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In biochemistry and biomedicine, more and more new
technologies are developed and the high-throughput data
generated by such technologies need to be analyzed with
more powerful systems biology and bioinformatics methods.

In this special issue, novel systems biology and bioinfor-
matics methods developed in 2014 and their applications in
biochemistry and biomedicine were introduced.

Ł. Palkowski et al. presented a SAR study of a novel
homologous series of bis-quaternary imidazolium chlorides.
With the help of the dominance-based rough set approach
(DRSA), some relevant features were extracted, which were
deemed to be highly related to antifungal activity of the
compounds.

H. Liu et al. developed a new method to predict HIV-1
protease cleavage site.They used two feature fusion methods:
combination fusion and decision fusion and improved the
prediction performance. Their results and analysis provide
useful instruction and help for designing HIV-1 protease
inhibitor in the future.

G. P. Monterrubio-López et al. identified novel potential
vaccine candidates against tuberculosis based on reverse vac-
cinology. For each candidate, both comprehensive literature
survey and bioinformatics analysis, such as the simulation
of the immune response, were conducted. At last, six novel
vaccine candidates, EsxL, PE26, PPE65, PE PGRS49, PBP1,
and Erp, were considered to be useful for tuberculosis vaccine
design.

M.Aqil et al. analyzed the transcriptomeof humanmono-
cytic cells expressing the HIV-1 Nef protein and their exo-
somes. They identified four key mRNAs, MECP2, HMOX1,

AARSD1, and ATF2, which are important for chromatin
modification and gene expression. They also identified three
key mRNAs, AATK, SLC27A1, and CDKAL, which are
important in apoptosis and fatty acid transport.

Y. Liu et al. developed a computational method to
predict protein glycation sites by using the support vector
machine classifier, maximum relevancy minimum redun-
dancy (mRMR), and incremental feature selection (IFS)
method. Their prediction accuracy was 85.51% and MCC
(Matthews correlation coefficient) was 0.70. They found
that the composition of k-spaced amino acid pairs feature
contributed the most for glycation sites prediction.

Z. Xu et al. proposed a systems biology approach to
quantify biofilm formation of P. aeruginosa upon the changes
of availability of amino acids, ferrous ions, sulfate, and
phosphate in the surrounding environment. Some biofilm
formation patterns were discovered, which can be validated
by existing experimental data.

F. Wang et al. presented a distribution-based approach
for gene pair classification by identifying a disease-specific
cutoff point that classified the coexpressed gene pairs into
strong and weak coexpression structures. They applied their
method to analyze the NPM1-associated genes in chronic
myelogenous leukemia (CML) and found that genes involved
in the ribosomal synthesis and translation process tended to
be coexpressed in the CML group.

Y. Cui et al. collected the biochemical examination and
tongue image data from 46 case subjects with hyperuricemia
and 46 control subjects. Based on the symmetrical Haar-like
features which were extracted from tongue images, they built

Hindawi Publishing Corporation
BioMed Research International
Volume 2015, Article ID 568607, 2 pages
http://dx.doi.org/10.1155/2015/568607

http://dx.doi.org/10.1155/2015/568607


2 BioMed Research International

a classifier that can distinguish the case and control subjects.
The area under the receiver operating characteristic curve
(AUC) was 0.877.

M.-H. Wang and W.-H. Chang investigated the effects of
electrode geometry inmicrofluidic devices on the impedance
of single HeLa cell. Their simulations indicated that the circle
and parallel electrodes provide higher electric field strength
compared to cross and standard electrodes at the same
operating voltage. Increasing the operating voltage reduces
the impedancemagnitude of a singleHeLa cell in all electrode
shapes and decreasing impedance magnitude of the single
HeLa cell increases measurement sensitivity.

M. Deng et al. applied gas chromatography-mass spec-
trometry (GS-MS) in combination with multivariate statis-
tical analysis to explore the metabolic variability in urine of
chronically hydrogen sulfide- (H

2
S-) poisoned rats relative to

control ones. Their technique can be employed to decipher
the mechanism of chronic H

2
S poisoning and promote the

use of metabolomics in clinical toxicology.
W. Hu et al. evaluated the accuracy of a novel computer-

simulated biopsy marking system (CSBMS) developed for
endoscopic marking of gastric lesions. Twenty-five patients
with history of gastric intestinal metaplasia received both
CSBMS-guidedmarking and India ink injection in five points
in the stomach at index endoscopy. The mean accuracy of
CSBMS at angularis was 5.3 ± 2.2mm, antral lesser curvature
5.7 ± 1.4mm, antral greater curvature 6.1 ± 1.1mm, antral
anterior wall 6.9 ± 1.6mm, and antral posterior wall 6.9 ±
1.6mm. Their results suggested that the CSBMS can accu-
rately identify previously marked gastric sites by endoscopic
tattooing within 1 cm on follow-up endoscopy.

