 interfaces and a common region of these two interfaces. (c) Square fluctuations of𝑇-Hb tetramers
based on the highest two modes. Hot spots are predicted by the peaks in the profile, while 𝛼1𝛽1 and 𝛼2𝛽2 dimer show the same prediction
result.

fluctuations of both monomeric and oligomeric proteins
based on a large set of slow modes and the highest modes are
compared for a deeper analysis of interfaces.

Figures 5(a) and 5(b) show square fluctuations of 𝛼1 and𝛽1 subunits in isolated and tetrameric states based on the
first 20 ANM modes, while 𝛼2 and 𝛽2 subunits show similar
behavior. Although 𝛼 and 𝛽 subunits are structurally iden-
tical, they are different in length and sequence. Accordingly,𝛼1 and 𝛽1 subunits show different types of fluctuations, which
have also been predicted by the previousmolecular dynamics
(MD) study [69]. The mobility of 𝛼1-𝛽1 and 𝛼1-𝛽2 interfacial
residues of 𝛼1 subunit is reduced in the tetramer. The same
happens for the mobilities of 𝛼1-𝛽1 and 𝛼2-𝛽1 interfacial
residues of 𝛽1 subunit. Therefore, the flexibilities of residues
located at both kinds of interfaces in bound states are lower
than in unboundmonomers.This kind of dynamical property
of interfacial residues has also been detected by the MD
simulation [70].

In addition, a similar region (residues 45–57) with high
mobility in both isolated states was found, which corresponds
to a long loop distributing between two adjacent subunits.
The mobility of this region in 𝛽1 subunit was reduced, while

no reduction was observed in 𝛼1 subunit. This may suggest
that this long loop in 𝛽 subunits is an allosteric region
controlled by interfacial residues.

Among the interface residues, hotspots are defined as
residues that have the greatest contribution to the binding
energy.The prediction of hotspots is helpful not only to guide
drug design but also to understand disease mutations [71].
Based on ENM results, Chennubhotla et al. [72] revealed that
hot spots residues show a moderate-high flexibility at global
modes. On the other hand, hot spots correlated very well
with the residues with high mean-square fluctuations in the
highest frequency modes in both GNM [73, 74] and ANM
[22]. Ozbek et al. [74] have found that hot spots predictions
based on the highest, the second and third highest, and the
average three and five highest GNM modes show similar
accuracies. Our calculation demonstrates that the square
fluctuation based on two highest ANM modes is enough
to predict the distribution of of Hb-tetramer hot spots. The
result for 𝑇-Hb is shown in Figure 5(c). It is surprising
that hot spots have been predicted only at 𝛼1-𝛽1 and 𝛼2-𝛽2
interfaces: Phe28, Arg31, Phe36, and Val107 in 𝛼 subunits
and Arg31, Asn108, Val111, Cys112, Gln127, and Ala129 in
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Figure 6: PCN results for𝑇-Hb: (a) cluster partition, (b) cluster color map, (c) 𝑃-𝑧map, and (d)𝑃 over ribbon. Cluster partition satisfactorily
matches with chains, and high 𝑃 residues are mostly located at the chain interfaces.

𝛽 subunits. Note that Arg31 and Val107 in 𝛼 subunits and
Arg31, Cys112, and Gln127 in 𝛽 subunits are overlapped
with allosteric sites. It also proved that allosteric interfaces
rather than structural interfaces take part in the complex
formation. The hotspots predicted for 𝑅- and 𝑅2-Hbs show
small differences but still located at the same interfaces
(Supplementary Figure S4).

3.2. PCN Results. In this section, results from the application
of PCN method and spectral clustering are reported for
the three structures under enquiry. Figures 6 and 7 and
Supplementary Figure S5 clearly show that cluster partition

satisfactorily matches with chains, yet with some divergences
(region pertaining to a chain falling in a cluster mainly
composed of residues belonging to a second chain, “whiskers”
in the clustering color map). In comparison with ENM, PCN
results of three states ofHbs exhibit quite high similarity, even
between 𝑅- and𝑅2-states, as emergedmainly from the distri-
bution of 𝑃 along the ribbon structures (see Figures 8 and 9).𝑃𝑧 maps show the typical profile for PCNs (and not for
other real world networks), with most residues having 𝑃 = 0
(only contacts with residues belonging to their own clusters).
Residues with 𝑃 > 0 are mostly interesting for protein
functionality, since they account for signaling transmission
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Figure 7: PCN results for 𝑅-Hb: (a) cluster partition, (b) cluster color map, (c) 𝑃-𝑧 map, and (d) 𝑃 over ribbon. Again, clusters catch almost
perfectly the chains and high𝑃 residues are located at the interfaces between chains. Similar results are obtained for𝑅2-Hb; see Supplementary
Figure S5.

through the protein structure (global property of protein
structure).

High 𝑃 residues are spotted in the structure and mostly
(but not necessarily) placed in the interchain region. In pre-
vious works [35, 37, 51, 75], we demonstrated that the parti-
cipation coefficient𝑃 addresses the functional role of residues
in protein binding and, in general, identifies residues with a
key role in protein structural and functional features.𝑃𝑧maps instruct a cartography, addressing a specific role
to residues, as reported in Table 2. Hubs are nodes with𝑧 > 2.5, while 𝑃 values address the role of nodes to connect

different clusters. The Guimerà-Amaral cartography of the
three Hbs is reported in Figures 8 and 9 and Supplementary
Figure S6, as original form, on 𝑃𝑧 maps, and projection on
ribbon structures.

Noticeably, in PCNs 𝑅6 and 𝑅7 nodes are absent and
only few 𝑅5 nodes are present, all at 𝑃 = 0. In other words,
high 𝑧 nodes correspond to residues in charge for protein
stability, while nonhub connector nodes are responsible
for interdomain (intercluster) communication. Lys60 in 𝛼1,
Glu26, His63, Lys66 in 𝛽1, and Leu28, Lys65, Leu68 in 𝛽2 in𝑇-Hb, whereas Gly24, Lys61, and Leu141 in two 𝛽 chains in
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Figure 8: Guimerà-Amaral Cartography for𝑅-Hb: only very few nodes are classified as hubs (𝑅5) and located close to the active site. Non-hub
kinless nodes (𝑅4) are located in turn on the interface between chains and play a key role in the concerted motion underlying the allosteric
regulation of hemoglobin.
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Figure 9: Guimerà-Amaral Cartography for 𝑇-Hb: very few nodes are classified as hubs (𝑅5), but more than for 𝑅/O2 complex, again close
to the active site. Non-hub kinless nodes (𝑅4) lie on the interface between chains. Similar results hold for 𝑅2-Hb; see Supplementary Figure
S6.

Table 2: Guimerà-Amaral cartography.

Regions 𝑧 𝑃
Module nonhubs

𝑅1: ultraperipheral node 𝑧 < 2.5 𝑃 < 0.05𝑅2: peripheral node 𝑧 < 2.5 0.05 < 𝑃 < 0.625𝑅3: nonhub connectors 𝑧 < 2.5 0.625 < 𝑃 < 0.8𝑅4: nonhub kinless nodes 𝑧 < 2.5 𝑃 > 0.8
Module hubs

𝑅5: provincial hubs 𝑧 > 2.5 𝑃 < 0.3𝑅6: connector hubs 𝑧 > 2.5 0.3 < 𝑃 < 0.75𝑅7: kinless hubs 𝑧 > 2.5 𝑃 > 0.75
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Table 3: Pearson correlation coefficients of network descriptors with mean fluctuations (MF) and average commute times (CT).

Closeness/MF Betweenness/MF P/MF P/CT
2DN2 −0.3741 −0.1828 −0.0861 −0.2677
2DN1 −0.4320 −0.1226 −0.1878 −0.2904
2DN3 −0.7331 −0.1419 −0.3649 −0.2740
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Figure 10: Closeness versus mean fluctuations: in this complex,
there is an hyperbolic variation of closeness along with mean
fluctuations: the closeness is thus a local rigidity descriptor.

𝑅-Hb belong to 𝑅5 nodes. It is easy to note that 𝑅5 nodes
distribute at 𝛽 chains within the protein interior.

As previously stated [58], 𝑅4 nodes (nonhub kinless
nodes) are crucial for the allosteric signal propagation: their
kinless nature poses in the gray zone where residues acting at
a global level play, so their role in the protein functionality
is central. It was found that Leu91 and Arg92 in 𝛼1, His2,
His116, and Ala129 in 𝛽1, His89 in 𝛼2, andThr38, His116, and
Phe118 in 𝑇-Hb and Trp37, Cys112, Phe122, and Pro124 in 𝑅-
Hb belong to 𝑅5 nodes. Except His2, 𝑅4 residues were found
at all four interfacial regions.

3.3. Comparison between ENM and PCN Results. We finally
explicitly superpose the ENMs and PCNs results, in order
to better specify key residues and features in allosteric
regulation of Hb. Average commute times predict allosteric
sites at both protein interior and two interfaces (𝛼1-𝛽1 and𝛼2-𝛽2 interfaces). In PCN, 𝑅4 nodes include allosteric sites
at interfaces and 𝑅5 nodes include allosteric sites at protein
interior. Combined with modular analysis and hot spots
prediction, the use of ENM has advantage to classify protein-
protein interfaces.

On the other hand, PCNs analysis relies upon a set
of network descriptors to approach the study of protein
structures quantitatively. Table 3 reports the Pearson corre-
lation coefficients between mean fluctuations and network
descriptors, closeness centrality, betweenness centrality, and
participation coefficient.

Betweenness centrality poorly correlates (negatively)
with mean fluctuations, while closeness anticorrelates more
strongly with mean fluctuations, especially in the more rigid
structure (𝑅2/complex, Figure 10). The hyperbolic shape
of the distribution confirms closeness is a general stiffness
descriptor for protein structure. This property may indicate
that closeness in PCN could provide an additional evidence
to detect hinge sites. There is a relatively poor one-to-one
correspondence of functional sites obtained between ENM
and PCN, and thus the combination of these two approaches
would improve the prediction.

4. Conclusion and Perspectives

ENM and PCN are light yet effective computational methods
which simply require the three-dimensional coordinates of
atoms in protein structures. In this work, the combination
of the ENM and PCN methodologies has provided a plenty
of information regarding the dynamic behavior of Hbs. It is
noteworthy that the two classes of methods are able to catch
the same features without a common, interexchange ground.
In comparison with PCN, ENM can find the dominate
motion for the conformational change of proteins and detect
the dynamics of protein-protein interfaces observed by MD.
Except for the topological parameters used in our work, there
aremore local and global network parameters that can be cal-
culated in PCN to describe protein structures quantitatively.
For example, residue centrality as a local network parameter
was proposed to identify allosteric sites [76], and coefficient
of assortativity as a global network parameter is related to the
rates of protein folding [77]. In addition, we have found some
correlations between ENM and PCN results. In previous
studies [78], the average path lengths are highly correlated
with residue fluctuations. Here, we show an additional pos-
itive correlation between residue fluctuations predicted by
ENM and closeness centrality calculated by PCN. Although
the general relationship between dynamical properties and
more network parameters is needed to be established, we can
conclude that ANM and GNM have advantages in studying
dynamical properties and protein-protein interfaces, while
PCN is better for describing structures quantitatively from
both local and global levels.

In future, the combined description by means of
these methods will largely contribute to understanding the
dynamic behavior of complexes without heavy computa-
tional approaches, such as molecular dynamics (MD). Evi-
dently,MDwill anyway provide a very complete and fine des-
cription of dynamics, but the combination of lighter meth-
ods, such as ENM and PCN, will, for instance, guide MD
simulations with well-grounded preliminary results, as pre-
liminary approached in our previous works [79]. On the
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other hand, the two methods may help understanding the
relationship between local fluctuation of residues and protein
stability and functionality, being a primer for identifying key
residues, responsible for lethal mutations. For example, the
first attempt to combine ENM and PCN has been reported
to investigate allosteric communication pathways [80]. In
our work, we only indicate that ENM and PCN can be
applied to four types of structural and dynamical paradigms.
More detailed analysis for each case is needed. Although the
integration of these two methods is just at the beginning, it
would give a potential but powerful tool in structural systems
biology.
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Drug combination is a powerful and promising approach for complex disease therapy such as cancer and cardiovascular disease.
However, the number of synergistic drug combinations approved by the Food and Drug Administration is very small. To
bridge the gap between urgent need and low yield, researchers have constructed various models to identify synergistic drug
combinations. Among thesemodels, biomolecular network-basedmodel is outstanding because of its ability to reflect and illustrate
the relationships among drugs, disease-related genes, therapeutic targets, and disease-specific signaling pathways as a system. In
this review, we analyzed and classified models for synergistic drug combination prediction in recent decade according to their
respective algorithms. Besides, we collected useful resources including databases and analysis tools for synergistic drug combination
prediction. It should provide a quick resource for computational biologists who work with network medicine or synergistic drug
combination designing.

1. Introduction

Complex diseases such as cancer are often caused by a col-
lective of abnormalities of correlated genes or biology pro-
cesses. The traditional paradigm of “one gene, one drug,
one disease” has been challenged by the increasing rate of
drug failure and the huge costs of time and money in drug
development and research [1, 2]. What is worse, the recurrent
drug resistance has significantly reduced the efficacy of the
existing drugs [3, 4].

To tackle the problem of drug resistance and reduce
the great expenses of time and money in drug discovery,
researchers have made great efforts to discover synergistic
drug combinations. Synergistic drug combinationmeans that
the overall therapeutic effect of the combination is larger
than the sum of effects independently caused by individual
component [5]. Synergistic drug combination can decrease
the drug dosage but increase or maintain the same efficacy
to avoid toxicity, minimize, or slow down the development

of dug resistance [6]. Inspired by the great benefit of
synergistic drug combination, both in silico methods and
in vitro methods have been applied to screen synergistic
drug combinations. The most straightforward methods for
screening synergistic drug combination are in vitromethods.

There are three popular reference models in vitro meth-
ods, namely, the highest single agent (HSA) model [7], the
Loewe additivity model [8], and the Bliss independent model
[9]. The difference between these models is their definitions
of the noninteraction effect of a drug pair which means
the expected additive effect of a drug pair. Specifically, HSA
defined the noninteraction effect as the highest monotherapy
effect among the individual drug in drug combinations.
Loewe additivity model defines the noninteraction effect of a
drug pair as if single drug is combined with itself. In contrast,
Bliss independencemodel defines the noninteraction effect of
a drug pair as if two drugs work independently. In addition,
the integration of the HSA model and the Bliss indepen-
dence model, called zero interaction potency (ZIP), has
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been applied to large-scale dose-responsematrix experiments
[10]. More importantly, Chou proposed a popular algorithm
based on themedian-effect equationwhichwas encompassed
by several complex equations such as Michaelis-Menten,
Hill, Henderson-Hasselbalch, and Scatchard equations in
biochemistry and biophysics [11, 12]. The core concept of this
algorithm, combination index (CI), is an indicator evaluating
drug combination interaction effect. CI has been widely
used in identification of synergistic drug combination in
vitro, especially in validation of novel drug combinations
from various kinds of computational models. The in vitro
models mentioned above are all based on drug-treated
dose-response curve. Dose-response curve based model can
achieve good performance for low-throughput data and
be used to validate novel drug combinations. Nevertheless,
without involving any molecular level data such as drug-
treatment transcriptional expression profile, these models
may not help to discover the underlying mechanism of
drug synergy [13]. Besides, in vitro methods which screen
all possible combinations by experimental trials are time
and money consuming, and usually only a small number of
synergistic drug combinations can be identified.

To address this limitations of in vitro methods in identi-
fying synergistic drug combinations, in silicomethods based
on “omics” data have become more and more popular [14–
17]. With the explosion of “omics” data in recent years, high-
throughput data at various levels related to disease state and
drug-treatment have been accumulated rapidly. Also, in the
recent decades, protein interactions have been extensively
studied, forming comprehensive knowledge background of
molecular regulation pathways or networks. In addition,
taking the heterogeneity and redundancy of diseases into
account, researchers have come to realize that the under-
standing of mechanism of drug synergistic effect calls for
analysis of biology system in a network perspective [1, 18].
Network analysis involvesmathematics and computer science
into biology and can help to present relationship among
molecules in the perspective of network. What is more,
network analysis has an advantage of finding newly emerged
properties at a network level [19–23]. With the benefit of
network analysis, the researchers can make full use of high-
throughput data by modeling the interaction among drugs,
targets, and diseases, which can definitively promote the
discovery of the complex mechanism of drug synergy.

Inspired by the rapid development of biomolecular
network-based synergistic drug combination discovery, here
we present a brief review on the prediction models of syner-
gistic drug combination. All themodels are divided into three
classes according to the type of drug pairs used to train the
prediction model, namely, unsupervised learning prediction
models depending on hypothesis of drug synergy and unla-
beled drug pairs, semi-supervised learning predictionmodels
involving few labeled drug pairs, and many unlabeled drug
pairs in model training and supervised learning prediction
models using labeled drug pairs to train models. Labeled
drug pairs denote that effective drug combinations have
been approved by FDA or validated by experiments, while
unlabeled drug pairs denote drug pairs without synergistic
effect evidence. The general work flow of identification of

novel synergistic drug combinations based on biomolecular
network is shown in Figure 1.

2. Important Public Resources for
Network Construction in Predicting
Synergistic Drug Combinations

Recently, with the rapid development of next generation
sequencing (NGS) technologies and rapidly accumulation
of “omics” data [24], there are many useful databases and
analysis tools for predicting and screening synergistic drug
combinations. Table 1 includes the tools that can be used
to identify synergistic drug combinations in silico. Table 2
lists important databases containing many instances of drug
combinations for cancers aswell as other diseases. Table 3 lists
the popular biology network-related databases that can aid
the construction of molecular interaction network.

The Connectivity Map (CMap) collects a genome-wide
transcriptional expression data from cultured human cells
treated with various bioactive small molecules, providing
a bridge to connect drugs and genes [51]. Drug Com-
bination Database (DCDB) contains 1363 drug combi-
nations, providing an important source for model con-
struction and validation [35]. Here, we collected drug
combinations from DCDB with each individual compo-
nent of these drug combinations in CMap database (see
supplementary file in Supplementary Material available
online at http://dx.doi.org/10.1155/2016/8518945). With these
data, the performance of prediction models based on
compound/agent-treated transcriptional expression profile
can be evaluated without conducting experiments.

3. Principles of Identifying
Synergistic Drug Combinations Based on
Biomolecular Network

The therapy strategy of “one drug, one gene” is not always
successful to treat disease because cells can often find alterna-
tive ways to compensate the function after a gene or protein
is perturbed by drug treatment [52]. Thus to treat these
complex diseases, it is beneficial to consider the relationships
among drugs, disease-related genes, therapeutic targets, and
disease-specific signaling pathways as a system. Known drug
combinations provide us a useful resource for predicted novel
drug combinations. Taking the known drug combinations
into consideration, labeled drug combinations can be used
for supervised learningmethods.The underlying principle in
supervised models is that the more similarity to known drug
combinations for a novel drug combination, the more likely
it can become a synergistic drug combination. On the other
hand, unsupervised models use no labeled drug combination
to build and train model and mainly analyze the biologi-
cal networks perturbed by drug combinations. A network
presents the relationships (edges) of a set of entities (nodes).
These nodes and edges have various important attributes such
as degree, betweenness, and eigenvector centrality. Nodes can
denote molecules such as genes, proteins, and drugs. Edges

http://dx.doi.org/10.1155/2016/8518945
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Figure 1: The general work flow of identification of novel synergistic drug combinations based on biomolecular network.

connecting these nodes can represent the interactions such
as physical interactions and genetic regulatory interactions
[53]. Drug synergy has been reported to be a property
largely determined by network topology [54]. Therefore,
biomolecular network analysis should provide useful insight
into the mechanism of action of drug combinations.

4. Biomolecular Network-Based Unsupervised
Learning Models for Synergistic Drug
Combination Identification

Unsupervised learning models were mainly based on various
features of drugs, targets, drug-treated cellular response data,
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Table 2: Integrated drug combination databases.

Database URL
DCDB [35] http://www.cls.zju.edu.cn/dcdb/
TTD [36] http://bidd.nus.edu.sg/group/cjttd/
TCM [37] http://tcm.cmu.edu.tw/
ASDCD [38] http://asdcd.amss.ac.cn/

and functional networks following various hypotheses. Drug-
treated cellular response data can provide an insight of drug
mechanism of action [55]. Transcriptional expression profile
is one of the most common cellular response data used to
study the mechanism underlying a biological pathway [56]
and the biology response of a cell to a certain perturbation
[51, 57]. According to different hypotheses, several prediction
models have been built.

DrugComboRanker was built based on the hypothesis
that effective drug combinations can inhibit major modules
of disease signaling networks simultaneously and drugs often
have multiple active target genes or proteins [58]. Based on
transcriptional expression data from cell lines treated with
small molecule compounds in CMap, researchers built a drug
functional network and divided the network into numerous
drug network communities by a Bayesian nonnegativematrix
factorization method [59]. Besides they also constructed a
disease-specific signaling network utilizing patients’ genomic
profile and interactome data. Then they defined a synergy
score prioritizing the drug pairs that target on disease-specific
signaling network with similar function. Finally, all the drug
pairs were ranked in the descend order of the synergy score
and the top-ranked drug pairs will be more likely to be
synergistic.

Jin et al. built a model called enhanced Petri-net (EPN)
to predict the synergistic effect of pairwise drug combina-
tions from genome-wide transcriptional expression data by
applying Petri-net to identify drug targeted signaling network
[60]. They assumed that there existed at least one molecule
that shows the enhanced effect in the pairwise combination
compared with the summation of the effect generated by
the two drugs individually. They identified synergistic drug
combinations by comparing the drug effects from the tran-
scriptional expression data treated by pairwise combination
of drugs A and B with those from the corresponding two
transcriptional expression data treated by drugs A and B
separately.

Wu et al. utilized information of protein interactions,
protein-DNA interactions, and signaling pathways to con-
struct amolecular interaction network [61].Their assumption
was that a subnetwork or pathway would be affected in the
networked cellular system after a drug was administrated.
They built a model to detect the subnetwork perturbed
by drug combinations. Based on the molecular interaction
network, they defined an interaction score that indicated the
gap between drug efficacy effect and side effect. Drug com-
bination whose interaction score for certain subnetwork is
higher than that of any individual drug would be recognized
as effective drug combination.

Similarly, a model named pathway and pathway inter-
action (WWI) was based on the assumption that drugs
targeting one same pathway or related pathways will be
more likely to be synergistic drug combinations [62]. The
researchers built two networks, namely, a PPI network based
on information from HPRD [44] database and a WWI
network based on KEGG database. In WWI network, nodes
are the “Homo sapiens” pathways, and edges are pathway-
pathway interactions. Then for each drug pair they defined a
scorewhich indicated the connectivity of pathways perturbed
by the individual drug of drug combinations on the WWI
network and drug targets on the PPI network. Finally, all
the query drug pairs were ranked in descend order of the
score and the top-ranked ones would be more likely to be
synergetic.

Another group of unsupervised learning predictionmod-
els were built according to the DEARM Challenge data.
In 2012, the Dialogue on Reverse Engineering Assessment
and Methods (DREAM) consortium designed an open
competition for researchers all over the world to rank the
effect of all 91 pairwise combinations on OCI-LY3 human
diffuse large B-cell lymphoma (DLBCL) cell line from the
most synergistic to the most antagonistic [63]. This project
generated transcriptional expression data only for samples
treated by individual drug, dose-response curves for viability
of OCI-LY3 cells following perturbation with 14 distinct
compounds and baseline genetic profile of the OCI-LY3 cell
line. Among all the 31 groups taking part in the project, three
of them performed significantly better than random guess.
All of the three groups developed their models based on
their assumptions about drug synergy, such as assumption
that changes in gene expression after drug perturbations
could be used to predicted these drug interaction effect [55]
or the correlation of differential expression genes (DEGs)
after two drugs perturbations would reflect the possibility of
drug synergistic effect [64]. Although the final result of this
project wasmodest, the challenge gives us reasons to hope for
powerful methods to identify effective drug combinations in
the future [65].