G. Huang et al. developed a method to predict S-nitrosy-
lation modification sites based on kernel sparse representa-
tion classification and mRMR Algorithm. Their predictor
achieves Matthews’ correlation coefficients of 0.1634 and
0.2919 for the training set and the testing set, respectively,
which are better than those of 𝑘-nearest neighbor algo-
rithm, random forest algorithm, and sparse representation
classification algorithm. A webserver for the prediction of
S-nitrosylation sites based on kernel sparse representation
classification and minimum Redundancy Maximum Rele-
vance algorithm is available at http://www.zhni.net/snopred/
index.html.

Yudong Cai
Tao Huang
Lei Chen
Bing Niu
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In disease prophylaxis, single cell inspection providesmore detailed data compared to conventional examinations. At the individual
cell level, the electrical properties of the cell are helpful for understanding the effects of cellular behavior. The electric field
distribution affects the results of single cell impedance measurements whereas the electrode geometry affects the electric field
distributions. Therefore, this study obtained numerical solutions by using the COMSOL multiphysics package to perform FEM
simulations of the effects of electrode geometry onmicrofluidic devices. An equivalent circuitmodel incorporating the PBS solution,
a pair of electrodes, and a cell is used to obtain the impedance of a single HeLa cell. Simulations indicated that the circle and
parallel electrodes provide higher electric field strength compared to cross and standard electrodes at the same operating voltage.
Additionally, increasing the operating voltage reduces the impedance magnitude of a single HeLa cell in all electrode shapes.
Decreasing impedance magnitude of the single HeLa cell increases measurement sensitivity, but higher operational voltage will
damage single HeLa cell.

1. Introduction

As the severity of diseases increases, many researchers have
begun investigating ways to reduce the death rate by curing
diseases in early stages. In the case of diseases such as cancer,
the conventional cell inspection rarely provides sufficient
information for diagnosis because only a small percentage
of cells exhibit symptoms of malfunction in early stages of
these diseases [1, 2].The conventional inspection uses average
values for cellular parameters and cannot exactly represent
individual cells [3–5]. Additionally,multiple parametersmust
be measured in single living cells to correlate cellular events
and thus understand complex cellular processes [5, 6]. Hence,
single cell analysis is an important trend in biological and
medical research.

For single cell analysis, cell impedance analysis [7–10] has
rapidly developed as an effective method of biological mea-
surement. Impedance measurements can provide accurate
and detailed information about electrical characterizations
on single cells than those on pathological tissues. In the
case of diseases such as cancer, biochemical functions of

living biological cells change appear earlier than other clinical
symptoms. Detecting these changes in the incubation stage is
favorable to the general survey, prevention, and early stage
treatment of the diseases [1, 2]. When used to monitor the
change of biochemical functions of living biological cells in
the period of the treatment and rehabilitation of diseases,
cell impedance analysis provides a functional model that can
be used to evaluate cells by applying physiology and pathol-
ogy information [11]. Understanding single cell impedance
variation could be helpful to realize the status of single cell.
Hence, single cell impedance analysis is an effective method
for evaluating treatment results or the stage of recovery [12].
Moreover, cell impedance analysis is applicable for studying
effects of pharmaceutical compounds, viral and bacterial
infections, environmental parameters, toxicity, and other
factors on cells.

Most studies of single cell impedance have focused on
impedance measurement and analysis. Ayliffe et al. used
microchannels with integrated gold electrodes to measure
electric impedance in air, in biological cells, and in various
concentrations of PBS [13]. Cho et al. presented a novel
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Figure 1: The equivalent circuit model of the system.

biosensor for electrical/physical characterization of single
cells [1]. The authors identified significantly different mag-
nitudes and phase shifts between normal and abnormal red
blood cells. Cho and Thielecke used a micro-hole-based cell
chip to measure impedance in single L929 cells in various
physical/chemical environments [14]. Jang and Wang used
a microfluidic device to capture single cells and to measure
impedance at various operational voltages and frequency [15].
However, all of the above studies encountered measurement
problems that reduced the accuracy of their measurement
results. Some problems were caused by the geometry of
the detection electrodes in microfluidic devices. Electrodes
have an important role in cell impedance measurements
in microfluidic devices. Iliescu et al. used microfluidic
devices with three different electrode geometries to measure
phosphate buffer saline (PBS), living cells, and dead cells
[16]. The electric field distribution affects the impedance
measurement, and the electrode geometry affects the electric
field distributions [17]. Therefore, optimizing the electrode
shape can improve analysis of single cell behavior.

For a clear and in-depth understanding of the mea-
sured data and the biophysics behind the experimental
phenomenon, analyzing the effects of electrode geometry
on microfluidic devices is essential. This study performed
numerical simulations of single cell impedance in electrodes
with four different shapes. An equivalent electrical circuit
model is used to obtain the numerical results from the FEM
simulation of the COMSOL multiphysics package [18]. The
detailed analytical results for impedance and phase of single
HeLa (human cervical epithelioid carcinoma) cells at voltages
ranging from 0.1 to 1.0 V and frequencies ranging from 5 to
100 kHz are also presented.

2. Theory

An authoritative electrical-biological-circuit-system is used
in this study [18].The system includes cell impedance𝑍

𝑐
, PBS

solution impedance 𝑍
𝑠
, and a pair of electrodes resistor 𝑅

𝑒
as

shown in Figure 1. The 𝑍
𝑐
is a capacitance of cell membrane

𝐶
𝑐
in series with a resistor cytoplasm 𝑅

𝑐
. The 𝑍

𝑠
represents

the impedance contributed by all materials between the two
electrodes, including the solution resistor 𝑅

𝑠
in parallel with

capacitance of double layer 𝐶
𝑑
. The circuit model is 𝑍

𝑐
in

parallel with 𝑍
𝑠
and both are in series with 𝑅

𝑒
. Additionally,

this model is operated at frequency range between 5 and
100 kHz and voltage range from 0.1 V to 1 V. The overall
impedance of the system can be written as

𝑍 = 𝑅
𝑒
+

1

(1/𝑅
𝑠
) + 𝑗𝜔𝐶

𝑑
+ (1/ (𝑅

𝑐
+ (1/𝑗𝜔𝐶

𝑐
)))

= 𝑍Real + 𝑗𝑍Img,

(1)

where 𝑍Real and 𝑍Img are real and imaginary parts of 𝑍,
respectively. The magnitude and angle of 𝑍 are given by (2)
and (3), respectively:

𝑀𝑎𝑔 = √𝑍
2

Real + 𝑍
2

Img, (2)

𝜃 = tan−1
𝑍Img

𝑍Real
. (3)

3. FEM Simulation

The COMSOL multiphysics commercial software package is
used for electrical characterization of the biosensor system
in this study. The program simulates electrical components
(conductivity and permittivity) and devices used in elec-
trostatic, magnetic static, and electromagnetic quasistatic
applications, particularly in terms of the effects of other
physical properties. The two-dimensional numerical model
used in this study incorporates an AC/DCmodule.Thewidth
and length of the COMSOL structure are 100 𝜇mand 100 𝜇m,
respectively. The origin of coordinate is in the center of
COMSOL structure. In order to improve the sensitivity and
electric field distribution of impedance measurement, four
different electrode shapes have been proposed in this study.
Figure 2 shows the four different electrode shapes (cross,
circle, parallel, and standard). The electrode gap is 8 𝜇m and
the electrode is composed of gold (Au). The conductivity
and relative permittivity of phosphate buffer saline (PBS) are
2 × 10

−6 S/m and 136, respectively [15]. Tables 1 and 2 list the
conductivity and relative permittivity of single HeLa cell at
frequencies form 5 to 100 kHz and at voltages from 0.1 V to
1 V [18].

The accuracy of the simulation results was confirmed by
comparing the electric potential of theory and simulation
using parallel electrode. Figure 3 plots the electric potential
of theory and simulation result between electrodes. The
simulation results are in almost perfect agreement with the
theoretical results. The electric potential of simulation only
changes on the𝑦 coordinate axis, which is also consistentwith
electric potential theory.

4. Results

This work used the COMSOL software package for electrical
characterizations of single HeLa cells with four different
electrode shapes. In the simulations, the frequency range
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Figure 2: The four electrode shapes: (a) cross, (b) circle, (c) parallel, and (d) standard.