Among all of those 31 groups participating in the project,
Drug-Induced Genomic Residual Effect (DIGRE) model
achieved the best performance on prediction of synergistic
drug combinations [66]. DIGRE was developed based on
the hypothesis that, for two drugs used sequentially, the
first drug would change the transcriptome of the treated
cell and thus modulate the effect of the other one. Firstly,
the researchers constructed a gene-gene interaction net-
work based on KEGG pathways. Based on the network,
DIGRE required transcriptional expression profiles and dose-
response curves provided by the DREAM Challenge as the
input data. Then drug similarity score of the drug pair was
computed by accounting for DEGs of each drug, including
common DEGs and upstream and downstream genes in the
selected pathways. Finally, all 91 drug pairs were ranked in
descend order based on the combinatorial effect score which
were computed based on corresponding drug response curve
and drug similarity score.

From above, we can see that drug-treated transcriptional
expression data is commonly used in unsupervised learning

http://www.cls.zju.edu.cn/dcdb/
http://bidd.nus.edu.sg/group/cjttd/
http://tcm.cmu.edu.tw/
http://asdcd.amss.ac.cn/
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Table 3: Important biology network-related databases.

Database URL Data type
STRING [39] http://string-db.org/ Protein-protein interactions
Reactome [40] http://www.reactome.org/ human biological processes
KEGG [41] http://www.genome.jp/kegg/ Pathway, disease, drug
BioGRID [42] https://wiki.thebiogrid.org/ PPI/genetic interaction
STITCH [43] http://stitch.embl.de/ Chemical-protein interaction
HPRD [44] http://hprd.org/ Protein-protein interaction (PPI)
DIP [45] http://dip.doe-mbi.ucla.edu/dip/Main.cgi PPI
IntAct [46] http://www.ebi.ac.uk/intact/ Molecular interaction
WikiPathways [47] http://www.wikipathways.org/index.php/WikiPathways Biological pathways
TRED [48] https://cb.utdallas.edu/cgi-bin/TRED/tred.cgi?process=home TF-gene interaction
InterDom [49] http://interdom.i2r.a-star.edu.sg/ Domain interaction
SignaLink [50] http://signalink.org/ Signaling pathways

prediction models because of its informative properties, such
as reflecting the mechanism of drug action underlying a
biological pathway. However, there is no standard rule to
process transcriptional expression data. Thus, selection of
significant differential expression genes is largely depended
on individual researchers and significant gene lists can be
quite diverse according to different algorithms. For models
based on transcriptional expression data, different networks
will be constructed by different researchers depending on
diverse processing methods of the same microarray data,
which can lead to difficulty in the final interpretation [31].

5. Biomolecular Network-Based Semi-
Supervised Learning Models for Synergistic
Drug Combination Identification

Traditional classifier uses only labeled data to train the
prediction model. However, it is both time and money con-
suming to collect labeled data by experts. Semi-supervised
learning solves this problem by using large amount of
unlabeled data together with a limited number of labeled
data [67]. To the best of our knowledge, the number of
approved drug combinations is still much less than drug
combinations without synergistic effect evidence, so semi-
supervised learning can solve this problem.

Sun et al. constructed a model called Ranking-system
of Anticancer Synergy (RACS) based on semi-supervised
learning which was used to rank drug pairs according to their
similarity to the labeled samples in a specified multifeature
space [68]. Firstly, they performed feature selection to iden-
tify significantly different features between labeled samples
and the unlabeled samples. Some interesting features had
been identified, such as drug target distance in PPI network
and the proportion of unrelated pathways regulated by the
targets of the two agents. Then all the drug pairs (i.e., labeled
and unlabeled samples) were represented by a vector of the
selected features (mentioned in the previous step). Finally,
they incorporated a manifold ranking algorithm with semi-
supervised learning method to enrich the labeled pairs at the
top of the drug pair list [69]. To evaluate the performance of

RACS in test dataset, the researchers applied RACS to data
provided by the above mentioned DREAMChallenge project
[49]. It impressively achieved greater progress than that of
the best model, DIGRE. However, despite the complexity of
the manifold ranking algorithm and some other complex
mathematics methods used in RACS, it also largely relied
on the known drug targets to calculate the average distance
between the target proteins of the two agents in the context
of PPI network. So far, a part of compound targets are still
unknown; thus this will limit the application of RACS in
synergistic drug combination identification.

Chen et al. developed an algorithm termed Network-
based Laplacian regularized Least Square Synergistic drug
combination prediction (NLLSS) based on their observation
that principal drugs which obtain synergistic effect with
similar adjuvant drugs are often similar [70], where principal
drug means that the drug in synergistic drug combination
shows activity in disease treatment and adjuvant drug means
drug in synergistic drug combination shows no effect on
disease treatment. NLLSS developed a classifier based on the
framework of Laplacian Regularized Least Square (LapRLS)
which is an popular semi-supervised learning algorithm [71].
Firstly, researchers computed drug similarity for principle
drugs and adjuvant drugs, depending on several integrated
information such as known synergistic drug combinations,
drug combinations without known synergistic evidences,
drug target interactions, and drug chemical structures.
Finally, a score used to assess synergistic probability of a drug
combination can be obtained depending on the result from
previous step.

As can be seen from above, RACS and NLLSS share
common features. Firstly, they both have a small number
of labeled data, such as 26 labeled data compared with 502
unlabeled data for RACS training set and 75 labeled data
compared with 4079 unlabeled data for NLLSS training set.
Secondly, they were developed based on known and complex
machine learning algorithms for manifold regularization
which is a technique for using the shape of a dataset to
constrain the functions that should be learned on that dataset
[71].

http://string-db.org/
http://www.reactome.org/
http://www.genome.jp/kegg/
https://wiki.thebiogrid.org/
http://stitch.embl.de/
http://hprd.org/
http://dip.doe-mbi.ucla.edu/dip/Main.cgi
http://www.ebi.ac.uk/intact/
http://www.wikipathways.org/index.php/WikiPathways
https://cb.utdallas.edu/cgi-bin/TRED/tred.cgi?process=home
http://interdom.i2r.a-star.edu.sg/
http://signalink.org/
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6. Biomolecular Network-Based Supervised
Learning Models for Synergistic Drug
Combination Identification

Supervised learning is a machine learning algorithm of
inferring a function from training data. The training data
consists of a set of training samples which consist of an input
object and a relevant label. Then with the inferred function,
new sample can be labeled [72]. Thus with proper amount
of known synergistic drug combinations as a training set,
researchers can get a learned function by supervised learning
which can identify candidate synergistic drug combinations.

Zhao et al. developed a model based on features of
US Food and Drug Administration (FDA) approved drug
combinations including drug features such as drug target
proteins and corresponding downstream pathways, medi-
cal indication areas, therapeutic effects as represented in
the Anatomical Therapeutic Chemical (ATC) Classification
System, and side effects [13]. They performed 5-fold cross-
validation on the above mentioned drug combinations to
evaluate the performance of these features. Then the learned
model was revised after deleting two weakly predictive
features. Finally, drug pairs between marketed drugs from
FDA orange book were applied to evaluate the performance
of the model.

Xu et al. proposed amodel called Drug Combination Pre-
dictor (DCPred) [73]. With the effective drug combinations
collected from DCDB, they built a so-called drug-cocktail
network which contained 215 nodes (i.e., unique drug) and
239 edges (i.e., known synergistic effect). Their hypothesis
was that two drugs which shared large number of common
drugs in drug-cocktail network would be more likely to
be effective drug combinations. They found that, compared
with drugs in random combination network, drugs in drug-
cocktail network tended to have more therapeutic effects and
more interaction partners. Based on these two topological
features of drug combinations, they built a function which
required parameters such as number of common neighbors
of two drugs in drug-cocktail network and unique neighbors
of individual drug to predict the probability for a drug pair to
be an effective drug combination.

Similarly, Li et al. proposed another model called prob-
ability ensemble approach (PEA) based on drug-based simi-
larity features including drug chemical structure, ATC code,
target side effect, and target-based similarity features include
target sequence, target-target interaction in PPI, and Gene
Ontology (GO) semantic [74].The six features for every drug
pair were combined using a Bayesian network to calculate
a likelihood ratio (LR) which can be used to the estimate
of the similarity to known drug pair interaction [75]. A
raw score for a query drug pair was defined by summing
LRs to all the known drug pairs in each set (i.e., effective
drug combinations or undesirable drug-drug interactions),
which is further converted to 𝑝 value based on random
distribution. After performance evaluation of PEA using 10-
fold cross-validation scheme accompanied with the receiver
operating characteristic (ROC) curve analysis, integrative
analysis of side-beneficial effects for drug combinations,

external literature validation, and experimental validation,
tens of effective drug combinations were confirmed.

Chandrasekaran et al. developed a computational model
entitled INferring Drug Interactions using chemo-Genomics
and Orthology (INDIGO) which used chemogenomics data
to predict antibiotic drug combinations [76]. The core of
INDIGO is a machine learning algorithm called random
forest. To train INDIGO, the researchers firstly performed
experimental measurement of 105 interactions (𝐶2

15
= 105)

among 15 drugs. Then drug interaction data measuring syn-
ergistic and antagonistic effect together with chemogenomics
data were put into INDIGO as training data. INDIGO only
requires chemogenomics data of individual drugs to output
novel drug combinations.

The supervised learningmodels tend to take advantage of
drug property information like drug target, ATC code, and
chemical structure, while drug synergy is strongly context-
dependent, disease type [77] and drug dosages [60] can also
modulate the efficacy of drug combinations.Therefore, future
supervised learning models should take drug properties
as well as drug-treated information into consideration to
improve performance of prediction model.

7. Conclusions

With the explosive growth of high-throughput data, in silico
modeling for synergistic drug combination represents both
an opportunity and a challenge for medicine research. Com-
binedwith knowledge ofmathematics, computer science, and
biology, analysis of complex molecule interactions based on
biomolecular networks can greatly accelerate the discovery
of synergistic drug combinations [78]. To build a model with
great prediction performance, intricate mathematics method
is necessary to simulate the interactions betweenmolecules in
the complex biology system. For validation of the predicted
novel drug combinations, in vitro methods should be used
to get dose-response curves. Finally, either Chou-Talalay
method or reference models such as Loewe additivity model
and Bliss independent model can be used to determine the
effect of drug combination (i.e., synergistic, antagonistic or
additive).

Based on the review above, we can see that the number of
biomolecular network-based unsupervised learning models
is much bigger than that of semi-supervised learning or
supervised learning. The possible reason is that only small
number of drug combinations has been approved by reg-
ulatory agency, which limits the use of machine learning
methods such as semi-supervised learning method and
supervised learning method. Several significantly different
features between synergistic drug combinations and random
drug combinations have been identified.The average shortest
distance in PPI network of targets between synergistic drug
combinations is significantly smaller than that in random
drug combinations [68, 73, 79]. Also, dissimilarity of drug
chemical structure for individual drug in drug combination
is significantly associated with drug synergistic effect [80].

There are several limitations in effectively applying these
network-based models. Firstly, synergistic drug combination
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modeling utilizing high-throughput data based on biomolec-
ular network is in its infancy and most of these models have
not been fully validated in practice. Secondly, despite the
complexity of these prediction models, the massive noise
of high-throughput data at different levels from different
contributors can play an import role in model construction
and in turn lower the performance of the prediction model.
For instance, prediction models can perform very well in
one test set, while poor result may be achieved when the
model is applied to another test set. For example, Sun
et al. applied the transcriptional expression profiles and
target information of drug treatment on the human lung
adenocarcinoma cell line A549 to RACS [68]. Results showed
that only two drug combinations are synergetic ranked the
top 10%; however drug combinations ranked the first and
second are both antagonistic. Thirdly, networks such as PPI
network, gene-protein interaction network, and drug target
interaction network all have been considered inmodels men-
tioned above except metabolism network. Drug metabolism
processes such as drug absorption and transportation are
very important in disease treatment [81]. For example, one
of the most important reasons for drug resistance is the
overexpression of the P-glycoprotein (P-gp) [82], a drug efflux
protein expressed by ABCB1 which is from ATP-binding
cassette (ABC) family [83–85], and it has been reported that
inhibition of P-gp can enhance the drug efficacy [86–90].
Thus, we deduced that drugs inhibiting efflux genes (e.g.,
ABC family genes) or activating drug influx genes (e.g., solute
carrier transporter genes [91]) can make a contribution to
drug synergistic effect. However, few prediction models took
drug metabolism processes into consideration.

Future models for synergistic drug combination predic-
tion should pay more attention to incorporating comprehen-
sive information including disease signaling pathways and
drug targeting pathways as well as drugmetabolismprocesses
such as drug absorption, transportation, metabolism, and
clearance.
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Residue fluctuations in protein structures have been shown to be highly associatedwith various protein functions. Gaussian network
model (GNM), a simple representative coarse-grained model, was widely adopted to reveal function-related protein dynamics. We
directly utilized the high frequency modes generated by GNM and further performed Gaussian Naive Bayes (GNB) to identify hot
spot residues. Two coding schemes about the feature vectors were implemented with varying distance cutoffs for GNM and sliding
window sizes for GNB based on tenfold cross validations: one by using only a single highmode and the other by combiningmultiple
modes with the highest frequency. Our proposed methods outperformed the previous work that did not directly utilize the high
frequency modes generated by GNM, with regard to overall performance evaluated using 𝐹1 measure. Moreover, we found that
inclusion of more high frequency modes for a GNB classifier can significantly improve the sensitivity. The present study provided
additional valuable insights into the relation between the hot spots and the residue fluctuations.

1. Introduction

Flexibility and dynamics play key roles for proteins in imple-
menting various biological processes and functions [1, 2].
Residue fluctuations or atomic motions, contributing to
large-scale conformational changes of protein structures, are
shown to be closely related to functions of native proteins [3–
5].

Two methods, molecular dynamic (MD) simulation and
normal mode analysis (NMA), are widely used to investigate
the dynamic link between protein structures and functions.
Themain drawback ofMD simulations is their computational
cost [6, 7]. Coarse-grained NMA, such as elastic network
model (ENM) [7], has been increasingly used in recent years
as a powerful tool to elucidate the structure-encoded dynam-
ics of biomolecules [2]. The ENMs, including the isotropic
Gaussian network model (GNM) [8, 9] and the anisotropic
network model [10], define spring-like interactions between
residues that are within a certain cutoff distance. They
simplify the computationally costly all-atom potentials into
a quadratic function in the vicinity of the native state, which

allows the decomposition of the motions into vibrational
modes with different frequencies that are often known as
normal modes. Being simple and efficient, ENM and GNM
have been validated in numerous applications that resulted
in reasonable agreement with a wealth of experimental data,
including prediction of X-ray crystallographic B-factors for
amino acids [9, 11], identifications of hot spots [12–14],
catalytic sites [15], core amino acids stabilizing rhodopsin
[16] and important residues of HLA proteins [17], elucidation
of the molecular mechanisms of motor-protein motions
[18], and general conformational changes and functions
[3, 4, 19–31].

Previous studies have shown in many cases that the
normalmodes including the high frequency (fast)modes and
the low frequency (slow) modes by the GNM are very useful
for recognizing several specific types of protein functions.
In particular, the highest frequency modes that reflect local
events at the residue level can be utilized to identify core
residues or binding sites [16, 17, 20, 32], while the lowest
frequency modes are usually responsible for the collective
functional dynamics of the global protein motions [23, 33].
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In area of protein-protein interaction, several studies such
as Ozbek et al. [12], Haliloglu et al. [13], and Demirel et
al. [14] utilized GNM to identify hot spots that are defined
as the residues contributing more than 2 kcal/mol to the
binding energy. Their results suggested that hot spots are
predefined in the dynamics of protein structures and forming
the binding core of interfaces. However, the mean square
distance fluctuations of residue pairs and the mean square
fluctuations of residues calculated from the highest frequency
modes by GNM, rather than the direct usage of the highest
frequency modes themselves, were applied to detect the hot
spots in the work by Ozbek et al. [12] and by Haliloglu et al.
[13] and Demirel et al. [14], respectively.

In addition, several computational methods by utilizing
machine learning tools have been developed to predict hot
spots from protein sequences and structures [34–37]. The
advantage of learning methods is the ability to result in
higher quality by sufficiently integrating the extracted feature
information from protein structures. In this paper, we follow
the work by Ozbek et al. [12] but focus on the direct usage
of the highest frequency modes to investigate the relation
between the residue fluctuations and the hot spots.The top 20
highest frequency modes by GNM were used as an original
feature set inputted into Gaussian Naive Bayes (GNB), as a
representative of learning methods, to identify hot spots. The
main purpose of this study is to examine whether the raw fast
modes can be directly used to differentiate hot spots or non-
hot spots andwhether the utilization of learningmethods can
improve the identification quality of hot spots for unbound
protein structures.

2. Material and Methods

2.1. Dataset. We used the dataset that was collected by Ozbek
et al. [12].This set was filtered with PISCES culling server [38]
at the sequence identity of 25% and was originally composed
of 33 unbound protein structures. We had to remove one
protein with ID 1lrp from the dataset since its structure
cannot be currently found in Protein Data Bank (PDB)
[39]. Therefore, the final dataset had 32 unbound protein
structures with a total of 4270 residues of which 171 are hot
spot residues. The dataset including the detailed information
about hot spot residues can be derived fromOzbek et al. [12].

2.2. Gaussian Network Model and Its Applications to Iden-
tification of the Hot Spots. GNM describes each protein as
an elastic network, where the springs connecting the nodes
represent the bonded and nonbonded interactions between
the pairs of residues located within a cutoff distance 𝑅𝐶 [8, 9].
Assuming that the springs are harmonic and the residue
fluctuations are isotropic andGaussian, the network potential
of𝑁 nodes (residues) in a protein structure is

𝑉GNM = 𝛾
2
𝑁

∑
𝑖,𝑗

Γ𝑖𝑗 (R𝑖𝑗 − R0𝑖𝑗)2 , (1)

where R𝑖𝑗 and R0𝑖𝑗 are instantaneous and original distance
vectors between residues 𝑖 and 𝑗, respectively, 𝛾 is the force

constant assumed to be uniform for all network springs, and
Γ = (Γ𝑖𝑗) is the Kirchhoff connectivity matrix defined as

Γ𝑖𝑗 =
{{{{{
{{{{{{

−1, if 𝑖 ̸= 𝑗 and 𝑅0𝑖𝑗 ≤ 𝑅𝐶
0, if 𝑖 ̸= 𝑗 and 𝑅0𝑖𝑗 ≥ 𝑅𝐶
− ∑
𝑗:𝑗 ̸=𝑖

Γ𝑖𝑗, if 𝑖 = 𝑗,
(2)

where 𝑅0𝑖𝑗 is the distance between residues 𝑖 and 𝑗 and 𝑅𝐶 is
given as a cutoff.Then, the mean correlation between residue
fluctuations is calculated as

⟨ΔR𝑖 ⋅ ΔR𝑗⟩ = (3𝑘𝐵𝑇
𝛾 ) [Γ−1]

𝑖𝑗

= (3𝑘𝐵𝑇
𝛾 ) [UΛ−1U𝑇]

𝑖𝑗
,

(3)

where U is the orthogonal matrix of eigenvectors (u𝑖), Λ is
the diagonal matrix of eigenvalues (𝜆𝑖), 𝑘𝐵 is the Boltzmann
constant, and 𝑇 is the absolute temperature.

To identify hot spot residues, Ozbek et al. [12] used
the mean square distance fluctuations (MSDF), ⟨ΔR2𝑖𝑗⟩, of
residues 𝑖 and 𝑗 given as

⟨ΔR2𝑖𝑗⟩ = ⟨(ΔR𝑖 − ΔR𝑗)2⟩
= ⟨ΔR2𝑖 ⟩ + ⟨ΔR2𝑗⟩ − 2 ⟨ΔR𝑖 ⋅ ΔR𝑗⟩ ,

(4)

which were calculated using high frequency modes of GNM
based on a cutoff of 6.5 Å. The residues with relatively high
MSDF value were considered functionally probable; seemore
details in Ozbek et al. [12].

In addition, both Haliloglu et al. [13] and Demirel et al.
[14] similarly defined mean square fluctuation (or vibration)
(MSF) of residues in the weighted average of several high
frequency modes based on a cutoff of 7.0 Å, to identify the
hot spot residues. The MSF of residue 𝑖 weighed by a subset
of modes 𝑘1 ≤ 𝑘 ≤ 𝑘2 is given as

⟨ΔR2𝑖 ⟩𝑘
1
−𝑘
2

= (3𝑘𝐵𝑇/𝛾)∑𝑘2
𝑘=𝑘
1

𝜆−1𝑘 [𝑢𝑘]2𝑖
∑𝑘2
𝑘=𝑘
1

𝜆−1
𝑘

. (5)

Then, one residue was predicted as a hot spot if the nor-
malized MSF of the residue (i.e., the measure expressed in
(5) divided by 3𝑘𝐵𝑇/𝛾) is larger than a given threshold. The
main difference between the work by Haliloglu et al. [13] and
that by Demirel et al. [14] is the different thresholds adopted.
Haliloglu et al. [13] used a constant threshold of 0.005 while it
was 6𝑁−1 given by Demirel et al. [14] where𝑁 is the number
of residues in a protein sequence.

2.3. Gaussian Naive Bayes. A Naive Bayes (NB) classifier
calculates the probability of a given instance (example)
belonging to a certain class [40]. Given an instance 𝑋
described by its feature vector (𝑥1, . . . , 𝑥𝑛) and a class target
𝑦, the conditional probability 𝑃(𝑦 | 𝑋) can be expressed as
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a product of simpler probabilities using the Naive indepen-
dence assumption according to Bayes’ theorem:

𝑃 (𝑦 | 𝑋) = 𝑃 (𝑦) 𝑃 (𝑋 | 𝑦)
𝑃 (𝑋) = 𝑃 (𝑦)∏𝑛𝑖=1𝑃 (𝑥𝑖 | 𝑦)

𝑃 (𝑋) . (6)

Here, the target 𝑦 may have two values where 𝑦 = 1
means a hot spot residue and 𝑦 = 0 represents non-hot spot
residue. 𝑋 for one residue (one instance) is a feature vector
with the same size for describing its characteristic using high
frequencymodes generated byGNM. For example,𝑋 is equal
to a vector composed of 𝑖th component u𝑘𝑖 for 𝑖th residue
in a sequence when only one high frequency mode u𝑘 is
used. If three high frequency modes, denoted by u1, u2, and
u3, are taken into account, the vector 𝑋 will be (u1𝑖, u2𝑖, u3𝑖)
for residue 𝑖 in a protein sequence. Moreover, if a window
size of 3 with respect to the residue 𝑖 is adopted, 𝑋 becomes
(u1𝑖−1, u1𝑖, u1𝑖+1, u2𝑖−1, u2𝑖, u2𝑖+1, u3𝑖−1, u3𝑖, u3𝑖+1).

Since 𝑃(𝑋) is constant for a given instance, the follow-
ing rule is adopted to classify the instance whose class is
unknown:

�̂� = argmax
𝑦

𝑃 (𝑦)
𝑛

∏
𝑖=1

𝑃 (𝑥𝑖 | 𝑦) , (7)

where “arg”means a value of 𝑦 so that the above expression is
maximized; that is, if 𝑃(𝑦 = 1)∏𝑖𝑃(𝑥𝑖 | 𝑦 = 1) is larger than
𝑃(𝑦 = 0)∏𝑖𝑃(𝑥𝑖 | 𝑦 = 0), �̂� = 1; otherwise, �̂� = 0.

Moreover, when the likelihood of the features (i.e., 𝑃(𝑥𝑖 |𝑦)) is assumed to be Gaussian, a NB classifier is called
Gaussian Naive Bayes (GNB). Due to its simplicity and being
computationally fast compared to other more sophisticated
methods, GNB has been widely applied to prediction prob-
lems in bioinformatics [41, 42]. In this study, GNBwasmainly
used to train the models by inputting the highest frequency
modes to identify hot spot residues.

2.4. Performance Evaluation. In a classification task, the
following quality indices, including sensitivity (also known
as recall), specificity, precision, and the overall accuracy, were
generally used to assess prediction performance:

Sensitivity: sen = TP
TP + FN

,

Specificity: spe = TN
TN + FP

,

Precision: pre = TP
TP + FP

,

Accuracy: acc = TP + TN
TP + TN + FP + FN

,

(8)

where true positives (TP) and true negatives (TN) corre-
spond to correctly predicted hot spot residues and non-hot
spot residues, respectively, false positives (FP) denote non-
hot spot residues predicted as hot spot residues, and false
negatives (FN) denote hot spot residues predicted as non-hot
spot residues.