Table 1: Conductivity of single HeLa cell at frequency range between 5 and 100 kHz and voltage range from 0.1 V to 1 V.

Frequency
(kHz) 𝜎 (0.1 V) 𝜎 (0.2 V) 𝜎 (0.3 V) 𝜎 (0.4V) 𝜎 (0.5 V) 𝜎 (0.6V) 𝜎 (0.7 V) 𝜎 (0.8 V) 𝜎 (0.9 V) 𝜎 (1.0 V)

5 2.25 × 10−4 2.60 × 10−4 2.95 × 10−4 3.60 × 10−4 4.25 × 10−4 5.90 × 10−4 8.85 × 10−4 1.70 × 10−3 4.80 × 10−3 7.64 × 10−3

10 4.25 × 10−4 4.80 × 10−4 5.55 × 10−4 6.60 × 10−4 7.75 × 10−4 1.09 × 10−3 1.64 × 10−3 3.30 × 10−3 9.95 × 10−3 1.53 × 10−2

20 7.30 × 10−4 8.20 × 10−4 9.55 × 10−4 1.10 × 10−3 1.32 × 10−3 1.90 × 10−3 2.88 × 10−3 6.10 × 10−3 1.85 × 10−2 2.80 × 10−2

30 1.10 × 10−3 1.20 × 10−3 1.40 × 10−3 1.60 × 10−3 1.92 × 10−3 2.75 × 10−3 4.18 × 10−3 8.80 × 10−3 2.43 × 10−2 3.60 × 10−2

40 1.60 × 10−3 1.70 × 10−3 2.00 × 10−3 2.30 × 10−3 2.65 × 10−3 3.70 × 10−3 5.50 × 10−3 1.14 × 10−2 2.83 × 10−2 4.10 × 10−2

50 2.30 × 10−3 2.40 × 10−3 2.80 × 10−3 3.20 × 10−3 3.55 × 10−3 4.80 × 10−3 7.00 × 10−3 1.41 × 10−2 3.18 × 10−2 4.35 × 10−2

60 3.20 × 10−3 3.30 × 10−3 3.80 × 10−3 4.20 × 10−3 4.70 × 10−3 6.30 × 10−3 8.73 × 10−3 1.71 × 10−2 3.60 × 10−2 4.55 × 10−2

70 4.20 × 10−3 4.30 × 10−3 4.90 × 10−3 5.40 × 10−3 6.00 × 10−3 7.80 × 10−3 1.06𝐸 − 02 1.98 × 10−2 3.90 × 10−2 4.93 × 10−2

80 5.40 × 10−3 5.50 × 10−3 6.20 × 10−3 6.90 × 10−3 7.50 × 10−3 9.50 × 10−3 1.27 × 10−2 2.28 × 10−2 4.10 × 10−2 5.13 × 10−2

90 6.70 × 10−3 6.80 × 10−3 7.70 × 10−3 8.40 × 10−3 9.10 × 10−3 1.11 × 10−2 1.49 × 10−2 2.56 × 10−2 4.30 × 10−2 5.20 × 10−2

100 8.20 × 10−3 8.30 × 10−3 9.30 × 10−3 1.01 × 10−2 1.09 × 10−2 1.31 × 10−2 1.72 × 10−2 2.86 × 10−2 4.59 × 10−2 5.49 × 10−2
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Table 2: Relative permittivity of single HeLa cell at frequency range between 5 and 100 kHz and voltage range from 0.1 V to 1 V.

Frequency (kHz) 𝜀 (0.1 V) 𝜀 (0.2 V) 𝜀 (0.3 V) 𝜀 (0.4 V) 𝜀 (0.5 V) 𝜀 (0.6 V) 𝜀 (0.7 V) 𝜀 (0.8 V) 𝜀 (0.9 V) 𝜀 (1.0 V)
5 5.00 × 103 5.20 × 103 5.50 × 103 5.90 × 103 6.30 × 103 7.50 × 103 9.20 × 103 1.40 × 104 2.85 × 104 4.70 × 104

10 5.00 × 103 5.20 × 103 5.50 × 103 5.90 × 103 6.30 × 103 7.50 × 103 9.20 × 103 1.40 × 104 2.62 × 104 3.90 × 104

20 5.00 × 103 5.20 × 103 5.50 × 103 5.90 × 103 6.30 × 103 7.50 × 103 9.20 × 103 1.40 × 104 2.10 × 104 2.80 × 104

30 5.00 × 103 5.20 × 103 5.50 × 103 5.90 × 103 6.30 × 103 7.50 × 103 9.20 × 103 1.40 × 104 1.75 × 104 2.10 × 104

40 5.00 × 103 5.20 × 103 5.50 × 103 5.90 × 103 6.30 × 103 7.40 × 103 9.20 × 103 1.35 × 104 1.50 × 104 1.70 × 104

50 5.00 × 103 5.20 × 103 5.50 × 103 5.90 × 103 6.30 × 103 7.30 × 103 8.80 × 103 1.30 × 104 1.33 × 104 1.40 × 104

60 5.00 × 103 5.20 × 103 5.50 × 103 5.90 × 103 6.30 × 103 7.20 × 103 8.60 × 103 1.25 × 104 1.23 × 104 1.20 × 104

70 5.00 × 103 5.20 × 103 5.50 × 103 5.90 × 103 6.30 × 103 7.10 × 103 8.43 × 103 1.20 × 104 1.15 × 104 1.10 × 104

80 5.00 × 103 5.20 × 103 5.50 × 103 5.90 × 103 6.30 × 103 7.00 × 103 8.26 × 103 1.15 × 104 1.05 × 104 1.00 × 104

90 5.00 × 103 5.20 × 103 5.50 × 103 5.90 × 103 6.30 × 103 6.85 × 103 8.09 × 103 1.11 × 104 9.70 × 103 9.00 × 103

100 5.00 × 103 5.20 × 103 5.50 × 103 5.90 × 103 6.30 × 103 6.70 × 103 7.92 × 103 1.07 × 104 9.20 × 103 8.50 × 103
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Figure 3: Variation of electric potential without the cell between
electrodes in 𝑦-axis direction.

was 5 to 100 kHz and the voltage range was 0.1 to 1 V. The
assumptions in the simulations were a single HeLa cell with
a diameter of 20𝜇m, which approximates the actual size
[19, 20].

4.1. Electric Field Distributions. Accurate single cell mea-
surements require a uniformity electric field distribution in
microfluidic devices [21]. Single cell impedance measure-
ments can be affected by a highly varying electric field [22].
Figure 4 presents the distribution of electric field for the four
different electrode shapes at operational voltage of 1 V and
frequency of 100 kHz. The single HeLa cell has a radius of
10 𝜇m and is located in the center of the structure. Regardless
of the electrode shape, the electric field strength is the highest
near the region of boundary between cell and electrodes.

The electric field strength of the circle and parallel electrodes
are higher than those of the cross and standard electrodes. In
the case of the circle and parallel electrode, the extracellular
variation in the electric field intensity in the 𝑥-axis is higher
than that of the intracellular variation. However, in the case
of the cross and standard electrodes, intracellular variation
in the electric field intensity in the 𝑥-axis direction is higher
than that of the extracellular variation. The electrode shape
caused the opposite behavior. In the case of the cross and
standard electrodes, the electrodes are near the cell center.

Figure 5 presents the electric field distributions with the
cell in the 𝑥-axis and 𝑦-axis for the four different electrode
shapes at an operational voltage of 1 V and a frequency
of 100 kHz. The simulation results for the electric field in
the 𝑥-axis direction indicated that, of the four electrode
shapes, the intensity of the electric field is the highest in the
parallel electrodes.The distribution of electric field with cross
electrodes resembles that of the standard electrodes, and the
distribution of electric field with circle electrodes resembles
that of the parallel electrodes. The similar contact region of
the electrode and the singleHeLa cells causes a similar electric
field distribution. The electric field intensity is higher in the
cell center than at the cell edge in both the cross and standard
electrodes, but the electric field intensity is lower in the center
than at the edge of the cell in the circle and parallel electrodes.
The contact region of the cell and electrode determines the
electric field distribution within the cell. The intensity of the
intracellular electric field in the 𝑥-axis direction increases
from 2.4 × 104 to 4.3 × 104 V/m for cross electrodes and
that of the extracellular electric field in the 𝑥-axis direction
decreases from 8.4×104 to 6.1×104 V/m for circle electrodes.
The electric filed intensity of circle electrodes is higher than
that of cross electrodes around 2 times in the intracellular
at an operational voltage of 1 V and a frequency of 100 kHz.
Additionally, the uniformity of the electric field distribution
for the four different electrode shapes is similar in 𝑦-axis
direction.