Obviously, the dataset used in this study is extremely
unbalanced with a very high proportion of non-hot spot

residues. For this reason, the accuracy value is not a good
choice to evaluate the overall performance of results. When
a dataset includes 95% negative samples but 5% positive
samples, a classifier may identify all of them as negative,
resulting in 95% overall accuracy and 100% specificity.This is
really shown as excellent performance, but it fails to identify
the positive samples that we actually need pay close attention
to. Moreover, two indices, sensitivity and precision, can both
measure the classification correctness for positive samples. It
is strongly expected that these two indices can synchronously
reach high values, but there exists a trade-off between them in
general.Therefore, we used𝐹1measure to evaluate the overall
prediction performance:

𝐹1 measure: 𝐹1 = 2 × sen × pre
sen + pre

, (9)

which can balance the sensitivity and the precision in case
of the unbalanced dataset. The formula of the 𝐹1 measure
can be changed to be 𝐹1 = 2/((1/sen) + (1/pre)) when both
sen and pre are exactly larger than zero. Thus, 𝐹1 measure
can be viewed as an increasing function of sen and pre. The
minimum of 𝐹1 is 0 when sen = 0 or pre = 0, and the
maximum of 𝐹1 is 1 when sen = 1 and pre = 1.

2.5. Identification of Hot Spots Using GNM and GNB. The
experimental performance on identification of hot spot
residues is tested using 𝑛-fold cross validation (𝑛CV) on the
dataset composed of 32 unbound protein structures. In the
𝑛CV procedure, chains are randomly divided into 𝑛 subsets
with the same numbers of sequences, and the test is repeated
𝑛 times. In each time, the 𝑛 − 1 subsets are used to build the
model, and the remaining one subset is then tested by the
prediction model.

In the present study, we performed tenfold cross val-
idation (10CV) based on Gaussian Naive Bayes using the
highest modes as features from GNM outputs in different
ways.Then, wemainly implemented two schemes concerning
feature coding for investigating the relations between the
highest modes and the hot spot residues. Firstly, a classifier
was modeled by directly using single one of the top 20 high
frequency modes (i.e., the eigenvectors (u𝑖) that correspond
to the top 20 largest eigenvalues (𝜆𝑖)). Meanwhile, a sliding
window of the central residue with sizes ranging from 1 to
21 was utilized to examine the impact of the neighboring
residues’ fluctuations, and the computation of GNM was
carried out by usage ofmultiple distance cutoffs ranging from
6.0 to 8.0 with a step size of 0.1. Secondly, we combined top
𝑚 modes with the highest frequency (𝑚 = 1, 2, 3, . . . , 20)
and utilized similar scheme for the distance cutoff of GNM
computation and the sliding window of the central residue to
establish the models for identifying hot spot residues.

3. Results and Discussion

3.1. Identification of Hot Spot Residues Using Single One of
the Highest Modes. In this work, the overall performance
was evaluated by the 𝐹1 measure in (9), which is able to
balance the sensitivity and the precision. Table 1 lists twenty
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Table 1: List of top 20 𝐹1 measures based on tenfold cross validations of Gaussian Naive Bayes when using single 𝑖th highest mode (𝑖 =
1, 2, . . . , 20) inputted into the feature vector, where cutoffmeans the distance threshold for GNM computation that varies from 6.0 to 8.0 with
step size of 0.1 and sw represents the size of the sliding window for the central residue that ranges from 1 to 21 with step size of 2.

Top Cutoff i sw sen spe pre acc 𝐹1measure
1 7.3 8 3 0.1930 0.9436 0.1250 0.9136 0.1517
2 7.1 8 9 0.2515 0.9095 0.1039 0.8831 0.1470
3 7.1 8 7 0.2456 0.9119 0.1042 0.8852 0.1463
4 7.1 8 5 0.2164 0.9263 0.1091 0.8979 0.1451
5 7.1 8 3 0.1696 0.9473 0.1184 0.9162 0.1394
6 7.3 8 5 0.1871 0.9354 0.1077 0.9054 0.1368
7 8.0 3 5 0.1930 0.9310 0.1044 0.9014 0.1355
8 7.3 8 7 0.2164 0.9163 0.0974 0.8883 0.1343
9 7.1 8 13 0.2281 0.9090 0.0947 0.8817 0.1338
10 7.1 8 11 0.2281 0.9071 0.0929 0.8799 0.1320
11 7.0 19 17 0.2456 0.8963 0.0899 0.8703 0.1317
12 6.7 13 3 0.1345 0.9619 0.1285 0.9288 0.1314
13 7.8 3 3 0.1520 0.9507 0.1140 0.9187 0.1303
14 7.0 14 21 0.2339 0.901 0.0897 0.8742 0.1297
15 7.0 19 19 0.2456 0.8934 0.0877 0.8674 0.1292
16 7.1 8 15 0.2281 0.9039 0.0901 0.8768 0.1291
17 7.0 4 7 0.2281 0.9022 0.0886 0.8752 0.1277
18 6.6 6 3 0.1520 0.9480 0.1088 0.9162 0.1268
19 6.9 15 21 0.2222 0.9046 0.0886 0.8773 0.1267
20 7.2 14 13 0.2456 0.8897 0.0850 0.8639 0.1263

computational outcomes of the prediction performance that
are ordered by 𝐹1 measure, where the feature vector for a
GNB classifierwas extracted from single onemode, that is, 𝑖th
highest mode (𝑖 = 1, 2, . . . , 20), the distance cutoff in GNM
varied from 6.0 to 8.0 with the step size of 0.1, and the sliding
window for one mode ranged from 1 to 21 with a step size of
2. As shown in Table 1, the highest performance was achieved
by 𝐹1 measure of 0.1517 when the distance cutoff is 7.1 Å and
the size of the sliding window is 3 in case of the 8th highest
mode.

Moreover, top six 𝐹1 measures shown in Table 1 were
from the same 8th highest mode, indicating that the best
performance achieved may not belong to the first or second
highest frequency mode. Even the 19th and the 13th highest
modes can also result in relatively high 𝐹1 measures. From
the aspect of cutoff, it has been shown that majority of the
cutoff values shown in Table 1 are in or close to the [7.0, 7.3]
interval.

Given the cutoff of 7.3 Å in GNM, we plotted sensitivity,
precision, and 𝐹1 measure for all of the top 20 high modes;
see Figure 1. Three cases with sizes of the sliding windows
equal to 1, 3, and 5 were examined. It is apparent that the 𝐹1
measures and the sensitivity values for the majority of the 20
modes can be improved when the size of the sliding window
is from 1 to 3.However, there is no sufficient evidence to prove
that larger size of the sliding window can further increase the
𝐹1measure. On the other hand, themajority of the sensitivity
values were improved when the window size was increased
from 3 to 5, but no consistent trend can be found for precision
values in three cases of the window sizes.

3.2. Identification of Hot Spot Residues by Combining the
HighestModes. Furthermore, top𝑚modes (𝑚 = 1, 2, . . . , 20)
with the highest frequency were combined to establish the
GNB classifier and to investigate whether the prediction
performance can be improved. For example, when𝑚 is taken
to be 10, top ten high modes (i.e., hm1, hm2, . . . , hm10)
are together inputted into the feature vector of a GNB
classifier.Meanwhile, the classification experiments were also
performed on various cases in which the distance cutoff is
from 6.0 to 8.0 with the step size of 0.1 and the size of the
sliding window (sw) ranges from 1 to 21 with the step size
of 2. Table 2 lists twenty outcomes of these computational
experiments ordered by 𝐹1 measure. Among these results,
the size of the sliding window is almost 1 except the case of
the 10th highest 𝐹1 measure in which 9 high modes and the
window size of 3 were used, suggesting that the fluctuation
of the central residue may be sufficient to identify hot spot
residues by a combination of multiple high frequency modes.
Moreover, as shown in Table 2, the distance cutoff often
belongs to the [7.1, 7.5] interval, and it seems that a larger 𝑚
value tends to result in higher sensitivity. For instance, the
sensitivity value obtained by a combination of the top 10 high
modes with cutoff of 7.4 Å (i.e., the case of top 1 𝐹1 measure)
is 0.2924, while the sensitivity values in the cases of top 4, 6,
and 7 𝐹1 measures, which are achieved by the usage of the
top 20, 19, and 20 high modes, respectively, are all larger than
0.41.

In Figure 2, we plotted the sensitivity, the precision, and
the 𝐹1 measure against 𝑚 modes with the highest frequency
that were combined as features for five cases denoted by
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Table 2: List of the top 20 𝐹1 measures based on tenfold cross validations of Gaussian Naive Bayes when using 𝑚 modes with the highest
frequency inputted into the feature vector, where 𝑚 = {1, 2, . . . , 20}, the distance cutoff in GNM varies from 6.0 to 8.0 with step size of 0.1,
and the sliding window size (sw) for multiple high modes ranges from 1 to 21 with step size of 2.

Top Cutoff 𝑚 sw sen spe pre acc 𝐹1measure
1 7.4 10 1 0.2924 0.8992 0.1080 0.8749 0.1577
2 7.4 11 1 0.3041 0.8873 0.1012 0.8639 0.1518
3 7.4 13 1 0.3275 0.8736 0.0976 0.8518 0.1503
4 7.2 20 1 0.4269 0.8207 0.0903 0.8049 0.1491
5 7.4 12 1 0.3099 0.8809 0.0980 0.8581 0.1489
6 7.2 19 1 0.4152 0.8239 0.0895 0.8075 0.1473
7 7.3 20 1 0.4152 0.8229 0.0891 0.8066 0.1467
8 7.1 11 1 0.2924 0.8870 0.0975 0.8632 0.1462
9 7.5 15 1 0.3450 0.8592 0.0928 0.8386 0.1462
10 7.1 9 3 0.3977 0.8312 0.0895 0.8138 0.1461
11 7.3 10 1 0.2690 0.8992 0.1002 0.8740 0.1460
12 7.4 15 1 0.3450 0.8585 0.0923 0.8379 0.1457
13 7.1 13 1 0.3158 0.8727 0.0937 0.8504 0.1446
14 7.5 14 1 0.3275 0.8663 0.0927 0.8447 0.1445
15 7.5 16 1 0.3509 0.8529 0.0905 0.8328 0.1439
16 7.4 14 1 0.3275 0.8653 0.0921 0.8438 0.1438
17 7.6 15 1 0.3333 0.8622 0.0916 0.8410 0.1438
18 7.5 10 1 0.2632 0.9000 0.0989 0.8745 0.1438
19 7.3 9 1 0.2456 0.9090 0.1012 0.8824 0.1433
20 7.1 14 1 0.3275 0.8641 0.0914 0.8426 0.1429

hm
1

hm
2

hm
3

hm
4

hm
5

hm
6

hm
7

hm
8

hm
9

hm
1
0

hm
1
1

hm
1
2

hm
1
3

hm
1
4

hm
1
5

hm
1
6

hm
1
7

hm
1
8

hm
1
9

hm
2
0

0.00

0.05

0.10

0.15

0.20

0.25

Se
ns

iti
vi

ty

sw = 1
sw = 3
sw = 5

(a)

hm
1

hm
2

hm
3

hm
4

hm
5

hm
6

hm
7

hm
8

hm
9

hm
1
0

hm
1
1

hm
1
2

hm
1
3

hm
1
4

hm
1
5

hm
1
6

hm
1
7

hm
1
8

hm
1
9

hm
2
0

0.00

0.05

0.10

0.15

0.20

Pr
ec

isi
on

sw = 1
sw = 3
sw = 5

(b)

hm
1

hm
2

hm
3

hm
4

hm
5

hm
6

hm
7

hm
8

hm
9

hm
1
0

hm
1
1

hm
1
2

hm
1
3

hm
1
4

hm
1
5

hm
1
6

hm
1
7

hm
1
8

hm
1
9

hm
2
0

0.00

0.05

0.10

0.15

0.20

sw = 1
sw = 3
sw = 5

F
1

m
ea

su
re

(c)

Figure 1: Plots of sensitivity (a), precision (b), and 𝐹1 values by the single 𝑖th highest mode (𝑖 = 1, 2, . . . , 20) in three cases of the sliding
window sizes (sw) (i.e., sw = 1, 3, 5) for GNB classifiers. The 𝑖th highest mode in the figure is denoted as hmi.



6 BioMed Research International

2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 201

Number of the top highest modes

0.0

0.1

0.2

0.3

0.4

0.5

Sensitivity
Precision
F1 measure

(a) Cutoff = 7.1

2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 201

Number of the top highest modes

0.0

0.1

0.2

0.3

0.4

0.5

Sensitivity
Precision
F1 measure

(b) Cutoff = 7.2

2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 201

Number of the top highest modes

0.0

0.1

0.2

0.3

0.4

0.5

Sensitivity
Precision
F1 measure

(c) Cutoff = 7.3

2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 201

Number of the top highest modes

0.0

0.1

0.2

0.3

0.4

0.5

Sensitivity
Precision
F1 measure

(d) Cutoff = 7.4
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Figure 2: Plots of sensitivity, precision, and𝐹1 values against𝑚modes with the highest frequency in five cases denoted by the distance cutoffs
of 7.1 Å (a), 7.2 Å (b), 7.3 Å (c), 7.4 Å (d), and 7.5 Å (e), respectively, for GNB classifiers.

the distance cutoffs of 7.1 Å, 7.2 Å, 7.3 Å, 7.4 Å, and 7.5 Å,
respectively, where the sizes of the sliding window for all
cases are 1. It can be seen from the figure that these three
indices are consistently improved with the number of top
highmodes used up to 10. Especially for the case of sensitivity,
its value is an increasing function of the number of modes
with the highest frequency. It can be concluded that inclusion
of more high frequency modes can improve the sensitivity,
but the precision values become slightly decreased by adding
more high frequencymodes when the number of highmodes
combined is larger than 10. In the meantime, the 𝐹1measure
tends to be no longer enhanced.

3.3. Performance Comparison with Existing Methods. In the
present work, we directly inputted the high frequency modes
to a GNB classifier for predicting hot spots when compared
with the existing methods proposed by Ozbek et al. [12],
Haliloglu et al. [13], and Demirel et al. [14]. Ozbek et al.
[12] utilized the mean square distance fluctuations of residue

pairs, which were computed at most based on five top high
frequency modes, to identify hot spot residues. It may be not
appropriate to directly compare our work with the results
obtained by Ozbek et al. [12], since the datasets used and
the test procedures are both slightly different. However, we
reported here again part of outcomes from Table 1 in Ozbek
et al. [12] for a comparison. The 𝐹1measures were calculated
on the reported sensitivity and precision values, as shown
in Table 3. In addition, no results concerning the prediction
quality of hot spot residues based on a nonredundant dataset
were reported in Haliloglu et al. [13] and Demirel et al. [14],
where only MSF profiles for a couple of protein cases were
depicted and shown as figures. The usage of the number of
high frequencymodes is not consistent that three, four, or five
fast modesmay be adopted for different cases. Due to the lack
of details and web servers, we here simulated their methods
on the dataset in this work by computing the normalizedMSF
values weighted by one up to five high frequencymodes using
a cutoff of 7 Å for GNM. A constant 0.005 and a varied value
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Table 3: Performance comparison of the proposedmodelswith thework byOzbek et al. [12] and the simulatedmethods proposed byHaliloglu
et al. [13] and Demirel et al. [14], where hm1–𝑖means that a total of 𝑖 high frequency modes (hm1, hm2, . . . , hm𝑖) are used together.

Reference GNMmodes Cutoff sw sen spe pre acc 𝐹1

Ozbek et al. [12]

hm1 0.14 0.89 0.05 0.86 0.0737
hm2 0.16 0.80 0.05 0.85 0.0762
hm3 6.5 Å 1 0.24 0.88 0.07 0.85 0.1084
hm1–3 0.25 0.86 0.07 0.83 0.1094
hm1–5 0.29 0.84 0.07 0.81 0.1128

Haliloglu et al. [13] (simulated)

hm1 0.1988 0.9019 0.0780 0.8738 0.1120
hm1-2 0.2690 0.8819 0.0868 0.8574 0.1312
hm1–3 7.0 Å 1 0.3041 0.8580 0.0820 0.8358 0.1292
hm1–4 0.3275 0.8429 0.0800 0.8222 0.1286
hm1–5 0.3450 0.8339 0.0797 0.8143 0.1295

Demirel et al. [14] (simulated)

hm1 0.0468 0.9773 0.0792 0.9400 0.0588
hm1-2 0.0526 0.9697 0.0677 0.9330 0.0592
hm1–3 7.0 Å 1 0.0409 0.9615 0.0424 0.9246 0.0417
hm1–4 0.0819 0.9573 0.0741 0.9222 0.0778
hm1–5 0.0936 0.9532 0.0769 0.9187 0.0844

This work

hm8 7.3 Å 3 0.1930 0.9436 0.1250 0.9136 0.1517
hm8 7.1 Å 9 0.2515 0.9095 0.1039 0.8831 0.1470

hm1–10 7.4 Å 1 0.2924 0.8992 0.1080 0.8749 0.1577
hm1–11 7.4 Å 1 0.3041 0.8873 0.1012 0.8639 0.1518
hm1–13 7.4 Å 1 0.3275 0.8736 0.0976 0.8518 0.1503
hm1–20 7.2 Å 1 0.4269 0.8207 0.0903 0.8049 0.1491

6𝑁−1 with respect to the sequence length 𝑁 were used to
identify hot spot residues for the simulations of the methods
by Haliloglu et al. [13] and Demirel et al. [14], respectively.
The quality indices including sensitivity, specificity, precision,
accuracy, and 𝐹1 measure for these simulations were then
reported in Table 3. We also listed part of the best outcomes
from this study in Table 3, two using single high mode and
four by a combination of multiple high modes, which have
been shown in Tables 1 and 2.

On the whole, if evaluated by 𝐹1 measure or precision,
all of the cases in Table 3 by this work outperformed the
results by Ozbek et al. [12] and by the simulated methods
of Haliloglu et al. [13] and Demirel et al. [14]. This suggests
that the direct usage of the high frequency modes is efficient
to identify hot spot residues. Besides, the improvement on
𝐹1 measure by combining multiple high frequency modes
seems to be very slight when compared with the methods
only using single high mode, while the sensitivity values in
general tend to be improved a lot. This is in good agreement
with the work by Ozbek et al. [12] and the simulation results
of Haliloglu et al. [13] and Demirel et al. [14] as outlined in
Table 3. Additionally, the specificity and accuracy values of
the simulated method for Demirel et al. [14] are higher than
those of other methods, but on the contrary the values of
sensitivity, precision, and 𝐹1 measure are in general lower.
The reason causing worse quality on 𝐹1measure achieved by
the simulation ofDemirel et al. [14] is due to a larger threshold
used when compared with the simulatedmethod of Haliloglu
et al. [13].

In addition, we also performed computational experi-
ments using several common classifiers, including logistic
regression, decision tree, 𝑘-nearest neighbor, and support
vector machine with default parameters, instead of GNB,
where all of themachine learningmethodswere implemented
in scikit-learn [43]. As a consequence, the results (data not
shown in this paper) showed that GNB exhibited better
performance than other classifiers. This is the reason why we
finally adopted GNB as the base classifier for identification of
the hot spot residues.

4. Conclusion

In this study, we followed previous work [12–14] focusing on
the identifications of hot spots by using GNM but directly
used the high frequency modes and further performed GNB
classifier.The proposedmethods outperformed the outcomes
reported in Ozbek et al. [12] and the simulated results of
Haliloglu et al. [13] and Demirel et al. [14] based on 𝐹1
measure to evaluate the overall performance. The results by
this work suggested that the high frequency modes can be
directly used to identify hot spot residues with reasonable
performance. In case of the scheme using only single high
frequency mode, the largest 𝐹1 measure may not be neces-
sarily achieved by one of the top five high frequency modes.
In our study, it was surprisingly gained by the 8th highest
mode with the distance cutoff of 7.3 and the window size
of 3. We further included more modes from total number
of 20 high frequency modes when compared with the work
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by Ozbek et al. [12] in which at most five frequency modes
are used. Of particular interest is the fact that inclusion of
more high frequency modes can significantly improve the
sensitivity value, but not the 𝐹1 measure and the precision
in general.

The dataset used in this work is obviously unbalanced.
There is a trade-off between the sensitivity and the precision.
It is not easy for researchers to find a perfect way to determine
the proper performance index to evaluate experimental
results.Therefore, we finally reportedmultiple results as listed
in Tables 1, 2, and 3, which were considered for choices
associated with different purposes in practice. Overall, the
present study provided additional valuable insight into the
relation between hot spots and residue fluctuations.
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Overexpression of coactivator associated arginine methyltransferase 1 (CARM1), a protein arginine N-methyltransferase (PRMT)
family enzyme, is associated with various diseases including cancers. Consequently, the development of small-molecule inhibitors
targeting PRMTs has significant value for both research and therapeutic purposes. In this study, together with structure-based
virtual screening with biochemical assays, two compounds DC C11 and DC C66 were identified as novel inhibitors of CARM1.
Cellular studies revealed that the two inhibitors are cell membrane permeable and effectively blocked proliferation of cancer cells
including HELA, K562, andMCF7.We further predicted the binding mode of these inhibitors throughmolecular docking analysis,
which indicated that the inhibitors competitively occupied the binding site of the substrate and destroyed the protein-protein
interactions between CARM1 and its substrates. Overall, this study has shed light on the development of small-molecule CARM1
inhibitors with novel scaffolds.

1. Introduction

Argininemethylation is an important posttranslational mod-
ification catalyzed by protein arginine N-methyltransferases
(PRMTs) [1, 2]. During PRMT catalysis, the methyl group of
S-adenosyl-L-methionine (AdoMet, SAM) is transferred to
the guanidino group of the target arginine, resulting inmono-
or dimethylated arginine residues along with S-adenosyl-
L-homocysteine (AdoHcy, SAH) as a coproduct [3]. There
are nine PRMTs identified so far, which can be classified
into three categories: type I (PRMT1, 2, 3, 4, 6, and 8),
type II (PRMT5 and 9) and type III (PRM7) [4]. Type I
PRMTs catalyze mono- and asymmetric dimethylation of
arginine residues, whereas type II PRMTs catalyzemono- and
symmetric dimethylation of arginine residues [5]. PRMT7 is
the only known type III PRMT, which catalyzes monomethy-
lation of arginine [6].

PRMT4, also known as CARM1 (coactivator associated
arginine methyltransferase 1) methylates a wide variety of
histone and nonhistone substrates including H3R17, H3R26
[7], SRC-3 [8], CBP/p300 [9], NCOA2 [10], PABP1 [11],
and SmB [12]. Consequently, CARM1 participates in many
cellular processes by impacting chromatin architecture and
transcriptional initiation [9, 13], RNAprocessing and stability
[14], and RNA splicing [12]. Overexpression of CARM1 has
been observed in multiple cancer types including myelocytic
leukemia [15] and breast [10], prostate [16], lung [17], and
colorectal carcinomas [18], making it a potential target for
anticancer therapy.

Due to essential roles of CARM1 in the regulation of cellu-
lar functions as well as tumorigenesis, discovery of CARM1
inhibitors has recently attracted much attention. To date, a
number of CARM1 inhibitors have been reported [19–27]
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(see Figure S1 in Supplementary Material available online
at http://dx.doi.org/10.1155/2016/7086390). According to the
chemical structures, these inhibitors can be divided into
several categories: (i) 3,5-bis(bromohydroxybenzylidene)
piperidin-4-one inhibitors (compounds 1-2 in Figure S1),
(ii) pyrazole inhibitors (compounds 3–10 in Figure S1), (iii)
benzo[d]imidazole inhibitors (compounds 11–13 in Figure
S1), and (iv) other inhibitors (compounds 14-15 in Figure S1)
[28]. However, the majority of these inhibitors are lacking
selectivity and drug-likeness; thus turning these inhibitors
into therapeutically useful compounds is challenging. There-
fore, it is still of significant interest to discover selective
inhibitors targeting CARM1 with good pharmacological
properties.

Virtual screening is an important approach for lead-
compound discovery and has been successfully used in
multiple projects [29, 30]. Recently, several crystal structures
of CARM1 were determined, providing a prerequisite for
structure-based virtual screening [26, 31–33]. Herein, due to
the convenience and low cost of this approach, docking-based
virtual screening was utilized to identify novel inhibitors
of CARM1 from the Specs database (http://www.specs.net/).
The candidates selected by virtual screening were then
tested by biochemical experiments and eventually two novel
inhibitors of CARM1 were identified. Among them, the
more potent inhibitor DC C66 displayed selectivity against
PRMT1, PRMT6, and PRMT5. Molecular docking was con-
ducted to investigate the binding modes of these inhibitors
and molecular basis of selectivity for CARM1. Further-
more, cellular studies revealed that both inhibitors exhibited
antiproliferation activity in several CARM1-associated cancer
cell lines. Overall, this study has provided chemical probes in
exploring biological functions of CARM1 and information for
further optimization of potent inhibitors.

2. Materials and Methods

2.1. Virtual Screening Protocol

2.1.1. Protein Preparation. The crystal structure of CARM1
in complex with indole inhibitor (PDB code 2Y1W) was
used as a target for subsequent virtual screening [26]. The
water molecules and ions were initially removed.The protein
status was optimized through the Protein PreparationWizard
Workflow provided in the Maestro [34], with a pH value of
7.0 ± 2.0. Other parameters were set as the default. Residues
within a distance of 6 Å around indole inhibitor were defined
as binding pocket.

2.1.2. Ligand Database Preparation. The Specs database
(http://www.specs.net/), containing ∼287,000 compounds,
was utilized for the virtual screening. To refine the database,
we filtered it by Lipinski’s rule of five [35] and removed
pan-assay interference compounds (PAINS) [36–38] with
Pipeline Pilot, version 7.5 (Accelrys Inc., San Diego, CA,
USA) [39], yielding a database of around 180,000 small-
molecule compounds.The remaining molecules were treated

by LigPrep [40] to generate all stereo isomers and different
protonation states with Epik.

2.1.3. Virtual Screening Protocol. The virtual screening proto-
col is shown in Figure 1. Firstly, the energy scoring function
of DOCK4.0 was used to dock the compound library into
the defined binding site. The top-ranked 10500 candidates
selected by DOCK4.0 were further evaluated and ranked
by the AutoDock4.0 program, leading to a list of 1500
compounds.The programGlide 5.5 [41] in XPmode [42] was
run to calculate the free binding energy between these 1500
compounds and CARM1 protein. In order to ensure diversity
in the candidates, the top 300 compounds from Glide 5.5
were classified to 30 groups by SciTegic functional class
fingerprints (FCFP 4) in Pipeline Pilot, version 7.5 (Accelrys
Inc., San Diego, CA, USA) [39], and 1–3 compounds were
picked from each group. Finally, 57 compounds were selected
and purchased for biological evaluation.

2.2. Similarity-Based Analog Searching. According to the
results of the biological tests, we used the compound DC C11
to run a two-dimensional similarity search through the
prepared Specs database using Similarity Filter from File
in Pipeline Pilot, version 7.5 (Accelrys Inc., San Diego,
CA, USA). We purchased 10 compounds and tested their
biological activity towards CARM1.

2.3. In Vitro CARM1 Enzyme Inhibition and Selectivity Assay.
The enzymatic inhibitory activities of compounds were
measured by the AlphaLISA assay provided by Shanghai
ChemPartner Co., Ltd.The compounds selected from virtual
screening were transferred to the assay plate (white opaque
OptiPlate-384, PerkinElmer). 5 𝜇L of enzyme solution (final
concentration was 0.1 nM) or pH 8.0 tris-based assay buffer
(for Min well) was added to the assay plate and then cen-
trifuged at 1000 rpm for 1min. Afterwards, the assay plate was
incubated for 15min at room temperature (RT). Then 5𝜇L
of biotinylated H3 peptide/SAM mix (final concentrations
were 50 nM and 300 nM, resp.) was added to the assay plate,
which was covered with TopSeal-Afilm and incubated for 1 h
at RT after centrifuging at 1000 rpm for 1min (DMSO final
concentration 1%). Next, 5𝜇L of acceptor beads (final con-
centration was 10 𝜇g/mL) was added to stop the enzymatic
reaction. After incubating at room temperature for 60min,
10 𝜇L of donor beads was added (final concentration was
10 𝜇g/mL) in subdued light and then centrifuged at 1000 rpm
for 1min. Finally, the mixtures were incubated for 30min at
RT, and the signal was read in alpha mode using EnVision
readers. The IC

50
values were calculated by fit inhibition

rates under different concentrations into GraphPad Prism
5.0 software.

2.4. Cell Viability Assay. The three cell lines, HELA, K562,
and MCF7, were purchased from the American Type Culture
Collection (ATCC). HELA, K562, and MCF7 were cultured
in DMEM (Life Technologies) supplemented with 10% FBS.
All of the cell lines were seeded into 96-well plates at
an appropriate density and then treated with compounds

http://dx.doi.org/10.1155/2016/7086390
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Figure 1: Flowchart of virtual screening procedures for CARM1 inhibitors.

of different concentrations or DMSO control. After 24 hrs,
48 hrs, and 72 hrs, cell viabilities were measured by the MTT
assay.

2.5. Binding Energy Calculations. In order to investigate the
binding mode of DC C11 and DC C66, molecular docking
was performed using Glide 5.5 in XP mode. The gen-
erated conformations were then used for binding energy
calculations by Prime MM-GBSA (Molecular Mechan-
ics/Generalized Born Surface Area method) [43]. The bind-
ing energy was calculated as follows:

Δ𝐺 = 𝐸 complex (minimized)

− (𝐸 ligand (minimized) + 𝐸 receptor) .
(1)

In the calculations, the protein flexibility was set to 12 Å.

3. Results and Discussion

3.1. Structure-Based Virtual Screening. In this study, docking-
based virtual screening was performed to identify CARM1
inhibitors with novel scaffolds, and the flowchart is shown
in Figure 1. The crystal structure of CARM1 in complex
with indole inhibitor (PDB code 2Y1W) was used as a
target for the following in silico screening [26]. Residues
within a distance of 6 Å around indole inhibitor were
defined as binding pocket, which contains the binding site
of AdoMet and the arginine substrate. The Specs database
(http://www.specs.net/), containing ∼287,000 compounds,
was utilized for the virtual screening. To refine the database,
we filtered it by Lipinski’s rule of five and removed pan-
assay interference compounds (PAINS) [36–38]with Pipeline
Pilot, version 7.5 (Accelrys Inc., San Diego, CA, USA) [39],
yielding a database of around 180,000 small-molecule com-
pounds, which were subsequently docked and ranked with

http://www.specs.net/
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Table 1: Chemical structures and inhibitory activity (aIC
50
, 𝜇M) of selected compounds based on virtual screening against CARM1 and

several other PRMTs.

Compound ID Specs ID Compound structure IC50 (𝜇M)
CARM1 PRMT1 PRMT6

DC C66 AQ-405/42300312

O O

N+
1.8 21 47

DC C11 AQ-405/42300392

S

O

N+

15 36 41

aAll assays were conducted in duplicate.

different score functions. The top-ranked 10500 candidates
selected using energy scoring function of DOCK4.0 [44]
were subsequently evaluated and ranked by the AutoDock4.0
program [45], yielding a list of 1500 compounds. Then, the
program Glide 5.5 (XP mode) [42] was chosen to calculate
the free energy of binding between these 1500 compounds
and CARM1 protein. According to the docking scores, the
top-ranked 300 were clustered using Pipeline Pilot to ensure
the scaffold diversity in the primary hits. The clustered
molecules were cherry-picked by visual inspection based on
the following considerations. (1) At least one compound was
selected in each clustered group. (2) The binding modes
were reasonable and molecules not occupying the SAM or
substrate binding pocket were not chosen. (3) Among a
group of similarmolecules, compoundswith lowermolecular
weightwere preferred. Finally, 57 compoundswere purchased
for further biochemical validation.

3.2. Enzyme Inhibition and Selectivity Assay. All of the
selected 57 candidate molecules were tested for CARM1
inhibition to determine their biochemical activities. Here,
AlphaLISA assay, which is a powerful and versatile platform,
was performed to test the inhibitory activities of the com-
pounds.The enzyme solution and compounds or assay buffer
were transferred to assay plates, which was incubated at RT.
Then 5 𝜇L of biotinylated H3 peptide/SAM mix was added
and incubated for 1 h at RT. Afterwards, acceptor and donor
beads were added sequentially. The end point was read in
alpha mode using EnVision readers, and IC

50
values were

calculated in GraphPad Prism 5.0 software. Among these
candidates, only one compound DC C11 was found to be
active for CARM1 inhibition, which showed an IC

50
value

of 15𝜇M (Table 1). We used this core structure as a hit to
perform a two-dimensional similarity search through the

Specs database by Pipeline Pilot, version 7.5 (Accelrys Inc.,
San Diego, CA, USA) [39], leading to a compound DC C66
which displayed inhibitory better potency for CARM1 with
IC
50
values of 1.8 𝜇M.
To investigate the selectivity of the compounds, we tested

the inhibitory activities of compounds DC C11 and DC C66
against several selected members of type I PRMT family,
including PRMT1 and PRMT6 (Table 1). It was seen that
DC C66 showed relatively weaker activity against PRMT1
and PRMT6.Moreover, DC C66 also showed little inhibitory
activity of PRMT5, a member of type II PRMT, by <50%
inhibition rate at a concentration of 50𝜇M. Taken together,
these results indicated that DC C66 has a good selectivity for
CARM1 against other selected PRMTs.

3.3. Cell-BasedActivity. It has been reported that CARM1was
a potential target inmany cancers; thus it is well accepted that
inhibiting CARM1 could affect cancer cell proliferation. In
this study, three human tumor cell lines includingHELA (cer-
vical cancer), K562 (myeloid leukemia), and MCF7 (breast
cancer) were chosen to evaluate the cellular activity of the
two compounds DC C11 and DC C66 in vivo. Sinefungin,
a pan-PRMTs inhibitor which has the same scaffold as the
cofactor SAM does, was evaluated for control experiment
[46]. As shown in Figure 2, both DC C11 and DC C66 could
inhibit proliferation of cancer cells in a time-dependent and
dose-dependent manner while Sinefungin presented weaker
inhibitory activity in cellular level. In the three cell lines,
DC C66 presents better antiproliferative cellular activity,
which is consistent with their inhibitory activity in vitro.
Combined with the biological data in vitro, we confirmed
that compounds DC C11 and DC C66 are cell membrane
permeable, which presented promising activity both in vitro
and in cellular environment.
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Figure 2: Antiproliferative effect of DC C11 and DC C66 on several cancer cell lines. (a–c) Time-dependent and dose-dependent inhibitory
effect of DC C11 on HELA, K562, and MCF7 within 24 hrs, 48 hrs, and 72 hrs, respectively. (d–f) Time-dependent and dose-dependent
inhibitory effect of DC C66 on HELA, K562, and MCF7 within 24 hrs, 48 hrs, and 72 hrs, respectively. (g–i) Time-dependent and dose-
dependent inhibitory effect of Sinefungin on HELA, K562, and MCF7 within 24 hrs, 48 hrs, and 72 hrs, respectively.

3.4. Binding-Mode Analysis. To further understand the pos-
sible binding mode of DC C11 and DC C66 with CARM1,
molecular docking study was performed with Glide in
XP mode. As shown in Figure 3(a), both of DC C11 and
DC C66 fit into the negative-charged binding pocket of
substrate arginine in H3 peptide [33], implying that the
compounds inhibit the activity of CARM1 by destroying the

protein-protein interactions between CARM1 and substrate
peptide. The phenyl ring bulks of DC C11 and DC C66
establish hydrophobic interactions with Y150, F153, Y154,
N162, M163, and F475 in active site; the majority of these
residues participate in interactions between CARM1 and its
substrates (Figure 3) [33]. Besides, DC C66 forms hydrogen
bond with Y262 which probably accounts for its ability
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Figure 3: Predicted bindingmode of DC C11 and DC C66 with CARM1 from docking analysis. (a) Superimposition of the bindingmodes of
the two compounds and substrate H3 peptide (PDB ID: 5DX0). The structure of CARM1 is displayed in vacuum electrostatics. H3 peptide is
shown as gray sticks, DC C11 is shown asmagenta sticks, andDC C66 is displayed as green sticks. (b) A close view of the interactions between
DC C66 andCARM1 in the binding pocket; the key residues are shown as sticks. (c) Schematic diagram showing putative interactions between
CARM1 and DC C66. Residues involved in the hydrophobic interactions are shown as starbursts, and hydrogen-bonding interactions are
denoted by dotted green lines. (d) A close view of the interactions between DC C11 and CARM1 in the binding pocket; the key residues are
shown as sticks. (e) Schematic diagram showing putative interactions between CARM1 and DC C11.

Table 2: Binding energy for compounds DC C66 and DC C11.

Compound ID DC C66 DC C11
Binding energy (kcal/mol) −34.71 −26.72

to inhibit CARM1 activity (Figures 3(b) and 3(c)). Polar
interactions between the oxygen in the carbonyl group of
DC C11 and side chain of Q159 as well as N162 also occur
(Figures 3(d) and 3(e)).We further calculate binding energies
of two compounds using Prime MM-GBSA [47] (Table 2).
The results showed that DC C11 binds to the substrate
binding pocket with lower binding energy (−26.72 kcal/mol),
followed by DC C66 with a higher value (−34.71 kcal/mol).
The calculated binding energies are in accordance with that
of activity, rationalizing our experimental data of bioassays.

The sequence alignment and structural superposition
of CARM1, PRMT1, and PRMT6 reveal several differences
between these proteins (Figures S2 A-B), which may con-
tribute to selectivity of the CARM1 inhibitors. In the N-
terminal helix, which is disordered in the crystal structure of
rat PRMT1 and is essential for the enzymatic activity [48],
the corresponding residues of F153 in CARM1 are S39 in
PRMT1 and C50 in PRMT6 (Figures S2 A-B). Besides, F475
in C-terminal of CARM1 corresponds to R353 in PRMT1
and E374 in PRMT6. Since F153 and F475 are important
components of the hydrophobic pocket that accommodates
the phenyl ring bulk of DC C66 (Figure 3), substitutions of
the phenylalaninewith hydrophilic amino acidsmay decrease
the binding affinity of the CARM1 inhibitors (Figures S2 A-
B). These comparisons theoretically explain the selectivity of
DC C66 against CARM1 from the molecular basis.
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4. Conclusion

Posttranslationalmodifications of proteins have been increas-
ingly recognized as essential modulators to their function in
cells. In particular, arginine methylation, an important post-
translational modification, is catalyzed by PRMTs. CARM1,
a member of PRMTs, has been implicated in a variety of
cancers. Thus, the identification of selective inhibitors of
CARM1 as probes to investigate CARM1 cellular function
and its relevance in disease would be of significant interest
in the field of epigenetics. Here in our study, by combining
structure-based virtual screening and biochemical assays,
we have identified DC C11 and DC C66 as novel inhibitors
of CARM1, with IC

50
values of 15 and 1.8 𝜇M, respectively.

Notably, DC C66 displayed good selectivity against PRMT1,
PRMT6, and PRMT5.The binding-mode prediction revealed
that the two compounds can efficiently bind in the substrate
binding site of CARM1 and thus inhibit the enzymatic activ-
ity by destruction of protein-protein interactions between
CARM1 and its various substrates. Furthermore, the two
compounds showed good cell permeability and blocked
the proliferation of several cancer cells related to CARM1
overexpression. Overall, this study demonstrated an efficient
docking-based virtual screening procedure that can be used
to identify novel CARM1 inhibitors. These results paves the
way for further development of inhibitorswith novel scaffolds
and functional probes to target CARM1 on the cellular level
for both biological and therapeutic purposes.
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TAL effectors (TALEs) contain a modular DNA-binding domain that is composed of tandem repeats. In all naturally occurring
TALEs, the end of tandem repeats is invariantly a truncated half repeat. To investigate the potential role of the last half repeat
in TALEs, we performed comparative molecular dynamics simulations for the crystal structure of DNA-bound TALE AvrBs3
lacking the last half repeat and its modeled structure having the last half repeat. The structural stability analysis indicates that
the modeled system is more stable than the nonmodeled system. Based on the principle component analysis, it is found that the
AvrBs3 increases its structural compactness in the presence of the last half repeat. The comparison of DNA groove parameters of
the two systems implies that the last half repeat also causes the change of DNA major groove binding efficiency. The following
calculation of hydrogen bond reveals that, by stabilizing the phosphate binding with DNA at the C-terminus, the last half repeat
helps to adopt a compact conformation at the protein-DNA interface. It further mediates more contacts between TAL repeats and
DNA nucleotide bases. Finally, we suggest that the last half repeat is required for the high-efficient recognition of DNA by TALE.

1. Introduction

Transcriptional activator-like effectors (TALEs) are DNA-
binding proteins secreted by Xanthomonas bacteria [1]. In
TALEs, the DNA-binding domain is composed of a repeated
highly conserved 33∼35 (mostly 34) amino acids’ sequence
with the exception of the 12th and 13th amino acids. These
two residues, known as repeat-variable diresidues (RVDs),
are responsible for the specific nucleotide recognition [2, 3].
Both experimental [2] and computational [3] studies found
that there is a strong correlation between RVDs and target
DNA bases. For example, RVDs Asn/Ile (NI), His/Asp (HD),
and Asn/Gly (NG) recognize adenine (A), cytosine (C),
and thymine (T), respectively. This simple code allows the
design of specific TALE protein by selecting a combination
of repeats with appropriate RVDs [4, 5]. The modularity of
DNA-binding domain of TALEs has been widely used in
biotechnological applications [5, 6], such as genome editing
in plants, animals, and human cells, as well as to induce gene
expression.

To understand the modular nature of TALE-DNA bind-
ing, a series of studies focused on the structural basis
for TALE-DNA recognition. In 2010, a nuclear magnetic
resonance (NMR) structure of TALE protein PthAwas solved
by Murakami et al. [7]. The NMR analysis revealed that
there are two 𝛼 antiparallel helices in each repeat. In 2012,
researchers led by Shi and Yan crystallized two structures
of 11.5-repeat TALE dHax3 in the presence and the absence
of DNA at resolutions of 1.8 Å and 2.4 Å, respectively [8].
This study uncovered that amino acid 13 of RVD specifies the
identity of a DNA base while amino acid 12 of RVD stabilizes
the repeat structure. Separately, researchers led by Stoddard
determined the 3.0 Å structure of the naturally occurring
TALEPthXo1 bound toDNA [9].This structure contains over
20 repeats, showing examples of the six most common RVD
types. In 2013, Stella et al. reported the crystal structure of
TALE AvrBs3 in complex with its target DNA, with the last
half repeat being unresolved [10]. This study shows a new
interaction mode of the initial thymine T0 recognition by
TALE protein. Additionally, several studies investigated the
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Figure 1: Complex structure and domain organization of AvrBs3 bound to DNA. (a) The complex structure of AvrBs3-DNA. In the crystal
structure, AvrBs3 (yellow) contains a 17.5-repeat domain tomediate the DNA (red) binding.The unresolved last half repeat R17.5 wasmodeled
based on the last half repeat in the dHax3-DNA structure (PDB codes: 3V6T) and was colored in blue separately. (b) The 17.5-repeat domain
of AvrBs3 conferring DNA sequence. In each repeat, RVD residues are responsible for the specific nucleotide recognition of the DNA sense
strand.

specificities and efficiencies of TALE-DNA binding [11–13].
The above biochemical data is important for exploring the
TALE-DNA recognition mechanism.

Furthermore, theoretical studies also improved our
understanding of TALE-DNA interactions.Moscou and Bog-
danove used a computational method to decide the TALE
recognition code [3]. Bradley modeled the structure of TALE
in complex with DNA based on the Rosetta package and
successfully predicted the TALE-DNA interaction [14]. Grau
et al. developed a new software platform for predicting TAL
effector target sites based on a statistical model [15]. Several
molecular simulation studies were applied to investigate
the specificities of TALE-DNA binding and conformational
changes of TALE [16–19]. Nevertheless, some interesting
issues still need to be further probed. In all natural TALEs,
surprisingly, the last repeat of tandem repeats is always a
truncated half repeat [1]. The previous crystallographic data
[8] and our molecular simulation study [17] showed that the
last repeat of TALE protein dHax3 forms a stable interaction
with DNA. It suggests a necessity of the last half repeat
for biological functions. However, the last half repeat was
also considered to be dispensable for the function of gene
activation by both transient expression assays in Nicotiana
benthamiana and gene-specific targeting in the rice genome
[20]. In order to reduce the complexity and costs, the last half
repeat was suggested to be omitted in the design of TALE
nucleases [20]. Then, is there the necessity for the last half
repeat to occur in TALEs? If yes, how does the last half repeat
affect the TALE-DNA binding in detail? What is the differ-
ence of the protein-DNA interaction between the two DNA-
bound TALE proteins, lacking and having the last half repeat?

In order to answer the above questions, we selected
the crystal structure of TALE AvrBs3 (lacking the last half

repeat) to perform the comparative molecular dynamics
(MD) simulations.The two simulated systems, in the absence
and the presence of the last half repeat, were built. By
performing MD simulations, we compared the stabilities of
the two systems. Principal component analysis (PCA) was
applied to probe the functional dynamics in the two systems.
The groove deformation of TALE-bound DNA was analyzed
at the base pair level. To explain the conformational difference
between the two systems, we investigated the specific and
nonspecific interactions at the TALE-DNA interface. Finally,
we proposed the potential role of the last half repeat in the
specific recognition and binding of TALE-DNA.

2. Systems and Methods

2.1. The Structures of AvrBs3-DNA Complex Systems. The
crystal structure of the AvrBs3-DNA complex (PDB codes:
2YPF) was obtained from the Protein Data Bank [10]. In
the crystal structure, AvrBs3 (yellow) contains a 17.5-repeat
TALE domain to confer DNA sequence (red) specificity
(Figure 1(a)), with the last half repeat R17.5 being unresolved.
Then, repeat R17.5 (blue) was modeled based on the last
half repeat in the TALE dHax3-DNA structure (PDB codes:
3V6T) [8]. A total of 17.5 repeats form a superhelix and
bind with the sense strand along the DNA major groove. In
each repeat, the RVDs are responsible for recognizing one
specific nucleotide (Figure 1(b)). For convenience, the two
systems lacking and having repeat R17.5 were referred to as
the nonmodeled and the modeled systems, respectively.

2.2. Molecular Dynamics Simulation. Two independent sim-
ulation systems were prepared using VMD 1.9 [21]. In each
system, the complex structure was solvated in a periodic box
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filled with TIP3P water molecules. The minimum distance
is about 10 Å from the solute unit to the box wall. Each
of the two systems was neutralized by adding 49 sodium
ions (Na+) with VMD 1.9. Then, the two MD simulations
were performed with the NAMD 2.9 program [22] using the
CHARMM27 all-atom additive force field for nucleic acids
[23]. The SHAKE algorithm [24] was used to constrain all
bonds involving hydrogen atoms, and particle mesh Ewald
(PME) method [25] was applied to evaluate electrostatic
interactions. Meanwhile, Lennard-Jones potential was trun-
cated at a cut-off distance of 12 Å. Each simulation included
two stages. (i) The systems were minimized with 20000-step
energy minimization and then slowly were heated from 0
to 310K over 0.5 ns. To keep the stabilization of systems,
all backbone atoms of protein and DNA were restrained
with a harmonic constant of 0.1 kcal ⋅ mol−1 ⋅ Å−2. (ii) After
the positional constraints were removed, the productive MD
simulationswere run for 15 ns under constant pressure (1 atm)
and temperature (310 K) conditions. The pressure and tem-
perature were kept using the Langevin piston method [26].
The atomic coordinates were stored every 2.0 ps. Hence, 7500
snapshots in each system were collected for further analysis.

2.3. Principal Component Analysis. Principal component
analysis (PCA) is a standard method for obtaining a brief
picture of motions. This method exacts the highly correlated
fluctuations from the MD trajectories through dimension-
ality reduction. The definition of PCA is based on the
construction and diagonalization of the covariance matrix.
The element 𝐶𝑖𝑗 in the matrix is calculated according to [27]

𝐶𝑖𝑗 = ⟨(𝑥𝑖 − ⟨𝑥𝑖⟩) (𝑥𝑗 − ⟨𝑥𝑗⟩)⟩ , (1)

where 𝑥𝑖(𝑥𝑗) is the coordinate of the 𝑖th (𝑗th) atom of
the systems and ⟨⋅ ⋅ ⋅ ⟩ represents an ensemble average. The
eigenvectors of the matrix give the directions of the con-
certed motions. The eigenvalues indicate the magnitude of
the motions along the direction. The first few principal
components (PCs) usually contain the most important con-
formational changes of a biomolecular system [17, 28, 29]. In
this study, PCA was performed with Gromacs 4.5 package
[30] to detect the conformational difference between the two
systems.

2.4. Conformational Analysis of Nucleic Acids. Curves pro-
gram is the most widely used in analysis of nucleic acid
conformations [31]. This program can provide an entire set
of DNA structural parameters. By using the Curves program,
we obtain the groove parameters to describe the DNA groove
deformation in this paper.

3. Results and Discussion

3.1. MD Results. Two 15 ns MD simulations were carried out
for the nonmodeled (lacking the last half repeat) and the
modeled (having the last half repeat) systems, respectively.
Figure 2(a) compares the root mean square deviation values
(RMSDs) of backbone atoms of the AvrBs3-DNA complex

from the two systems. The two systems remain relatively
stable after 9 ns, and then the last 6 ns MD trajectories are
taken as the equilibriumportions for the two systems. Figures
2(b), 2(c), and 2(d) display the distributional probability of
RMSD from the equilibrium trajectories. In the nonmodeled
system, the RMSDs converge to about 3.07 Å, 3.37 Å, and
2.40 Å for the AvrBs3-DNA complex, AvrBs3, and DNA,
respectively. In the modeled system, the RMSDs converge
to about 2.38 Å, 2.44 Å, and 2.29 Å for the AvrBs3-DNA
complex, AvrBs3, and DNA, respectively. This indicates that
the modeled system is more stable than the nonmodeled
system. The only difference between the two systems is
that the modeled system has an additional repeat, R17.5.
The previous crystallographic data revealed that the last
half repeat contributes to the protein-DNA binding in the
structure of DNA-bound TALE dHax3 [17]. All these suggest
that the last half repeat increases the structural stability.

We also calculated the root mean square fluctuation
values (RMSFs) of the common 17 repeats (from repeat 1
to repeat 17) of AvrBs3 and 20 bases (from position −1 to
position 18) of DNA in the two systems from the equilibrium
trajectories.The results are given in Figures 2(e) and 2(f), and
17 repeats are labeled as R1 to R17. In each system, the linker
between two adjacent TAL repeats shows higher RMSFs
(Figure 2(e)). The RVD loop within each repeat has lower
RMSFs because the RVD loop region is the DNA-binding
site in a repeat. Of all the repeats, R17 undergoes the highest
fluctuations. Notably, in the nonmodeled system, the RMSFs
of the RVD loop of R17 increasemarkedly relative to the other
RVD loops.However, in themodeled system, theRVD loop of
R17 still maintains relatively lower RMSFs. Meanwhile, the 3
end of the DNA sense strand is more flexible in the nonmod-
eled system compared with themodeled system (Figure 2(f)).
It indicates that the AvrBs3 of the modeled system is well
constrained by DNA. In contrast, the nonmodeled system
loses some important protein-DNA contacts. The RMSFs
analysis implies that the absence of the last half repeat will
partially impair the binding of AvrBs3 to DNA.

3.2. Conformational Change of AvrBs3. Previous studies
revealed the conformational plasticity of TALEs bound to
DNA [7, 8, 17]. To detect the conformational change of DNA-
bound AvrBs3, the PCA was performed for C𝛼 atoms of pro-
tein and P atoms of DNA to obtain slowmotions based on the
equilibrium trajectories of the nonmodeled and the modeled
systems. Figure 3 gives the proportion of system’s variance
accounted for by the first 50 PCs, which was calculated from
the diagonalization of the covariance matrix. The proportion
rapidly decreases and converges to zero with the increasing of
PC index in each system. The first two PCs together account
for approximately 47.9% and 45.6% of the total variance in
the nonmodeled and themodeled systems, respectively. In an
equilibrium system, the motions on the backbone are mainly
the localized random motions. Thereby, PC1 and PC2 of the
two systems capture higher fraction of the system’s variance.

Figure 4 describes the first and the second slowest motion
modes.The first slowest motion exhibits some swingmotions
towards the DNA major groove in the two systems (Figures
4(a) and 4(b)). By observing their average structures, in the
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Figure 2: Comparative MD analysis of the nonmodeled system (n Complex: green; n AvrBs3: yellow; n DNA: orange) and the modeled
system (m Complex: purple; m AvrBs3: blue; m DNA: pink). (a) The RMSDs of the AvrBs3 backbone atoms versus simulation time. (b∼d)
The RMSD probability distribution of the AvrBs3-DNA complex (b), AvrBs3 (c), and DNA (d) calculated from the equilibrium trajectories.
(e)The RMSFs of the C𝛼 atoms of AvrBs3 calculated from the equilibrium trajectories. (f)The RMSFs of the P atoms in the sense strand (left)
and the antisense strand (right) of DNA calculated from the equilibrium trajectories.
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Figure 5:The height change of the superhelical structure of AvrBs3. (a)The height of the first half of the superhelical structure is assessed by
the distance between the C𝛼 atoms of Ala277 and Ala652 and that of the second by the distance between the C𝛼 atoms of Pro495 and Leu857.
(b) The height change of the first half of the superhelical structure versus simulation (solid line) and the value from crystal structure (dotted
line). (c)The height change of the second half of the superhelical structure versus simulation (solid line) and the value from crystal structure
(dotted line).

nonmodeled system the last few repeats show a conforma-
tion far from the DNA major groove (Figure 4(a)). It is
presumably because the swing motion breaks the protein-
DNA interaction at the binding interface. In contrast, the
protein-DNA interface of the modeled system still keeps
a compact conformation at the C-terminus (Figure 4(b)).
This conformation difference of the C-terminus between the
systems is consistent with the above RMSFs analysis.

The second slowest motion mode shows some extension-
compression movements of the superhelical structure of
AvrBs3 (Figures 4(c) and 4(d)).The previous X-ray scattering
(SAXS) data [7] and crystal structure study [8] revealed
that TALEs underwent a compressed conformational change
upon DNA interaction. This conformational change caused

the height change of the superhelical structure of TALE pro-
tein [8]. Then, the four atoms, which are C𝛼 atoms of Ala277
(repeat 0), Pro495 (repeat 7), Ala652 (repeat 11), and Leu857
(repeat 17), were selected to measure the height change of
the first and the second halves of the superhelical structure
(Figure 5(a)). For the first half of the superhelical structure,
the average height is 35.1 Å, 33.5 Å, and 36.7 Å for the crystal
structure, the nonmodeled system, and the modeled system,
respectively (Figure 5(b)). For the second half of the superhe-
lical structure, the average height is 28.9 Å, 32.7 Å, and 27.4 Å
for the crystal structure, the nonmodeled system, and the
modeled system, respectively (Figure 5(c)). As a whole, the
modeled system still maintains a compressed conformation
relative to the crystal structure. In the nonmodeled system,
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Figure 6: Average values of groove widths calculated from the equilibrium trajectories along the target sequence (from position 1 to position
17) in the nonmodeled (orange) and the modeled (pink) systems. (a) Major groove widths. (b) Minor groove widths.

the superhelical structure of AvrBs3 is comparatively more
extended. The combined analyses of the first and the second
slowest motions clearly show that the AvrBs3-DNA complex
structure keeps amore compact conformation in the presence
of the last half repeat. Meanwhile, the increase of structural
compactness of TALE is associated with the DNA binding
[7, 8]. Therefore, the last half repeat makes an important
contribution to the TALE-DNA binding.

3.3. Groove Deformation of DNA. DNA groove dimensions
are important structural feature in processes involving spe-
cific protein-DNA binding [32]. Then, the DNA groove
parameters of the two systems were calculated by the Curves
program [31] from the equilibrium trajectories. The result
is shown in Figure 6. Along the target sequence, except for
positions 8 and 9, the major groove of the modeled system
is almost always wider than that of the nonmodeled system
(Figure 6(a)). The wider major groove makes the side chain
of the key amino acid of proteinmore accessible to nucleotide
bases and then can mediate more protein-DNA contacts.
It is suggested that the efficiency of DNA major groove
binding by AvrBs3 should be relatively higher in the modeled
system.The interactions at the protein-DNA interface will be
analyzed in the next section.

Notably, themajor groove at positions 8 and 9 ismarkedly
narrowed in the modeled system relative to the nonmodeled
system. To investigate whether there is some relationship
between the groove narrowing of DNA and the structural
compression of AvrBs3, we compared the time-dependent
fluctuation of groove width at each base pair step with the
height change of the superhelical structure of AvrBs3. For the
first part of the complex structure (Figure 5(a)), the height
change of AvrBs3 (Figure 5(b)) is similar to the fluctuation of

minor groovewidth at position 5 (Figure 7(a)). For the second
part of the complex structure (Figure 5(a)), the height change
of AvrBs3 (Figure 5(c)) accompanies the deformations of
major groove at position 8 and of minor groove at position
13 together (Figure 7(b)). It indicates that the TALE-DNA
binding process is associated with some structural adaptation
of the DNA as well as the AvrBs3 in order to accommodate
each other. The conformational difference between the two
systems may reflect the changes of the TALE-DNA binding.

3.4. Interactions at the Interface. To compare the difference
of the protein-DNA interaction between the two systems, we
examined the hydrogen bonds along the DNA major groove
based on the equilibrium trajectories. The hydrogen bond
calculationwas performedwithVMD1.9 [21] using a distance
cut-off value of 3.5 Å and an angle cut-off value of 45∘. The
result is listed in Table 1 with occupancy over 30%. Relative
to the nonmodeled system, the modeled system has four
additional specific hydrogen bonds and four additional non-
specific hydrogen bonds. The calculation of hydrogen bond
proves that the modeled system has a higher protein-DNA
binding efficiency in theDNAmajor groove.These additional
interactions help themodeled system to achieve higher stabil-
ity, which is consistent with the above analysis of RMSDs.

Compared with the nonmodeled system, the additional
specific interactions of the modeled system are mainly
formed by the N- and C-terminal repeats, especially by the
last few repeats (Table 1). Figure 8 describes the difference
of the specific interaction between the two systems. In the
nonmodeled system (Figure 8(a)), Asp743 (repeat 14) forms a
direct and a water-mediated hydrogen bond with cytosine 14
and cytosine 15 separately. OE2 of Gln781 (repeat 15) interacts
with O3 of cytosine 14. Meanwhile, repeats 16∼17 lose the
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Figure 8: The interactions between the last few repeats and DNA from representative structures in the nonmodeled (a) and the modeled (b)
systems. The repeats, DNA, and water molecule are depicted with ribbons, tube, and CPK models, respectively. Repeats 14, 15, 16, 17, and 17.5
are labeled as R14, R15, R16, R17, and R17.5, respectively. Nucleotide bases cytosine 14, cytosine 15, cytosine 17, and adenine 19 are labeled as C14,
C15, C17, and A19, respectively. Thymine 16 and thymine 18 are omitted for clarity.

contact with nucleotide bases.The C-terminal repeats show a
conformation far from the backbone of DNA. In themodeled
system (Figure 8(b)), Asp743 (repeat 14), Asp777 (repeat 15),
Gly811 (repeat 16), and Asp845 (repeat 17) form stable specific
hydrogen bonds with cytosine 14, cytosine 15, cytosine 17,

and adenine 19, respectively. Notably, N of Gly881 (repeat
17.5) interacts with O1P of cytosine 17.This phosphate binding
adopts a compact conformation at the protein-DNA interface
and further helps to mediate more base-specific interactions.
The previous study revealed that the last repeat is always a
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Table 1: The hydrogen bonds with occupancy over 30%.

Base Nonmodeled system Modeled system
Position Protein(id) DNA HDO∗ Protein(id) DNA HDO∗

0 Gly302-N(1) T0-O2P𝛼 74.88% Thr270-N(0) T0-O2P𝛼 83.19%
Gln305-N(1) T0-O1P𝛼 63.73%

1 Asp301 OD2(1) A1-N6𝛼 39.41% Asp301 OD1(1) A1-N6𝛼 60.35%
Asp301 OD1(1) A1-N7𝛼 58.47%

Gln339-NE2(2) A1-O1P𝛼 50.89% Gln339-NE2(2) A1-O1P𝛼 88.85%
2 Asp301 OD1(1) T2-O4𝛼 47.65%

Gln373-NE2(3) T2-O1P𝛼 35.44% Gln373-NE2(3) T2-O1P𝛼 67.05%
3 Gln407-NE2(4) A3-O2P𝛼 53.24% Gln407-NE2(4) A3-O2P𝛼 58.90%
4 Gln441-NE2(5) T4-O1P𝛼 63.73% Gln441-NE2(5) T4-O1P𝛼 86.36%
5 Gln475-NE2(6) A5-O2P𝛼 30.78% Gln475-NE2(6) A5-O2P𝛼 45.92%
6 Gln509-NE2(7) A6-O2P𝛼 63.56% Gln509-NE2(7) A6-O2P𝛼 79.03%
7 Gln543-NE2(8) A7-O2P𝛼 96.01% Gln543-NE2(8) A7-O2P𝛼 94.18%
8 Asp539-OD2(8) C8-N4𝛼 30.23% Asp539-OD2(8) C8-N4𝛼 35.44%

Gln577-NE2(9) C8-O1P𝛼 92.68% Gln577-NE2(9) C8-O1P𝛼 63.73%
9 Asp573-OD1(9) C9-N4𝛼 36.77% Asp573-OD1(9) C9-N4𝛼 34.11%

Asp573-OD2(9) C9-N4𝛼 30.28% Asp573-OD2(9) C9-N4𝛼 60.90%
Gln611-NE2(10) C9-O1P𝛼 54.08% Gln611-NE2(10) C9-O1P𝛼 90.18%

10 Gln645-NE2(11) T10-O1P𝛼 88.19% Gln645-NE2(11) T10-O1P𝛼 88.85%
11 Gln679-NE2(12) A11-O2P𝛼 73.21% Gln679-NE2(12) A11-O2P𝛼 88.52%
12 Gln713-NE2(13) A12-O2P𝛼 88.69% Gln713-NE2(13) A12-O2P𝛼 81.70%
13 Gln747-NE2(14) C13-O1P𝛼 57.90%
14 Asp743-OD2(14) C14-N4𝛼 64.73% Asp743-OD2(14) C14-N4𝛼 85.69%

Gln781-OE2(15) C14-O3𝛼 32.78%
15 Asp743-OD2(14) C15-N4𝛼 60.12% Asp777-OD1(15) C15-N4𝛼 61.40%

Asp777-OD2(15) C15-N4𝛼 37.27%
Lys814-NZ(16) C15-O1P𝛼 57.90% Lys814-NZ(16) C15-O2P𝛼 99.83%

16 Lys848-NZ(17) T16-O1P𝛼 83.86%
17 Gly811-O(16) C17-N4𝛼 88.02%

Gly881-N(17.5) C17-O1P𝛼 35.62%
19 Asp845-OD1(17) A19-N6𝛼 43.43%
idThe index of a repeat that a residue belongs to.
∗HDO is the abbreviation of hydrogen bond occupancy.
𝛼DNA base belonging to the sense strand of DNA.
Hydrogen bonds in bold and nonbold reflect the specific and nonspecific interactions, respectively. Bold in italics denotes the specific and water-mediated
hydrogen bonds.

truncated half repeat in all natural TALEs [1], but the role
of this last half repeat is not clear in the specific binding
process of TALE-DNA. Our study indicates that the last half
repeat helps to stabilize a compact conformation at the TALE-
DNA interface and then indirectly facilitates the specific
interactions between TAL repeats and nucleotide bases.
Therefore, the last half repeat is required for improving the
recognition efficiency of specific DNA sequences by TALE.

4. Conclusions

In this study, MD simulations were performed to investigate
the role of the last half repeat in the recognition and
binding of TALE-DNA. The simulated result indicated that

the stability of the modeled system (having the last half
repeat) is higher than that of the nonmodeled system (lacking
the last half repeat). The PCA analysis revealed that the
AvrBs3 structure of the nonmodeled system ismore extended
in comparison with the crystallographic data. In contrast,
the AvrBs3 of the modeled system still keeps the structural
compactness. According to the previous experimental stud-
ies, this increase of the structural compactness of TALE is
associated with the DNA binding. We also compared DNA
groove parameters of the two systems. As a whole, the DNA
major groove of themodeled system is relatively wider, which
allows the side chain of the key amino acid of protein to be
more accessible to nucleotide bases. It was suggested that the
protein-DNA binding efficiency of the modeled system may
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be relatively higher. Then, we calculated the hydrogen bonds
at the protein-DNA interface. Comparatively, the nonmod-
eled system loses a considerable number of hydrogen bonds.
Themodeled system still keeps relatively stable protein-DNA
binding. These additional interactions are mainly formed by
the N- and C-terminal repeats. In particular, the last half
repeat stabilizes the phosphate binding with DNA at the C-
terminus and then helps to adopt a compact conformation
at the protein-DNA interface. This compact conformation
improves the specific recognition efficiency between TAL
repeats and nucleotide bases. Our study reveals the important
role of the last half repeat in high-efficient recognition of
the DNA target sequence by TALE. It provides a deeper
understanding of the recognitionmechanism of TALE-DNA.
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Here we realized a networks-based model representing the process of actin remodelling that occurs during the acquisition of
fertilizing ability of human spermatozoa (HumanMade ActinSpermNetwork, HM ASN).Then, we compared it with the networks
provided by two different text mining tools: Agilent Literature Search (ALS) and PESCADOR. As a reference, we used the data
from the online repository Kyoto Encyclopaedia of Genes and Genomes (KEGG), referred to the actin dynamics in a more general
biological context. We found that HM ALS and the networks from KEGG data shared the same scale-free topology following the
Barabasi-Albert model, thus suggesting that the information is spread within the network quickly and efficiently. On the contrary,
the networks obtained by ALS and PESCADOR have a scale-free hierarchical architecture, which implies a different pattern of
information transmission.Also, the hubs identifiedwithin the networks are different:HM ALS andKEGGnetworks contain as hubs
several molecules known to be involved in actin signalling; ALS was unable to find other hubs than “actin,” whereas PESCADOR
gave some nonspecific result. This seems to suggest that the human-made information retrieval in the case of a specific event, such
as actin dynamics in human spermatozoa, could be a reliable strategy.

1. Introduction

Postgenomic era offers to researchers amazing opportunities
in approaching a myriad of biological problems. One of the
most interesting issues is the use of computational models
for representing and analysing complex biological systems.
They make researchers able to face important problems,
such as those arising from the availability of a huge amount
of data to be analysed (the so-called big data challenge)
and from the creation of new information from the already
available published data. This last issue, on one hand, is
very timely and offers fascinating horizons, whereas, on the
other one hand, it requires further studies to verify the
reproducibility and the reliability of the obtained data. In this
context, here we focused our attention on a biological event,
which has a great importance in spermatology and in applied
andrology: the dynamics of actin during the postejaculatory

life of male gametes. Indeed, immediately after ejaculation,
mammalian spermatozoa are virtually unable to fertilize the
homologous oocyte. They become fully fertile only after they
reside for hours to days within the female genital tract, where
they complete a complex process of functional maturation
known as capacitation. During capacitation spermatozoa
biochemical machinery changes its function as a result of
the dialogue between male gametes and female environment
(tubal epithelium, tubal fluid, and female endocrine axis).The
ionic intracellular concentration of ions changes, the protein
phosphorylation is modified, spermmotility becomes hyper-
activated, and plasma membrane (PM) and outer acrosome
membrane (OAM) became gradually more fluid and tend to
fuse each other. In this context, to date, it is believed that
immediately after ejaculation the actin present in sperm head
is mainly in globular unpolymerized form (G-actin). As the
capacitation progresses, the actin undergoes polymerization,

Hindawi Publishing Corporation
BioMed Research International
Volume 2016, Article ID 9795409, 8 pages
http://dx.doi.org/10.1155/2016/9795409

http://dx.doi.org/10.1155/2016/9795409


2 BioMed Research International

forming a network of F-actin that interposes between outer
acrosome membrane (OAM) and plasma membrane (PM),
thus avoiding their premature fusion.When the physiological
stimulus of acrosome reaction, the zona pellucida proteins,
is met, this diaphragm is destroyed and the two membranes
can fuse. Recently it has been suggested that the role of
actin dynamic in this context could go beyond the merely
mechanical function, but that this protein could be involved
in the pathway as an active signal transducer [1].

From this point of view, it will be very interesting to
have available a computational model of actin dynamics
during the postejaculatory life of spermatozoa. At the present,
a specific model devoted to the representation of actin
dynamics during capacitation life is not already available;
thus we carried out a study comparing a new model based
on the manual compilation of a database, analogously to
other database that we have already realized [2, 3] with
ones obtained by a text mining-based approach. We paid
our attention to text mining because it represents a new,
important, and fascinating resource for information retrieval
[4] and for constructing interaction network frombiomedical
texts [5]. Recently, this approach has been adopted to explore
the biology of different phenomena, such as the prostate
cancer protein interaction network, by using a reinforcement
learning-based algorithm [5], or in studying other types of
tumours [6–9] and physiological [10–12] and pathological
events [13–15]. Here, in detail, we realize a model, starting
from the analysis of published literature on this topic and we
compared it withmodels realized by two different textmining
tools, able to produce networks: Agilent Literature Search
and PESCADOR. As a reference, we used the data from the
online repository KEGG (Kyoto Encyclopaedia of Genes and
Genomes), which are referred to the actin polymerization and
depolymerisation in awide variety of cells and not specifically
to the spermatozoa.

2. Materials and Methods

2.1. Data Collection, Network Creation, and Analysis

2.1.1. Human-Made Spermatozoa Actin Network (HM SAN).
In this work, we used different networks. The first was
realized by considering the scientific literature published
in peer-reviewed international papers indexed in PubMed
archive (http://www.ncbi.nlm.nih.gov/pubmed/) in the last
15 years [2, 3]. As reference, we used the data referred
to human species. Following an already validated protocol
[16], two researchers expert on spermatozoa biology carried
out an independent literature analysis on papers using the
following key words: “Actin polymerization”, “Actin depoly-
merisation”, “Actin dynamics”, and “Actin remodelling”.
Then, the two databases have been compared, and a third
researcher verified the correctness of the record inserted
and resolved eventual conflicts. The freely available and
diffusible molecules such as H

2
O, CO

2
, P
𝑖
, H+, and O

2
were

omitted, when not necessary, and in some cases the record
did not represent a single molecule but a complex event,
such as “protein tyrosine phosphorylation” because all the

single molecular determinants of the phenomenon are still
unknown [10, 17].

This database (interaction database), was realized in
Microsoft Excel 2013 and contained the following fields:

(i) Source molecule: here are reported the molecules
source of the interaction.

(ii) Interaction: here is described what kind of interaction
the molecules carry out.

(iii) Target molecule: here are reported the molecules that
are target of the interaction.

(iv) Alias: eventual aliases are described.

(v) Role: the physiological and/or pathological role of the
molecule in epididymis is reported.

(vi) Reference: it represents the paper reporting the above
mentioned data.

(vii) Notes: any further information that could be useful in
the study is mentioned here.

2.1.2. Agilent Literature Search-Spermatozoa Actin Network
(ALS SAN). This network was realized by using Agilent
Literature Search Software, a metasearch tool for automat-
ically querying multiple text-based search engines that can
be used in conjunction with Cytoscape, thus generating
a network view of protein associations. In particular, we
used the Cytoscape 3.3.0. App Agilent Literature Search
3.1.1 beta (LitSearch version 2.69), using as data source the
papers contained in PubMed database. As key words, we
used the same key words used to build HM ASN, using
as context “spermatozoa”. Max Engine Matches was set at
1.000 (which always was higher than the number of articles
found; thus in all the cases all the available information
was processed); the “Use Aliases,” the “Use Context,” and
the “Concept Lexicon Restrict Search” options were set. As
Concept Lexicon “Homo sapiens” we used. The data have
been accessed until April 15, 2016. We created ALS SAN by
merging all the obtained networks and removing self-loops
and the duplicated edges [10].

2.1.3. PESCADOR-Spermatozoa Actin Network (P SAN).
This network was created by using PESCADOR (Platform
for Exploration of Significant Concepts AssociateD to co-
Occurrence Relationships), which is a platform independent
web resource (http://cbdm.mdc-berlin.de/tools/pescador/)
[18]. It analyses a query composed of a list of PMIDs to be
scanned for gene/protein cooccurrences and, optionally, of a
list of words (ideally, biological concepts related to protein
interactions, such as “aggregation” or “phosphorylation”) to
be found in the cooccurrence analysis, as text mining engine
to extract sentences with cooccurring bioentities from the
text of the PubMed abstracts requested that it uses LAITOR
(Barbosa altro). P SANwas created by using the list of PMIDs
of the papers we have manually selected for the realization of
HM SAN.
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Table 1: Main topological parameters assessed in this study.

Parameter Definition
Connected
components

It is the number of networks in which any two vertices are connected to each other by links and which is
connected to no additional vertices in the network.

Number of nodes It is the total number of molecules involved.
Number of edges It is the total number of interactions found.

Clustering coefficient It is calculated as 𝐶𝐼 = 2𝑛𝐼/𝑘𝐼(𝑘𝐼 − 1), where 𝑛𝐼 is the number of links connecting the 𝑘𝐼 neighbors of node 𝐼 to
each other. It is a measure of how the nodes tend to form clusters.

Network diameter It is the longest of all the calculated shortest paths in a network.

Shortest paths The length of the shortest path between two nodes 𝑛 and𝑚 is 𝐿(𝑛,𝑚). The shortest path length distribution
gives the number of node pairs (𝑛, 𝑚) with 𝐿(𝑛,𝑚) = 𝑘 for 𝑘 = 1, 2, . . ..

Characteristic path
length It is the expected distance between two connected nodes.

Averaged number of
neighbors It is the mean number of connections of each node.

Node degree It is the number of interactions of each node.
Node degree
distribution It represents the probability that a selected node has 𝑘 links.

𝛾 Exponent of node degree equation.
𝑅
2 Coefficient of determination of node degree versus number of nodes, on logarithmized data.

2.2. KEGG AN. This network, used as reference, has been
created by importing the data from KEGG (Kyoto Ency-
clopaedia of Genes and Genomes), a database resource for
understanding high-level functions andutilities of the biolog-
ical system, and frommolecular-level information, especially
large-scale molecular datasets generated by genome sequenc-
ing and other high-throughput experimental technologies
(http://www.genome.jp/kegg/). We analysed the data from
the pathway: map04810—regulation of actin cytoskeleton.
This network is not specifically designed to represent the
actin dynamics occurring during sperm capacitation, but it is
generically referred to the actin cytoskeleton rearrangement.
It was used to compare the other networks with a network
representing a strongly related biological event and certified
by a rigorous quality control [19, 20].

2.3. Networks Visualization and Analysis. All these networks
have been realized, visualized, and analysed using Cytoscape
3.1.2 [21]. The analysis was carried out considering the net-
works as undirected and assessing the topological parameters
listed and described in Table 1.

To represent the nodes as Venn’s diagram, we used
Venny, a specific tool, available at http://bioinfogp.cnb.csic.es/
tools/venny/.

2.4. Network Randomization. To compare our networks with
a computer-generated network following the Barabasi-Albert
model, we used the Cytoscape plug-in Network Randomizer
1.1 (http://apps.cytoscape.org/apps/networkrandomizer). We
used the Barabasi-Albert model and we set the parameters
𝑁 = 128 and 𝑚 = 2. We obtained the Barabasi Albet
random network (BA RN) constituted by 2 connected com-
ponents of, respectively, 125 (main component, BA RN, and
MC BA RN) and 3 nodes.

3. Results

We obtained five different networks: HM SAN, P SAN,
ALS SAN, KEGG AN, and BA RN. The results of their
topological analyses are shown in Table 2, where the values
of main topological parameters are listed. In the case of the
network obtained by using PESCADOR, we found that it
contained several nonspecific nodes (such as “acrosome”,
“spermatozoa”, “membrane”, and “in vitro”). After their
removal, we obtained P ASN and a second network, its
main connected component, MC P ASN. Also in the case
of ASL SAN, KEGG AN, and BA RN we extracted the main
connected components (MC ALS SAN, MC KEGG SAN,
and MC BA RN). In Table 3 are reported the results of the
fitting of node degree versus the number of nodes. In Table 4
are shown the results of the correlation analysis between
the node degree and the clustering coefficient of all the
networks. In Table 5 are listed the hubs of the networks.
In Supplementary Material (available online at http://dx.doi
.org/10.1155/2016/9795409) are listed the articles we used to
build our database and those used by ALS, highlighting the
common ones.

4. Discussion

Here, we realized a network representing actin dynamics
during sperm capacitation (HM ASN); then we compared
it with two networks generated by two text mining soft-
ware, able to directly provide networks models (P ASN
and ALS SAN). As reference we used a peer-reviewed and
quality controlled network (KEGG AN) related to the same
biological event, but it referred to a more general context
and a Barabasi-Albert scale-free network generated by the
computer (BA RN). See Figure 1. From our analysis, it is
clear that HM SAN has a scale-free topology, in keeping
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Table 3: Results of node degree analysis of networks.

P ASN MC P ASN ALS ASN MC ALS ASN KEGG AN MC KEGG AN HM ASN BA RN MC BA RN
𝛾 −1.348 −0.941 −0.881 −0.741 −1.596 −1.540 −1.459 −1.317 −1.299
𝑟 0.741 0.825 0.862 0.790 0.530 0.494 0.979 0.895 0.860
𝑅
2 0.736 0.546 0.671 0.617 0.799 0.778 0.860 0.805 0.780

Table 4: Results of fitting on node degree versus clustering coefficient.

P ASN MC P ASN ALS ASN MC ALS ASN KEGG AN MC KEGG AN HM ASN BA RN MC BA RN
𝛾 −0.763 −0.479 −0.915 −0.921 −0.178 −0.198 −0.490 −0.640 −0.663
𝑟 0.737 0.662 0.704 0.708 0.121 0.128 0.647 0.414 0.438
𝑅
2 0.477 0.342 0.810 0.815 0.030 0.038 0.505 0.482 0.391

Table 5: Hubs of the networks.

HM ASN MC P ASN MC ALS ASN KEGG ASN
PKA RHOA ACTIN RAC1
Actin
polymerization MSP ROCK1

Tyrosine
phosphorylation EGFR PAK4

[Ca2+]
𝑖

LIMK RHOA
cAMP CDC42 CDC42
ROS GNA13 ACTIN
Actin
depolymerisation ROCK2 ARHGEF7

F-actin LIMK2 MYL12B
PLD ACE RRAS2
Rho GTPase AKAP4
H
2
O
2

AKAP3
PIP2 cleavage PRKAR2
Arp2/3 complex ROPN1
ADF/cofilin
EGFR
HCO

3

−

PKC

with the Barabasi-Albert model. Indeed, it is very close to
BA RN and it has the node degree (i.e., the number of nodes
per link) probability distribution following an exponential
law with a negative exponent and uncorrelated with the
clustering coefficient (which represents the network tendency
to develop clusters). In addition, the network has a small
world topology, as evident from the values of shortest paths
(100%), characteristic path length, and averaged number of
neighbors (4.064 and 2.921, resp.). These measures suggest
that the information is spread within the network in a very
fast and efficient way and that the network is able to quickly
adapt to the external perturbations. In particular, the low
value of clustering coefficient indicates that loop or clusters,
that could interfere and slow the propagation of messages,
are virtually absent in HM ASN. KEGG SN has virtually the
same topology of HM ASN, thus suggesting that the network

we created could be representative of a similar biological
event, and that this pattern could be typical of signalling
pathways. This finding is in accordance with those we have
found when analysing several other networks referred either
to sperm signalling or to other biologically relevant events.
Indeed, recently, we compared the networks representing
the biochemical machinery involved in spermatozoa in sea
urchin, Caenorhabditis elegans, and human male gametes,
with networks representing ten pathways of relevant phys-
iopathological importance and with a computer-generated
network [22]. As a result, we have found that all the networks
studied are characterized by robustness against random
failure, controllability, and efficiency in signal transmission.
In all the cases, the clustering coefficient had values near
zero [22]. Interestingly, the two networks generated by the
text mining software have a different topology. Both of them
are characterized by a lower absolute value of exponent of
node degree distribution (see Figure 2) and by a higher
value of clustering coefficient, whose distribution correlated
with the node degree, as shown in Table 4. Then they could
be considered hierarchical networks. This finding highlights
that ALS and PESCADOR seem to give results not com-
pletely comparable with those from manual compilation of
databases.This idea is also highly strengthened by the analysis
of networks hubs. Indeed, the scale-free topology of all the
networks allows one to identify the nodes exerting the higher
level of control within the network, the hubs, calculated as the
nodes with a node degree with a degree at least one standard
deviation above the network mean [23]. As it is reported
in Table 5 we found great differences either in number or
in identity among the hubs from the different networks.
Interestingly the only hub shared by all the networks is “actin”
(see Figure 3).

The hubs of HM ASN are F-actin and complex events
related to the signal transduction pathway involved in actin
remodelling occurring during the process of spermatozoa
acquisition of fertilizing ability such as “Actin polymeriza-
tion” and “Actin depolymerization”, or proteins “Tyrosine
phosphorylation”. In addition we have identified as hubs sev-
eral molecules involved in input of control messages (EGFR,
H
2
O
2
, and HCO

3

−), second messengers ([Ca2+]
𝑖
, cAMP,

ROS, and PIP2 cleavage), and effector molecules (PKC, PLD,
RhoGTPase, Arp2/3 complex, andADF/cofilin).This finding
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is in agreement with the currently proposed model of actin
signalling transduction pathway active in human and mam-
malian spermatozoa, based on experimental data. Indeed, the
actin dynamics occurring during capacitation and acrosome
reaction are under the control of several activating factors.
The most important extracellular activating messenger is
thought to be the bicarbonate [24–27], which is able to
enter the cells and to stimulate the production of cAMP, via
the activation of a specific soluble adenylyl cyclase (sAC).
The rise in intracellular level of cAMP leads to the increase
in membrane scrambling and directly or indirectly causes
the increase in cytosolic concentration of the other second
messengers: Ca2+ [28, 29], cAMP [30], ROS [17, 31, 32], and
DAG and IP3 (resulting from PIP2) [33, 34]. This promotes
the activation of a myriad of cellular effectors that directly
and indirectly control the actin polymerization status [35, 36].
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Figure 3: Venn’s diagram showing the common hubs in HM SAN,
MC P ASN, MC ALS ASN, and MC KEGG AN.

In particular, it has been demonstrated that PKA, PKC,
and PLD1 play a key role in modulating the actin poly-
merization/depolymerisation status [35, 37, 38]. KEGG ASN
contains several proteins involved in cell signalling, such as
RAC1, ROCK1, PAK4, RHOA, CDC42, ARHGEF7, MYL12B,
and RRAS2, and virtually all those involved in Rho signalling
and, of course, it is known to participate in actin cytoskeleton
remodelling (see for reference [39]).

More interestingly, ALS SAN contains only one hub:
actin. This could be explained with the search logic of
ALS that, likely, is able to consider only the molecules
directly interactingwith actin, thus excluding from the results
indirect relationships, which were instead took into account
by human database compilers. This reason will explain also
the hierarchical structure network. We examined also the
papers identified by human manual compilers of database
and those identified by ALS.We have found 26 papers related
to the used key words and published in last 15 years suitable
to be used to gather information about actin dynamics. ALS
identified 31 papers, 4 of which have been published before
this range of time; see SupplementaryMaterial. Twelve papers
have been identified by both the systems; the others differ.
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This difference could be, in our opinion, explained with two
hypothesis:

(i) Human compilers discarded similar papers (mainly
reviews) from the same group, using only the most
recent ones.

(ii) Human compilers included also papers, which did not
have “actin” in key words, expanding the selection
criteria.

PESCADOR gives a high number of hubs, actually corre-
sponding to proteins involved in actin signalling. Curiously,
it considers also MSP, the Major Sperm Protein, which
is involved in spermatozoa cytoskeleton signalling, but in
Nematoda that lack actin [40].

5. Conclusions

In conclusion, we could affirm that

(i) HM ASN and KEGG AN are very similar, in terms
of topology; this could suggest that the human infor-
mation retrieval in the case of a specific event, such
as actin dynamics during mammalian spermatozoa,
could be a reliable strategy;

(ii) PESCADOR seems to give nonspecific results that
need to be manually removed from the model; thus
the reliability of their results needs to be improved;

(iii) ALS tends to be less “elastic” than human retrieval;
indeed it collects only the data strictly related to the
actin, leaving out the molecules indirectly interacting
with actin.

It is possible to hypothesize that when searching for a very
specific query the human bases research could offer more
reliable data, in comparison with text mining tools. Likely,
these systems could be needed when the number of papers
to be checked is larger.
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Kinase is one of themost productive classes of established targets, but themajority of approved drugs against kinase were developed
only for cancer. Intensive efforts were therefore exerted for releasing its therapeutic potential by discovering new therapeutic area.
Kinases in clinical trial could provide great opportunities for treating various diseases. However, no systematic comparison between
system profiles of established targets and those of clinical trial ones was conducted.The reveal of probable difference or shift of trend
would help to identify key factors defining druggability of established targets. In this study, a comparative analysis of system profiles
of both types of targets was conducted. Consequently, the systems profiles of the majority of clinical trial kinases were identified to
be very similar to those of established ones, but percentages of established targets obeying the system profiles appeared to be slightly
but consistently higher than those of clinical trial targets.Moreover, a shift of trend in the systemprofiles from the clinical trial to the
established targets was identified, and popular kinase targets were discovered. In sum, this comparative study may help to facilitate
the identification of the druggability of established drug targets by their system profiles and drug-target interaction networks.

1. Introduction

The human kinome (defined as the protein kinase com-
plement of the human genome) provided a starting point
for full-scale understanding of protein phosphorylation in
normal and disease states and for a comprehensive discovery
of the kinase target [1]. Phylogenetic tree of the human
kinome revealed that kinase was one of the most productive
classes of established therapeutic targets [2]. According to
the latest reports [3, 4], 46 drugs targeting the human
kinome have received approval by the US Food and Drug
Administration (FDA), which include 35 small molecular
drugs, 6 monoclonal antibodies, and 5 biologics. The targets
of these 46 drugs had attracted extensive attentions from
many pharmaceutical companies owing to their pivotal roles
in not only cancers [5–8] but also other disease indications,

such as central nervous system disorder, inflammation, and
ophthalmology [4]. However, the majority (37 out of 46) of
approved drugs against kinase were developed for treating
cancer with only a few exceptions likemetformin for diabetes
and tofacitinib for rheumatoid arthritis [9, 10]. Intensive
efforts were thus exerted for releasing the therapeutic poten-
tial of the human kinome by discovering new therapeutic area
of established targets [11] or by identifying novel target from
those undiscovered kinase families [4].

As an effective newway to reveal themultifactorial nature
of disease, network medicine was proposed to discover new
therapeutic area for the established targets [12]. Particularly,
kinase was found to be capable of regulating diverse disease
indications other than cancer by pathway affiliation and
network analysis of drug-kinase interactions [13]. Moreover,
the accelerated identification of novel drug targets, espe-
cially the clinical trial ones, provided more opportunities
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for treating a variety of diseases [14, 15]. The clinical trial
targets defined here refer to kinases that have not yet been
utilized by FDA approved drugs but are under investigation
in clinical trials. As reported, intensive efforts in the explo-
ration of clinical trial target have dramatically extended the
coverage of druggable families in the human kinome from
the tyrosine kinase family to several other families like the
calmodulin/calcium-regulated kinase, the glycogen synthase
kinase (GSK), the cGMP-dependent protein kinase (PKG),
the cAMP-dependent protein kinase (PKA), the CDC-like
kinase (CLK), and the protein kinase C (PKC) [4, 10].

Although proteins in the human kinome demonstrated
much closer homology relation to each other than to
protein outside of kinase family, their sequence, structure,
physicochemical properties, and many other characteristics
vary significantly. As one of the most important properties
reflecting the druggability of target, the system profile was
frequently analyzed to evaluate the likelihood of a target
to achieve therapeutic effects [16–18]. In particular, typical
system profiles of a therapeutic target include the follow-
ing: target affiliated signaling pathways, target subcellular
locations, similarity proteins outside target’s biochemical
family, and level of sequence and structure similarities to
the established drug targets [16–18]. Based on the system
profiles of established drug targets, systems-level druggability
rules were derived [16–18], which could be generalized as
follows: targets similar to fewer human proteins outside of
target family and associated with fewer human pathways tend
to target drugs with reduced side-effects; efficacy drugs are
more readily achieved by working on targets expressed in
fewer tissues. In order to understand and evaluate the current
trends in clinical trial development, it is of great interest to
identify shift of trend between established targets and clinical
trial ones from the system profiles’ point of view. However,
the system profiles of clinical trial kinase targets have not
yet been analyzed, and no study of systematic comparison
between the system profiles of established targets and that of
clinical trial ones was conducted. Therefore, a comparison of
systemprofileswould help to discover key factors defining the
druggabilities of established targets [19–22].

In this study, a comparative analysis on the systemprofiles
between established and clinical trial targets was conducted.
Firstly, system profiles of these two types of targets were
compared on 3 aspects: (1) the number of human proteins
outside of the target families; (2) the number of target
affiliated pathways; (3) the number of tissues the target is
expressed in. Secondly, a reported combinational method
predicting the promising targets by integrating multiple pro-
files (these system profiles, drug binding domain structural
conformations, and protein physicochemical properties) of
the target was further evaluated and discussed. Thirdly,
the drug-target interaction networks were used to identify
popular established and clinical trial kinase targets by both
approved and clinical trial drugs.

2. Materials and Methods

2.1. Collection of FDA Approved and Clinical Trial Drugs
Together with Their Kinase Targets. Firstly, 1,767 approved

drugs were collected from the FDA official website
(Drugs@FDA), and their corresponding primary therapeutic
targets were matched from the Therapeutic Target Database
(TTD) [3] or identified through extensive literature review
(find more details in Sections 2 and 2.3), which resulted
in 1,521 FDA approved drugs with 361 identifiable primary
targets. Secondly, to make a comprehensive collection
of clinical trial drugs, multiple resources were searched
to collect more than 10,000 clinical trial drugs, which
include the TTD [3], the PhRMA (http://www.phrma.org/)
medicines in development, the drug pipeline reports from the
websites, and annual reports ofmore than 150 pharmaceutical
and biotechnology companies, as well as additional literature
search. Thirdly, the clinical status of those clinical trial drugs
was identified by the US National Institutes of Health’s (NIH)
ClinicalTrials.gov website (https://clinicaltrials.gov/) and
the public announcements by the drug developers. As a
result, ∼6,000 clinical trial drugs with available clinical trial
information against ∼800 primary therapeutic targets were
identified. Among these targets, ∼500 were clinical trial
targets that have not yet been utilized by approved drugs
but are under investigation in clinical trials. Fourthly, the
biochemical classes of established and clinical trial targets
were collected from theUniProt database [23, 24]. Only drugs
targeting protein kinase were analyzed in this study, which
included 46 approved drugs against 25 established targets
and 149 clinical trial drugs against 39 clinical trial targets.

2.2. System Profiles of Established and Clinical Trial Kinase
Targets. Sequences of studied targets were downloaded by
mapping their name to the UniProt database [23, 24];
pathway information was collected from the KEGG database
[25] by crossmatching IDs of the UniProt database; tissue
distribution informationwas collected from the TissueDistri-
butionDBs [26] by querying using gene name of the targets.
Moreover, similarity level among protein sequences were
calculated by the tool of BLAST [27] which was provided
by the US National Center for Biotechnology Information.
Statistical comparison of system profiles were conducted by R
software [28] and all figureswere drawn inMicrosoftExcel. In
particular, the boxplot function in the basic package of R was
applied in this study to draw the boxplot of system profiles
among established and clinical trial (phase 3, phase 2, and
phase 1) targets.

2.3. Identification of the Primary Therapeutic Targets of
Approved and Clinical Trial Drugs. The primary therapeutic
targets of approved and clinical trial drugs were identified by
a well-established target validation process, which demands
several key criteria [29, 30]. Firstly, targets of interest should
be expressed in the disease-relevant cells or tissues. Secondly,
the targets should be effectivelymodulated by a drug or drug-
like molecule with adequate biochemical activity. Thirdly,
the modulation of target in cell or animal models should
ameliorate the relevant disease phenotype. Last but not least,
manual literature search in PubMed [31] was used to guar-
antee the data quality. Only when three types of validation
data were collected could the target of interest be validated
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Figure 1: Drug-target interaction network of FDA approved drugs targeting kinase. Single target drugs were represented by round rectangle
(small molecular drugs in orange, monoclonal antibodies in magenta, and biologics in green), while multitarget drugs were represented by
orange hexagon and highlighted by additional orange hexagon line. All kinase targets were shown by blue ellipse. Interactions between drug
and target were displayed by edges with shapes of arrow and “T” representing activation and inhibition, respectively.

as a primary one. Those three validation data types include
the following: experimentally determined potency of drugs
against their primary targets, observed potency of drugs
against disease models linked to their corresponding targets,
and the observed effects of target knockout, transgenetic,
RNA interference, antibody, and antisense in vivomodels.

3. Results and Discussions

3.1. Construction of Drug-Target Interaction Networks and
Subnetworks. Drug-target interaction networks of approved
and clinical trial drugs were constructed and displayed
by Cytoscape 3.3.0 [32], which is a stand-alone platform
for visualizing molecular interaction networks. 46 FDA
approved drugs together with their corresponding 25 targets
were uploaded to and displayed in Cytoscape. As shown in
Figure 1, single target drugs were shown as a round rectangle
(small molecular drugs in orange, monoclonal antibodies
in magenta, and biologics in green), while the multitarget
drugs were displayed by orange hexagon and highlighted by

additional orange hexagon line. All kinase targets were shown
by blue ellipse. Interactions between drug and target were
displayed by edges with shapes of arrow and “T” representing
activation and inhibition, respectively. Moreover, 149 clinical
trial drugs along with their 39 targets were inputted and
shown in Cytoscape. The network representing drug-target
interaction was provided in Figure 2 with the representation
of target the same as that in Figure 1 (blue ellipse). Due to
the huge number of clinical trial drugs and targets, subnet-
work of specific disease class according to the International
Classification of Diseases (ICD) was generated. The ICD was
provided by the World Health Organization as the standard
diagnostic tool for epidemiology, health management, and
clinical purpose. Firstly, a specific disease class (at level 2 of
ICD) named as the “malignant neoplasms of female genital
organs” was selected, and clinical trial drugs and targets
within this disease class were identified. Consequently, 13
drugs against 9 kinase targets were displayed [32]. As shown
in Figure 2, single target drugs were shown as a round
rectangle, while the multitarget drugs were displayed by
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Figure 3: Distribution of phase 1 (yellow), phase 2 (green), and
phase 3 (orange) clinical trial targets by level of similarity to
established targets. The level of similarity to established targets is
classified into very similar, marginally similar, and unsimilar with
the BLAST 𝐸-values in the range of ≤0.001 and 0.001∼0.1 and >0.1,
respectively.

hexagon. Colors of drugs were defined as phase 2 clinical
trial drugs in green and phase 1 clinical trial drugs in yellow.
Multitarget drugs were highlighted by additional orange
hexagon lines.

3.2. Comparison of System Profiles between FDA Approved
Kinase Targets and Clinical Trial Ones. Comparison of the
characteristics of the 39 clinical trial kinase targets with those
of established kinase targets provides clues about common
and distinguished features and shift of trends in profiles
of clinical trial targets that can be retained, enhanced, or

improved. Figure 3 illustrated the distribution of phases 1, 2,
and 3 clinical trial targets with respect to the level of sequence
similarity to the established targets. Based on the BLAST 𝐸-
value, the levels of similarity were classified into very similar
(𝐸 ≤ 0.001), marginally similar (0.001 ≤ 𝐸 ≤ 0.1), and
unsimilar (𝐸 > 0.1). The majority of the clinical trial kinase
targets (100%, 90%, and 75% of phases 3, 2, and 1) were very
similar to the established ones. In addition, no clinical trial
kinase target was significantly different in sequence to the
established ones.

Figure 4 illustrated the distributions of clinical trial kinase
targets and established kinase targets with respect to the
number of human similarity proteins outside families of the
target (Figure 4(a)), the number of target affiliated signaling
pathways (Figure 4(b)), and the number of tissues that the
target is distributed in (Figure 4(c)). The distribution profiles
of clinical trial kinase targets were comparable to those of the
established ones [17, 18]. As shown in Figure 4, 88% and 84%
of the established and clinical trial targets had <15 human
similarity proteins outside their target family. Furthermore,
71% and 68% of the established and clinical trial targets were
affiliated to ≤3 human signaling pathways. In addition, 100%
and 95% established and clinical trial targets were distributed
in ≤5 human tissues. In summary, the systems profiles of
vast majority of clinical trial kinase targets appear to be very
similar to those of established ones [16], but the percentages
of established targets obeying all three system profiles appear
to be slightly but consistently higher than those of clinical trial
targets.

Figure 5 illustrated the distributions of phase 1, phase 2,
and phase 3 clinical trial kinase targets with respect to the
number of human similarity proteins outside families of the
target (Figure 5(a)), the number of target affiliated signaling
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Figure 4: Distribution of all clinical trial kinase targets (orange) and established kinase targets (red) with respect to (a) the number of human
similarity proteins (NS) outside the target family, (b) the number of human pathways (NP) the target is associated with, and (c) the number
of human tissues (NT) the target is distributed in.

pathways (Figure 5(b)), and the number of tissues that the
target is distributed in (Figure 5(c)). As shown in figures, 86%,
85%, and 75% of phase 3, phase 2, and phase 1 clinical trial
targets had <15 human similarity proteins outside their target
family. Furthermore, 83%, 50%, and 82% of phase 3, phase
2, and phase 1 clinical trial targets were associated with ≤3
human pathways. In addition, 100%, 95%, and 91% of phase
3, phase 2, and phase 1 clinical trial targets were distributed in
≤5 human tissues. Consequently, percentages of phases 3, 2,
and 1 clinical trial kinase targets obeying two system profiles
(number of similarity proteins and tissues) appear to follow a
clear descending trend, which indicates more similar profiles
between established and phase 3 targets comparing to phases
2 and 1 targets.

In the meantime, the distributions of those three
types of system profiles of phase 1, phase 2, and phase
3 clinical trial kinase targets and that of established
targets were compared by boxplot (Supplementary Fig-
ure S1 in Supplementary Material available online at
http://dx.doi.org/10.1155/2016/2509385). Although no signif-
icant statistical difference was observed between different
clinical statuses of three types of system profiles, a shift of
trend in 3 system profiles could be identified. In particular,
from the established to phases 3, 2, and 1 clinical trial
targets, there was a clear ascending trend of the mediums
of the number of human similarity proteins outside their
target family and the number of tissues that the target is
distributed in. Similar ascending trend could also be observed

for the number of target affiliated signaling pathways, but
the medium of phase 1 targets was lower than that of phase
2 targets. In summary, as shown in Figures 4 and 5 and
Supplementary Figure S1, systems profiles of vast majority
of clinical trial kinase targets (especially phase 3 targets)
appear to be very similar to those of established ones, which
indicates that, despite extensive exploration on the innovative
therapeutic target, kinases capable of entering clinical trial are
those very similar to the established ones in system profiles.
However, as shown in Supplementary Figure S1, there is a
clear shift of trend in the system profiles from the clinical trial
(phase 1 to phase 2 to phase 3) to established targets.

3.3. Evaluating the Performance of the Combinational Method
Used for Identifying Promising Target. Majority of clinical
trial targets were reported to be similar to established ones
in their systems profiles [17, 18, 33–36]; target druggability
may be further revealed by two more profiles: drug binding
domain structural conformations [37] and protein physic-
ochemical properties [38]. As reported, a combinational
method was able to identify 50%, 25%, and 10% of the
analyzed phases 3, 2, and 1 targets and 4% of nonclinical trial
targets as similar to the established targets in at least 3 of the
4 profiles by systematically analyzing sequence, structural,
physicochemical, and system profiles of these targets [16]. It
has been 7 years since the publication of that combinational
method, and it would be of great interest to evaluate its
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Figure 5: Distribution of phase 1 (yellow), phase 2 (green), and phase 3 (orange) clinical trial kinase targets with respect to (a) the number of
human similarity proteins (NS) outside the target family, (b) the number of human pathways (NP) the target is associated with, and (c) the
number of human tissues (NT) the target is distributed in.

predictive performance by investigating the current devel-
opmental status of those clinical trial targets. As shown in
Table 1, of the 16 phase 3 targets similar to the established ones
in no less than 3 profiles [16], 5 (31%) have been approved and
6 (37%) have shown positive phase 3 results. Moreover, no
positive result has been reported for 13 of the 15 phase 3 targets
similar to the established ones in less than 3 profiles (with only
one exception (FPTase), whose drugwas filed for approval but
was deemed not approvable by FDA) [16]. In particular, the
corresponding phase 3 drugs of 3 targets (HSP90, squalene
synthase, and FLAP) were all discontinued, and those of 5
targets (AKT, MMP-2, MMP-9, MMP-12, and sphingosine
kinase) were reported with negative phase 3 results. Because
of its strong predictive power reflected by the real world test in
this study, the combinational method appeared to be capable
of capturing target druggability by the genetic, structural,
physicochemical, and system profiles [16]. Moreover, these
have in turn led to the exploration of individual [17, 18, 22,
35–40] and combination of profiles [16], perspectives [41–
43], and algorithms [44, 45] for in silico target analysis and
prediction.

3.4. Drug-Target Interaction Networks of FDA Approved and
Clinical Trial Drugs Targeting Kinase. To understand drug-
target interaction of FDA approved drugs targeting kinase,
network of those drugs as well as their corresponding targets
was shown in Figure 1. As a widely used statistical concept

in network analysis, degree was applied to assess interactions
of targets and drugs. Degree of a specific node (drug or
target) refers to the number of edges (interaction from other
nodes) connected to this node. As shown in Figure 1, the
maximum and minimum numbers of degree of approved
kinase inhibitors equal 5 and 1, respectively. Particularly, 1, 4,
10, and 31 kinase inhibitors target on 5 kinases, 3 kinases, 2
kinases, and 1 kinase as their primary therapeutic targets. In
particular, drug of the highest degree was sorafenib.

The maximum and minimum numbers of degree of
targets equal 10 and 1, respectively. Particularly, 1, 1, 1, 1, 1, 1, 3,
2, and 14 targets were targeted by 10, 9, 7, 6, 5, 4, 3, and 2 mul-
titarget drugs and 1 multitarget drug, respectively.The targets
of substantially high degree (>8 drugs) were VEGFR2 and
EGFR. As reported, VEGF and its receptors were essential in
the development of the renal cell carcinoma (RCC) [46], and
the inhibition of VEGFR2 could provide substantial influence
on RCC’s pathogenesis. In themeantime, EGFRwas reported
to play critical roles in and acted as primary target for non-
small cell lung cancer [47], breast cancer [48], and colorectal
cancer [49, 50]. Based on the network analysis, VEGFR2 and
EGFR were identified as the most popular primary therapeu-
tic kinase targets of all FDA approved drugs. Supplementary
Figures S2 and S3 illustrated a comprehensive drug-target
interaction network including all 46 FDA approved drugs
(together with their corresponding 25 established targets)
and 239 drugs in clinical trial (including 81 drugs targeting
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Table 1: Latest development status of the previously analyzed phase 3 targets similar to established targets in sequence (A), drug binding
domain structural fold (B), physicochemical features (C), and systems (D) profiles.

Target (drug previously
reported to be in phase 3 trial)

Similar to established targets in
combination of A, B, C, and D
profiles

Targeted disease conditions Latest development status (year
of report)

CCK-A receptor
(dexloxiglumide) Combination of A, B, C, and D Irritable bowel syndrome

Positive results in phase III trial
(2007) and a large European
phase III trial (2010), in talks
with FDA for approval (2010)

Coagulation factor IIa
(SR-123781A) Combination of A, B, C, and D Venous thromboembolism Positive results in a large

European phase III trial (2008)

NTRK1 (lestaurtinib) Combination of A, B, C, and D Acute myeloid leukemia Lestaurtinib approved by FDA as
orphan drug (2006)

5HT 3 receptor (cilansetron) Combination of A, C, and D Irritable bowel syndrome

Positive phase III trial results
(2004), filed but withdrawn for
FDA approval (2005), still in
talks with MHRA and EU (2010)

Heparanase (PI-88) Combination of A, C, and D Hepatocellular cancer PI-88 fast tracked by FDA (2008)
MDR 3 (LY335979) Combination of A, C, and D Acute myeloid leukemia

Orexin receptor (almorexant) Combination of A, C, and D Sleep disorders Positive phase III trial result
(2010)

Somatostatin receptor 1
(pasireotide) Combination of A, C, and D Cushing’s disease, renal cell

carcinoma

NK-2 receptor (saredutant) Combination of A, C, and D Depression Positive phase III trial result
(2007), trial discontinued (2009)

BK-2 receptor (icatibant) Combination of A, B, and C Hereditary angioedema,
traumatic brain injuries

Positive phase III trial results
(2006), icatibant approved in EU
(2008)

Thrombin receptor
(SCH-530348) Combination of A, B, and C Cardiovascular disorders

CXCR4 (plerixafor) Combination of A, B, and D Non-Hodgkin’s lymphoma,
late-stage solid tumors

Plerixafor approved by FDA
(2008)

C1 esterase (Cinryze) Combination of A, B, and D Hereditary angioedema Cinryze approved by FDA (2008)

Sphingosine 1-phosphate
receptor 1 (Gilenia) Combination of A, B, and D Multiple sclerosis

Positive phase III trial results
(2008). FDA granted priority
review (2010)

NPYR5 (CGP71683A) Combination of A, B, and D Obesity

Plasma kallikrein (ecallantide) Combination of A, B, and D Hereditary angioedema
Positive phase III trial results
(2007), ecallantide approved by
FDA (2009)

only on 17 established targets, 140 drugs targeting only on 36
clinical trial targets, and 29 multitarget drugs targeting on 13
established and 13 clinical trial targets). As shown, established
targets of substantially high degree of clinical trial drugs (>10
drugs) were EGFR (26 drugs), mTOR (19 drugs), VEGFR2
(14 drugs), and IGF1R (13 drugs). In summary, EGFR and
VEGFR2 were identified as the most popular established
targets utilized by the highest number of both approved and
clinical trial drugs, while mTOR and IGF1R were also the
popular established targets with high number of drugs tested
in the clinical trial.

Moreover, clinical trial targets of substantially high degree
of clinical trial drugs (>10 drugs) were CDK1/2 (13 drugs),
Glucokinase (13 drugs), AKT (13 drugs), and Aurora B (12
drugs). Figure 2 illustrated a subnetwork of drug-target

interaction of clinical trial drugs used for treating the malig-
nant neoplasms of female genital organs (C51–C58). Typical
diseases within this class included the ovarian cancer and
cervical cancer. In this disease class, the maximum degree of
drugs equals 2, while the minimum is 1. In particular, 3 and
10 drugs worked on 2 primary targets and 1 primary target,
respectively. BEZ-235, PF-05212384, and apitolisib were dual
PI3K-alpha/mTOR inhibitors currently in phase 2 or 1 clinical
trials. Take BEZ-235 as an example; its dual inhibition
disturbed the PI3K/AKT/mTOR signaling pathway, leading
to cell apoptosis of endometrial cancer overexpressing PI3K
and mTOR [51].

The maximum number of degrees of targets equals 5,
while theminimumnumber is 1. In particular, 1, 1, 1, and 6 tar-
gets were targeted by 5, 3, and 2 clinical trial kinase inhibitors
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and 1 clinical trial kinase inhibitor for treating cancers of the
female genital organ, respectively. Target of the highest degree
was the PI3K-alpha. The development of endometrial cancer
was reported to be closely associated with the disruptions
in both Wnt/beta-catenin and Akt/PI3K/mTOR pathways.
Particularly, the genetic mutations in the catalytic subunit
of PI3K were considered typical for endometrial cancer and
were present in 26%∼36% of cases [52]. Moreover, target of
the second largest degree was mTOR. PI3K/mTOR pathway
was frequently activated in the endometrial cancer through
various genetic alterations [53], which double confirmed the
pivotal roles of both targets in endometrial cancer [51]. Thus,
based on network analysis, mTOR and PI3K-alpha were
discovered as the most popular targets of kinase inhibitors in
clinical trial for cancers of female genital organs.

4. Conclusion

In this study, a comparative analysis on system profiles of
both targets was conducted. Moreover, a previously reported
combinational method used for predicting the promising
targets was discussed and evaluated. Drug-target interaction
networks were used to identify popular established and
clinical trial kinase targets. As a result, systems profiles of the
majority of clinical trial kinase targets were identified to be
very similar to those of established ones, but a shift of trend
in the system profiles from the clinical trial to the established
targets was identified.
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Aspergillus oryzae is widely used for the industrial production of enzymes. In A. oryzae metabolism, transporters appear to play
crucial roles in controlling the flux of molecules for energy generation, nutrients delivery, and waste elimination in the cell. While
theA. oryzae genome sequence is available, transporter annotation remains limited and thus the connectivity ofmetabolic networks
is incomplete. In this study, we developed a metabolic annotation strategy to understand the relationship between the sequence,
structure, and function for annotation of A. oryzaemetabolic transporters. Sequence-based analysis with manual curation showed
that 58 genes of 12,096 total genes in theA. oryzae genome encodedmetabolic transporters. Under consensus integrative databases,
55 unambiguous metabolic transporter genes were distributed into channels and pores (7 genes), electrochemical potential-driven
transporters (33 genes), and primary active transporters (15 genes). To reveal the transporter functional role, a combination of
homologymodeling andmolecular dynamics simulation was implemented to assess the relationship between sequence to structure
and structure to function. As in the energy metabolism of A. oryzae, the H+-ATPase encoded by the AO090005000842 gene was
selected as a representative case study ofmultilevel linkage annotation. Our developed strategy can be used for enhancingmetabolic
network reconstruction.

1. Introduction

Aspergillus oryzae belongs to a group of filamentous fungi that
has long been used for the commercial production of different
industrial enzymes, such as alpha-amylases [1], proteases [2],
glucoamylases [3], xylanases [4], other hydrolytic enzymes
[5], and organic acids [6]. Not only does A. oryzae produce
various biological compounds, but also it has beneficial
features, such as acting as a robust host system with high
production yields and acclimatization to environmental and
nutritional duress [7]. In 2005, the whole genome of A.

oryzae strain RIB40 was sequenced and annotated [8]. Very
recently, the quality of the genome sequence was improved
and verified using next-generation sequencing platforms,
such as SOLiD [9] and Illumina MiSeq [10]. Moreover,
the advancement of multilevel omics integrative analysis
(genomics, transcriptomics, and proteomics) has enabled
the interpretation of high-throughput data for functional
annotation. In addition, the number of annotated genes in
A. oryzae was enhanced using expressed sequence tags data
[11]. Clusters of genes were then identified and annotated by

Hindawi Publishing Corporation
BioMed Research International
Volume 2016, Article ID 8124636, 13 pages
http://dx.doi.org/10.1155/2016/8124636

http://dx.doi.org/10.1155/2016/8124636


2 BioMed Research International

oligonucleotide microarrays [12, 13] and mRNA sequencing
technology [14].

Using a systems biology approach, a genome-scale
metabolic network of A. oryzae was reconstructed based
on annotated genomic data, which contains 1,314 enzyme-
encoding genes including 53 metabolic transporter-
associated genes [11]. Modeling of the genome-scale
metabolic network of A. oryzae has been used to evaluate
fungal biological processes and cellular physiology. However,
the connectivity of metabolic networks remains incomplete
because of the poor annotation of transporter genes.
Among the 161 unique transport reactions, only 33% of
annotated genes were identified and used in the network
[11]. In metabolic pathways, transporters appear to play
crucial roles in controlling the flux of molecules into and
out of cells [6, 15, 16]. Additionally, several transporters
regulate metabolic energy generation, delivery of essential
nutrients, waste product elimination, and survival under
environmental changes [17].

The techniques used for transporter annotation are often
performed by sequence-based analysis using pairwise and
multiple sequence alignment. Many studies of fungal trans-
porters have relied on similarity searching between orthol-
ogous sequences using the BLASTP algorithm [18], such as
investigating the gene encoding glucose transporter (hxtB–
E) in the genome of Aspergillus nidulans. In particular, use
of the ClustalW program [19] allowed for the clustering and
the identification of conserved sequences and evolutionary
relationship among orthologs of fungal transporters. In a
study of amino acid uptake in rust fungi (plant pathogenic
fungi), 60 genes were identified from rust fungal genomes
and then clustered into three different transporter families,
including 33 genes in yeast amino acid transporters, 20
genes in amino acid/choline transporters, and 7 genes in
L-type amino acid transporters [20]. This study indicated
several transporter genes in rust fungal genomes, which
may play a role in interactions between plant and rust
fungi [20]. However, sequence-based analysis is limited
to functional annotation. For example, there is a case of
two proteins, which have overall identical protein folds
implying their closely related functions, but no statistically
significant degree of sequence identity was observed [21].
To address such this case, structural studies through three-
dimensional (3D) structure from crystallography have greatly
enhanced our understanding of the potential protein func-
tion. As an example case presented in yeast, the structure
of V-ATPase from Saccharomyces cerevisiae was determined
using electron cryomicroscopy wherein the conformational
changes for three functional states were observed during
proton translocation [22]. Recently, the crystal structure of
the phosphate transporter from Piriformospora indica was
determined using X-ray crystallography, suggesting both
proton and phosphate exit pathways and the mechanism of
phosphate transport [23]. However, the number of molecules
with unsolved 3D structures and unknown functions is
increasing rapidly because the experimental assays to deter-
mine these properties are time-consuming and expensive.
Computational approaches enable functional annotation and
can be used to overcome these limitations. As observed

in A. nidulans, the relationship between the structure and
function of the subfamily of urea/H+ membrane transporter
for the UreA gene was studied [24]. Homology models
of the urea transporter were developed from the crystal
structures of other organisms [25, 26] as templates combined
with site-directed and classical random mutagenesis. This
computational approach can be used to identify critical
residues for urea transport and understand the binding,
recognition, and translocation of urea [24]. However, the
structure-based approaches generally rely on single static
structure and do not involve dynamic information. In fact,
structural dynamics can enhance functional prediction, in
which the homology modeling and molecular dynamics
(MD) simulation have already been extensively used as tools
to further access possible functions of several specific fungal
transporters (e.g., proline permease [27] and purine and
pyrimidine transporters [28]). Moreover, dynamic informa-
tion fromMD simulation revealed the molecular mechanism
of the proton pump related to conformational changes during
proton translocation through H+-ATPase [29, 30].

As described above, current approaches can only be
performed manually and specifically and cannot be used
to describe the relationship between sequence, structure,
and function for annotating high-throughput data of trans-
porters. Based on experimental data of A. oryzae, very few
reports involved in metabolic transporters, such as maltose
permease [31, 32], sulphate permease [33], malic acid trans-
porter [6], C

4
-dicarboxylate transporter [34], and uric acid-

xanthine permease [35], existed. Therefore, the advanced
annotation approaches can be used to increase the efficiency
of transporter annotation. In this study, we developed a
metabolic annotation strategy to determine the relation-
ship between sequence, structure, and function to annotate
metabolic transporters in the A. oryzae genome. Sequence-
based analysis is used to predict transporter genes. Next,
candidate transporter genes were subjected to functional
classification.The transporters involved in metabolic process
weremanually curated by integrative analysis (i.e., integrative
databases, phylogenetics, protein domains, or transporter
components). In addition, the combination of homology
modeling and MD simulation was used to determine the
relationship between sequence to structure and structure to
function.This proposedmetabolic annotation strategy can be
used to improve the genome-scale metabolic network of A.
oryzae and relevant fungi.

2. Materials and Methods

2.1. Sequence Alignment Analysis for Transporter Gene Pre-
diction. To identify all possible candidate transporter genes,
12,096 protein sequences from A. oryzae genome [8] were
searched against protein sequences from two different trans-
porter databases that are available that is, transporter classi-
fication database (TCDB) [36] and TransportDB [37] using
BLASTP (version 2.2.29+) [18] under bidirectional best-hit
and sensitivity analysis [38] as shown in Figure 1 (1st panel).
For TCDB, it is a curated transporter database of factual
information from over 10,000 published references. Unique
proteins in TCDB are deposited over 10,000 sequences
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Figure 1: Diagram shows overall framework of a metabolic annotation strategy for linkage between sequence, structure, and function for
annotating metabolic transporters in A. oryzae genome. In the 1st panel, Sets A and B indicate A. oryzae protein sequences searched against
TCDB and TransportDB databases, respectively, under bidirectional best-hit analysis (BBH) and sensitivity analysis (SA). In the 4th panel,
dash line implies themanual selection of ametabolic transporter from unambiguous function group as a representing case study of multilevel
linkage annotation. SM and MD stand for SWISS-MODEL and molecular dynamics simulation, respectively.
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which are classified into over 800 transporter families based
on the transporter classification (TC) system according to
functional and phylogenetic information [39]. In contrast,
TransportDB is a relational database describing the predicted
transporters based on automated annotation tool for organ-
isms whose complete genome sequences are available [40].

2.2. Functional Classification of Candidate Transporter Genes.
For functional classification, the candidate transporter genes
obtained were submitted as dataset queries using the
BlastKOALA and GhostKOALA annotation tools [41] as
shown in Figure 1 (2nd panel). These are KEGG internal
annotation tools for assignment of KEGG Orthology (K)
number to the query protein sequences by BLAST searching
against a nonredundant set of KEGG GENES, which was
determined using a 50% identity cut-off [42, 43]. It is noted
that GhostKOALA is suitable for annotating a large amount
of metagenome sequence data by GHOSTX searching using
a cut-off GHOSTX score of 100. After the submission of
queries, the annotation data with assigned K numbers was
downloaded and used for KEGG Mapper analysis to deter-
mine the full details of the assigned K numbers for each
candidate transporter gene [41]. The function of candidate
transporter gene was then manually classified into two
main categories, including (i) metabolic process and (ii)
nonmetabolic process. Candidate transporter genes involved
in various metabolisms (i.e., energy, lipid, nucleotide, amino
acid, glycan, and others) and metabolic transport processes
(i.e., solute carrier family, nutrient uptake, and ion chan-
nel) were categorized into the metabolic process. Candidate
transporter genes related to signaling, cellular, and genetic
information were categorized into the nonmetabolic process.
Candidate transporter genes with unclassified functions were
categorized into the unclassified process. Only candidate
transporter genes associated with the metabolic process were
subsequently performed by manual curation.

2.3. Manual Curation of Transporters Associated with
Metabolism. Candidate transporter genes categorized into
the metabolic process were manually curated functions
using integrative databases, including TCDB [36], KEGG
[42, 43], and PFAM [44], as shown in Figure 1 (3rd panel).
If transporters showed the same functions in all the three
databases, they were categorized into the unambiguous
function group. Otherwise, they were included in the
hypothetical function group. These further required
additional manual curation for transporter function. Such
phylogenetic analysis combined ClustalW [45] with MEGA6
(Molecular Evolutionary Genetics Analysis, version 6.0)
[46] and was manually performed to reveal evolutionary
relationship of hypotheticalmetabolic transporter gene based
on the maximum likelihood approach [47]. Alternatively,
protein domain analysis was performed. Hypothetical
metabolic transporter gene was manually submitted to
HMMER [48] and MEME [49] and then searched for
protein domains using the hidden Markov models [44, 50].
Otherwise, transporter component analysis was done.
Hypothetical metabolic transporter gene was manually
searched against protein sequences in TCDB based on

sequence similarity to identify transporter components.
Each component was afterwards curated against several
protein databases (e.g., carbohydrate-active enzymes
database (CAZy) [51] and Universal Protein Resource
(UniProt) database [52]). Transporters showing ambiguity
remained in the ambiguous function group.

2.4. Structure and Function Relationship Analysis. Protein
structure is more evolutionarily conserved than amino acid
sequence.Therefore, the analysis of 3D structures is a promis-
ing method for the functional annotation of transporters.
Homologymodelingwas performed as shown in Figure 1 (4th
panel). Initially, A. oryzae protein sequences belonging to the
unambiguous function group were submitted as queries to
the SWISS-MODEL [53] for searching the template against
the Protein Data Bank (PDB) [54]. Next, a metabolic trans-
porter from unambiguous function group that showed the
highest quality with the best-identified structural template
(i.e., sequence identity and percent coverage) was manually
selected as the representative case study of multilevel linkage
annotation. For structure-based sequence alignment of the
query and template, the conserved residues between the
query and template were retained in the homology model
using ProMod II [55]. Remodeling was carried out by substi-
tution of the appropriate amino acids. In order to obtain the
homology protein structure, MD simulation was conducted
using GROMACS version 4.5.5 [56]. Protein topology was
created using the standard GROMOS96 force field parameter
set 53a6 [57] and solvated based on the simple point charge
water model [58]. To remove steric conflicts between atoms
and to avoid high energy interactions, system energy was
minimized for 2,000 steps. MD simulation was afterwards
run in the NVT (constant particle number, volume, and
temperature) ensemble for 100 ns with an integration time
step of 1 fs. The temperature was kept constant at 298K using
the V-rescale algorithmwith a time constant of 0.1 ps [59–61].
Periodic boundary conditions were applied in all directions.
The real-space part of the electrostatic and Lennard-Jones
interaction was set at a 1.0 nm cut-off. Long-range electro-
statics were calculated using particle-mesh Ewald [62, 63]
with a 0.12 nm grid and the cubic interpolation of order
four in the reciprocal-space interactions. To avoid physical
artifacts, the tested protocol was employed [64–66]. All bond
lengths were constrained using the LINCS algorithm [67].
System visualization was performed using Visual Molecular
Dynamics software [68]. The structural template was used as
the reference, in which the homology model was created and
simulated for comparison. At equilibrium, the trajectories
were determined as the stability of global protein structure
by calculating the root mean square deviation (RMSD) and
root mean square fluctuation (RMSF).

3. Results and Discussion

Using our developedmetabolic annotation strategy for trans-
porters, we achieved four main results as described in the
following. First, we describe the assessment of candidate
transporter genes. Next, we present the classified functions of
candidate transporter genes. Focusing on metabolic process
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Table 1: Number of candidate transporter genes identified by
sequence alignment analysis.

Database-based
annotation 𝐸-value∗ Number of candidate

transporter genes
TCDB 6𝐸 − 09 112
TransportDB 5𝐸 − 04 18

123
∗Suitable estimated cut-off values.

category, we describe the manually curated transporters
associated in metabolism. To this end, the structure and
function relationship assessment of unambiguous metabolic
transporter is discussed.

3.1. Assessment of Candidate Transporter Genes. Candidate
transporter genes were identified by sequence alignment
analysis using 12,096 protein sequences of A. oryzae against
protein sequences in TCDB and TransportDB. We identified
129 and 23 protein sequences with one-to-one homologous
relationship by bidirectional best-hit analysis in TCDB and
TransportDB, respectively. These results were subsequently
subjected to sensitivity analysis by varying the 𝐸-values
as cut-offs. The 𝐸-values of 6𝐸 − 09 and 5𝐸 − 04 were
selected as the suitable estimated cut-off values. Hereby,
we obtained 112 and 18 possible transporter genes from
TCDB and TransportDB, respectively. All possible trans-
porter genes under statistical significance were overlapped
and removed duplicate data. Consequently, 123 candidate
transporter genes of A. oryzae were obtained as presented in
Table 1. Full list of candidate transporter genes is provided
in Table S1 in Supplementary Material available online at
http://dx.doi.org/10.1155/2016/8124636.

3.2. Classified Functions of Candidate Transporter Genes.
A total of 123 candidate transporter genes were submitted
as dataset queries to the BlastKOALA and GhostKOALA
annotation tools. Based on the KEGG database results, 87
of the 123 submitted queries were assigned K numbers,
which were manually classified into the metabolic process
and nonmetabolic process categories (Table S2). As shown in
Figure 2, the major category (65 of 123 candidate transporter
genes) was in the metabolic process (Table S3), which was
divided into seven subcategories, including 41 genes involved
in metabolic transport processes, 15 genes involved in energy
metabolism, 4 genes involved in glycan metabolism, and 5
genes involved in another four subcategories (Figure 2). In
contrast, 17 candidate transporter genes were classified in the
nonmetabolic process category, which was divided into two
subcategories. These were 8 genes involved in signaling and
cellular process and 9 genes involved in genetic information
process. It has been reported that transporter genes involved
in genetic information and cell signaling process are impor-
tant in regulation level which can trigger cellular response
process by transporting transcription factors, DNA binding
protein, mRNA, miRNA, and other related genetic factors
across compartments [69]. For candidate transporter genes
with unclassified functions (41 genes), they were separated
into unclassified process category.

3.3. Manually Curated Transporters Associated with
Metabolism. Initially, 65 candidate metabolic transporter
genes were manually curated to determine their functions
using integrative databases, including TCDB, KEGG, and
PFAM (Table S4). The results showed that the transporter
functions were classified into three assigned function
groups, namely, unambiguous, hypothetical, and ambiguous
functions.

For the unambiguous function group, 55 of the 65
transporter genes were manually curated and found to be
overlapped among the integration of three databases as sum-
marized in Table 2. The 55 transporter genes were clustered
into three classes using the TC system. Seven of the 55
transporter genes were involved in ammonium, magnesium,
copper, and water transporters, which belonged to channels
and pores (class 1). Most of the unambiguous function group
(33 of 55 transporter genes) were involved in electrochemical
potential-driven transporters (class 2), such as carbohydrate,
amino acid, and nutrient uptake transporters. As example in
class 2, AO090009000688 gene was curated as a nucleotide
sugar transporter involved in transporting GDP-mannose,
which was synthesized in the cytosol and nucleus and trans-
ported to the endoplasmic reticulum and the Golgi apparatus
formannosylation process [70].Dean et al. demonstrated that
a mutation in the gene encoding GDP-mannose transporter
(VRG4) in S. cerevisiae caused a loss of mannosylation in
vrg4mutants, leading to cell death [71]. For gene orthologs of
VRG4 identified inAspergillus fumigatus [72] andA. nidulans
[73], they were also found to be associated with polysaccha-
ride synthesis during spore germination. In addition, three
zinc transporter genes (AO090005000026, AO090011000831,
and AO090026000441) corresponded to zinc tolerance and
accumulation in A. oryzae [74]. Interestingly, large amounts
of zinc could be accumulated in mycelial cells of A. oryzae
[74]. Accordingly, this suggests that zinc transporter can
be used to improve the absorption capacity of A. oryzae
towards pollutant metals. For the other remaining manually
curated genes, 15 of 55 transporter genes were functionally
assigned for the primary active transporters (class 3). As
seen in class 3, observably most of the transporter func-
tion utilized energy from ATP hydrolysis to transport ions
through cellular membranes against a concentration gradient
[29] (Table 2). For instance, AO090102001037 gene encoding
proton-translocating transhydrogenase can hydrolyze ATP
to transport proton through cellular membrane. Notably,
this AO090102001037 gene showed evolutionary relationship
among Aspergillus species in terms of gene sequence and
expression [75].

For the hypothetical function group, 3 of the 65 trans-
porter genes (i.e., AO090001000747, AO090023000801, and
AO090005000980) were manually curated for individual
transporter function by either phylogenetic, protein domain,
or transporter component analysis, respectively.

Performing phylogenetic analysis, the hypothetical met-
abolic transporter gene, for example, AO090001000747 in A.
oryzae and oligosaccharyl transferase (OST3) in S. cerevisiae,
showed a closer evolutionary relationship than magnesium
transporter (MAGT1) in Homo sapiens as illustrated in Fig-
ure 3. As a result, it is promising that AO090001000747 gene
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Unclassified process (41 genes)
Energy metabolism (15 genes)
Lipid metabolism (1 gene)
Nucleotide metabolism (1 gene)
Amino acid metabolism (1 gene)
Glycan metabolism (4 genes)
Specialized metabolism (2 genes)
Metabolic transport processes (41 genes)

Metabolic process (65 genes)
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Figure 2: Doughnut chart illustrates different functional categories of A. oryzae candidate transporter genes. Outer layer shows three main
functional categories (i.e., metabolic, nonmetabolic, and unclassified processes). Inner layer shows seven subcategories distributed into
metabolic process and two subcategories distributed into nonmetabolic process. Ring size reflects the relative ratio of genes identified in
each category.

Mus musculus (house mouse)

Rattus norvegicus (norway rat)

Homo sapiens (human)

Danio rerio (zebrafish)

Anas platyrhynchos (mallard)

Xenopus laevis (frog)

Saccharomyces cerevisiae (baker’s yeast)

Aspergillus oryzae

MAGT1

OST3

Figure 3: Horizontal cladogram shows an evolutionary relationship of oligosaccharyltransferase (OST3) and magnesium transporter
(MAGT1) among A. oryzae and 7 different model organisms (i.e., Mus musculus, Rattus norvegicus, H. sapiens, Danio rerio, Anas
platyrhynchos, Xenopus laevis, and S. cerevisiae). The figure is generated by the MEGA6 [46] and ClustalW [45].

is potentially encoded for the endoplasmic reticulum resi-
dent oligosaccharide transporter involved in N-glycosylation
according to the function of OST3 in S. cerevisiae [76].
Previously, it has been reported that OST3 is a gate keeper
for the secretory pathway [77] and it can catalyze the priority
step in protein secretion [78]. Therefore, the significant tran-
scriptional upregulation of AO090001000747 gene (OST3
ortholog) was accordingly reported in an A. oryzae alpha-
amylase overproducing strain [1]. Our finding implies that
AO090001000747 gene is contributed for transporting and
encompassing secretory proteins, which is favorable for
increasing the efficiency of commercial protein secretion in
A. oryzae. Full details of horizontal cladogram can be seen in
Figure S1.

Considering protein domain analysis, it is an alternative
way for manual curation of transporter function. Once
HMMER [48] and MEME [49] were used for searching
the protein domains of hypothetical metabolic transporter
gene, for example, AO090023000801, observably this gene
contains the conserved carboxylase domain which represents
a conserved region in pyruvate carboxylase and oxaloacetate
decarboxylase. A report by Knuf et al. supported that
AO090023000801 gene encoding pyruvate carboxylase was
involved in organic acid production [6]. Besides, a manual
sequence searching by TCDB [36] also supported that
AO090023000801 gene encoding oxaloacetate decarboxylase
was involved in sodium transport. These results thus imply
that the AO090023000801 gene may have two transporter
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Table 2: List of manually curated transporter genes and functions in unambiguous function group.

Name of transporter gene TCID Name of transporter function∗

Class 1: channels and pores
AO090023000569 1.A.1.7.1 Outward-rectifier potassium channel
AO090038000314 1.A.11.3.2 Ammonium transporter
AO090003001402 1.A.35 Magnesium transporter
AO090120000141 1.A.35.5.1 Magnesium transporter
AO090120000214 1.A.56.1.4 Copper transporter
AO090011000329 1.A.8.8.8 Aquaporin
AO090023000895 1.B.8.1.1 Voltage-dependent anion channel porin

Class 2: electrochemical potential-driven transporters
AO090003000050 2.A.1.7.1 L-fucose permease
AO090012000623 2.A.1.8.5 Nitrate transporter
AO090010000135 2.A.100.1.3 Iron-regulated transporter
AO090010000229 2.A.17.2.2 Proton-dependent oligopeptide transporter
AO090026000828 2.A.19.4.4 Sodium/potassium/calcium exchanger
AO090009000637 2.A.2.6.1 Alpha-glucoside permease
AO090003001404 2.A.20 Phosphate transporter
AO090012000901 2.A.20.2.2 Phosphate transporter
AO090103000274 2.A.22.3.2 Sodium and chloride dependent GABA transporter
AO090009000405 2.A.29.1.3 Mitochondrial adenine nucleotide translocator
AO090005000114 2.A.3.10.2 Amino acid transporter
AO090009000636 2.A.36.1.12 Sodium/hydrogen exchanger
AO090005000019 2.A.39.3.1 Allantoin permease
AO090005000455 2.A.40.5.1 Purine permease
AO090003000443 2.A.41.2.7 H+/nucleoside cotransporter
AO090003000920 2.A.47.2.2 Phosphate transporter
AO090026000432 2.A.49.1.3 Chloride channel
AO090005000026 2.A.5.1.1 Zinc transporter
AO090011000831 2.A.5.5.1 Zinc transporter
AO090026000441 2.A.5.7.1 Zinc transporter
AO090011000817 2.A.52.1.3 Nickel transporter
AO090003000798 2.A.53.1.2 Sodium-independent sulfate anion transporter
AO090003001119 2.A.55.1.1 High-affinity metal uptake transporter
AO090003001233 2.A.57.3.1 Nucleoside transporter
AO090005001332 2.A.59.1.1 Arsenite transporter
AO090120000217 2.A.6.6.5 Hydroxymethylglutaryl-CoA reductase
AO09M000000016 2.A.63 NADH-ubiquinone oxidoreductase
AO090001000748 2.A.66 Polysaccharide exporter
AO090010000775 2.A.7.10.2 UDP-xylose/UDP-N-acetylglucosamine transporter
AO090009000400 2.A.7.11.1 UDP-galactose transporter
AO090009000688 2.A.7.13.2 GDP-mannose transporter
AO090026000255 2.A.72.3.2 Potassium transporter
AO090005001455 2.A.97.1.4 Potassium and hydrogen ion antiporter

Class 3: primary active transporters
AO090009000651 3.A.1.201.11 Multidrug resistance protein 1
AO090038000399 3.A.1.31.1 Possible ABC transporter permease for cobalt
AO090003000688 3.A.19.1.1 Arsenite-translocating ATPase
AO090010000482 3.A.2 V-type ATPases
AO09M000000001 3.A.2.1.3 F-type ATPase
AO090012000797 3.A.2.2.3 V-type ATPase
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Table 2: Continued.

Name of transporter gene TCID Name of transporter function∗

AO090038000088 3.A.3.1.7 P-type ATPase
AO090012000773 3.A.3.10.1 P-type ATPase
AO090038000322 3.A.3.2.2 P-type ATPase
AO090005000842 3.A.3.3.6 Plasma membrane proton ATPase
AO09M000000013 3.D.1.2.1 NADH dehydrogenase
AO09M000000015 3.D.1.6.2 NADH-ubiquinone oxidoreductase
AO090102001037 3.D.2.4.1 Proton-translocating transhydrogenase
AO090010000475 3.D.3.2.1 Cytochrome b-c1 complex subunit Rieske
AO09M000000014 3.D.4.8.1 Cytochrome oxidase
∗Names of transporter functions are based on KEGG, PFAM, and UniProt databases.

functions related to the conserved region. For the other
transporter component analysis, the hypothetical metabolic
transporter gene, for example, AO090005000980, was
manually searched against protein sequences in TCDB
[36] based on sequence similarity to identify transporter
components. Accordingly, AO090005000980 gene was
identified as potassium transporter (Ktr) containing three
different components (i.e., the potassium-translocating
protein (KtrB), regulatory protein (KtrA), and Slr1508
protein). Using CAZy [51] and UniProt [52], the protein
function of Slr1508 was glycosyl transferase involved in
glycosylphosphatidyl inositol anchor formation. After using
PFAM[44], the results also supported that the Slr1508 protein
has glycosyl transferase function. These suggest that the
AO090005000980 gene may have two transporter functions
relevant to the transporter components. Transporter genes
showing functional ambiguity remained in the ambiguous
function group (7 of 65 transporter genes), namely, genes
AO090005001300, AO090120000224, AO090011000320,
AO090020000415, AO090020000492, AO090010000212,
and AO090012000733.

3.4. Structure and Function Relationship Assessment of Unam-
biguous Metabolic Transporter. To ensure the functional role
of the unambiguous metabolic transporter, a combination
of homology modeling and MD simulation was used to
assess the relationship between sequence to structure and
structure to function, which provides stronger evidence
for functional conservation and annotation of transporter
beyond sequence-based analysis. To do this, a metabolic
transporter from unambiguous function group wasmanually
selected based on the central transporter role in metabolism
of A. oryzae with the highest sequence identity and coverage
from sequence alignment analysis between the query (e.g.,
metabolic transporter gene) and the well-known structure
and function of transporter in PDB. Among the unam-
biguous metabolictransporters, favorably AO090005000842
gene encoding for H+-ATPase was selected as a represen-
tative case study of multilevel linkage annotation due to
the highest sequence identity and percent coverage between
AO090005000842 gene and the well-known structure and
function of theH+-ATPase ofNeurospora crassa. To elaborate,
AO090005000842 gene was initially submitted as a query
onto the SWISS-MODEL for template searching against the

PDB. According to the highest quality results among the
top 10 identified templates (Table S5), the electron crys-
tallography structure of H+-ATPase in N. crassa (PDB ID:
1MHS) [30] showed the highest sequence identity (77.47%)
and percent coverage (94%). Therefore, 1MHS was used
as a template for the homology modeling of A. oryzae
H+-ATPase. Thus, the model was generated with detailed
sequence alignment between H+-ATPase in A. oryzae and
N. crassa (Figures 4(a) and S2). Overall, 681 residues in the
five principal domains were identical in both proteins, as
shown in Figure 4(b).The most homologous domain was the
phosphorylation (P) domain (92.12%), followed by the cluster
of 10 transmembrane helices (M1-2, M3-4, andM5–10) in the
membrane domain (80.52%), the nucleotide-binding domain
(72.30%), the actuator domain (64.13%), and the regulatory
domain (60.53%). Additional details are shown in Table S6.

In addition to the analysis of static structures by homol-
ogy modeling, MD simulation was carried out in order to
evaluate structural stability during dynamics simulation and
the changes in the stability of proton-transporting regions
compared with template structures.The dynamics systems of
bothH+-ATPasemodels were created under theGROMOS96
force field and solvated in a simple point charge water model
without constraints. These systems were then subjected to
MD simulation for 100 ns while monitoring equilibration by
examining the stability of the geometrical property (RMSD)
of the H+-ATPase models. Subsequently, the RMSD and
RMSF were calculated using the trajectories to quantify the
stability and the fluctuation of the protein. The RMSD of
global structures of the H+-ATPase in A. oryzae and N.
crassa reached equilibrium after 50 ns using the quantities
as shown in Figure S3. Indeed, all five principal domains in
the A. oryzae and N. crassa H+-ATPases shared the same
average RMSD over the equilibrium which indicated that
the dynamic behavior of functional domains was conserved
among these species (Table S7).

In fact, the proton-transport region (M-domain) of H+-
ATPase is embedded in membrane environment. Therefore,
M-domain of A. oryzae H+-ATPase embedding in palmitoyl
oleoylphosphatidylcholine (POPC) lipid bilayer was con-
ducted using theMD simulation.The insertion of M-domain
into membrane was done as followed by Kandt et al. [79, 80]
(Figure S4).The simulation was performed under NPT (con-
stant particle number, pressure, and temperature) ensemble.
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Figure 4: Diagram shows sequence alignment between the H+-ATPase in A. oryzae (Ao) and N. crassa (Nc) (PDB ID: 1MHS) [30] in (a)
and structural template with five principle domains distinguished with different colors in (b). For both (a) and (b), A1-2 indicates actuator
(A) domain shaded in green, P1-2 indicates the phosphorylation (P) domain shaded in blue, N indicates the nucleotide-binding (N) domain
shaded in red, M1-2, M3-4, and M5–10 indicate the transmembrane (M) domain shaded in pink, and R indicates the regulatory (R) domain
of the H+-ATPase shaded in grey.

Semi-isotropic pressure was applied by the Berendsen algo-
rithm, at a pressure of 1 bar in both the 𝑥𝑦-plane and the 𝑧-
direction (bilayer normal) with a time constant of 3.0 ps and
a compressibility of 4.5 × 10−5 bar−1 [59–61]. The simulation
was run for 25 ns and the last 15 ns was used for analysis.
The results showed that the average RMSD of the proton-
transporting regions, M-domain embedding in POPC of A.
oryzae, H+-ATPase was 0.398 ± 0.007 nm (Figure S5). This
RMSD result supported that the M-domain embedding in
POPC of A. oryzae H+-ATPase was consistently preserved
with the corresponding regions in the initial structure of N.
crassaH+-ATPase.

In addition, the proton-transporting unit of the H+-
ATPase is defined by the presence critical proton-binding
sites along proton translocation path in M-domain [81].
Such mutational H+-ATPase studies in plants demonstrated
that substitution of Asp684 with Asn led to a defect in the
conformational change for transporting protons but did not
abolish the ability to bind to nucleotides and hydrolyze ATP
[82]. Consistently, the substitutions of Asp730 in N. crassa
H+-ATPase disrupted a salt bridge between Asp730 and
Arg695, preventing the transport of protons along the proton
cavity [83]. Similar structural arrangements in the proton-
transporting path included positions for each conserved
polar and charged residue, which may promote efficient
proton transport [81].Thus, the overall equivalent residues for
proton translocation must conserve in identity and position.
Therefore, fluctuations in the corresponding proton-binding
sites in the A. oryzae H+-ATPase, including basic side chains
(Arg705 and His711 on M5), acidic side chains (Asp740 on
M6, Glu815 on M8), and polar side chains (Tyr704 and
Ser709 on M5,Thr743 on M6), were expected to show RMSF
values comparable to those of the N. crassa H+-ATPase
(Figure 5).The RMSF of individual equivalent residues in the
A. oryzaeH+-ATPase also matched with their corresponding

sites in the N. crassaH+-ATPase (Table S8). For instance, the
acidic side chain Arg705 and the basic side chain Asp740
in the A. oryzae H+-ATPase fluctuated with the RMSF by
approximately 0.0737 nm and 0.1530 nm, respectively, which
are the corresponding sites in the N. crassa H+-ATPase,
Arg695 (0.0770 nm), and Asp730 (0.1118 nm).

In accordance with the overall comparable geometrical
properties, the A. oryzae and N. crassa H+-ATPase models
were substantiated for their structural conservation at the
dynamic level. Taken together, the integrative results derived
fromhomologymodeling andMD simulation supported that
the proton-transporting role along the proton-transporting
path in transmembrane domain was structurally conserved
between H+-ATPases in A. oryzae andN. crassa, where func-
tional conservation for the proton transporter is expected.

4. Conclusion

For the integrative multilevel annotation of metabolic trans-
porters, we propose a metabolic annotation and assess-
ment strategy based on sequence, structure, and function
relationship as a platform for increasing the functional
efficiency of transporter annotation. Of 12,096 total genes
in the A. oryzae genome, our strategy could be used to
identify 58 metabolic transporter genes. Under consensus
integrative databases, 55 unambiguous metabolic transporter
genes were distributed into channels and pores (7 genes),
electrochemical potential-driven transporters (33 genes), and
primary active transporters (15 genes).The remaining 3 hypo-
thetical metabolic transporter genes were manually curated
transporter functions by phylogenetic, protein domain, and
transporter component analysis. Among the unambiguous
metabolic transporter genes, the H+-ATPase or proton pump
encoded by the AO090005000842 gene was selected as a
representative case study of multilevel linkage annotation in
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Figure 5: Diagram shows the comparable RMSF between the A. oryzae and N. crassaH+-ATPases. This graph is generated using the data in
Table S8.

order to reveal the transporter functional role in A. oryzae
metabolism. Our metabolic annotation strategy can be used
for improving functional annotation and enhancing cellular
metabolic network and modeling in A. oryzae and relevant
fungi.
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