4.2. Impedance Variation. The equivalent circuit model of
the system, including 𝑍

𝑐
, 𝑍
𝑠
, and 𝑅

𝑒
, as shown in Figure 1,

is used to obtain the magnitude and phase of impedance.
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Figure 4: Schematic of four different electrodes and the electric field distributions induced in the vicinity of the electrode pair for a frequency
of 100 kHz and an operating voltage of 1 V. (a) Cross electrodes, (b) circle electrodes, (c) parallel electrodes, and (d) standard electrodes.

Figure 6 presents the simulation results for magnitude and
phase of single HeLa cell impedance for the four different
electrode shapes at operating voltage range from0.1 to 1V and
frequency range from 5 to 100 kHz. Notably, the impedance
results for operational frequencies lower than 5 kHz are
omitted in the figures since the double layer may prevent the
prediction of the cell conductivity at such low frequencies
[18]. As observed in the electric field simulation, the cross and
standard electrodes have similar impedance, and the circle
and parallel electrodes have similar impedance. Regardless of
electrode shape, an increased frequency reduces the magni-
tude of single HeLa cell impedance at all operational voltages
because single HeLa cell was capacitive. The circle electrode

simulations indicate that the magnitude of the single HeLa
cell impedance decreases. The circle electrode simulations
indicate that the single HeLa cell impedance decreases from
2.6 × 10

7 to 2.5 × 105 at frequency range from 1 to 100 kHz
and operating voltage of 0.1 V. Additionally, an increased
operating voltage reduces the single HeLa cell impedance in
all electrode shapes. The circle electrode simulation results
indicate that the magnitude of the single HeLa impedance
decreases from 2.3 × 106 to 1.1 × 105 when the voltage is
between 0.1 and 1V and when the frequency is 100 kHz.
A strong electric field may open the ionic channels of the
cell membrane, which increases the ion exchange between
the cytoplasm and the isotonic solution [23]. Therefore,
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Figure 5: Distributions of electric field along the cell diameter. (a) 𝑥-axis and (b) 𝑦-axis.

the electrical resistivity of the cells declines, and the dielectric
constant of the cells increases. The simulation results for the
electrode shapes indicate that the magnitude value of the
singleHeLa cell is smaller for the circle and parallel electrodes
than for the cross and standard electrodes because the electric
field strength of circle and parallel electrodes is higher than
that of cross and standard electrodes. Additionally, none of
the four electrode shapes showed a large change in phase.

4.3. Sensitivity. Impedance analysis is an effective method of
characterizing single cells based on their electrical response.
Sun et al. presented the following alternative method for
calculating impedance sensitivity [24]:

Sensitivity =
𝑍Solution − 𝑍single HeLa cell

𝑍Solution
, (4)

where 𝑍Solution is the impedance magnitude of the detection
volume containing PBS and 𝑍single HeLa cell is the impedance
magnitude of the HeLa cell and PBS in the detection volume.
Figure 7 shows the sensitivities for the four different elec-
trode shapes at an operating voltage of 0.1 V and frequency
range from 5 to 100 kHz. The circle and parallel electrodes
have better sensitivity compared to the cross and standard
electrodes. The sensitivity of the parallel electrodes decreases
from 0.97 to 0.95 at a frequency range from 1 to 100 kHz
and at an operating voltage of 0.1 V. As the strength of the
electric field increases, the impedance of the single HeLa
cell decreases. Therefore, circle and parallel electrodes have
better sensitivity. However, it must not be forgotten that
the magnitude of the useful signal also depends on the
electric field intensity. Hence, increasing the sensitivity of
measurement system could also reduce the signal-to-noise
ratio and thus worsen the overall performance [16].

5. Conclusions

Numerical solutions were obtained by FEM simulations in
the COMSOL multiphysics package to analyze the effects
of electrode geometry on microfluidic devices into the
impedance properties of single HeLa cell. An equivalent
circuit model incorporating the PBS solution, a single HeLa
cell, and a pair of electrodes is used to obtain the impedance
of a single HeLa cell. The circuit model is 𝑍

𝑐
in parallel with

𝑍
𝑠
and both are in series with 𝑅

𝑒
. The equivalent circuit

model was used in COMSOL simulations to investigate how
the magnitude and phase of a single HeLa cell are affected
by electrodes with varying geometries, varying operational
voltages, and varying frequency. The numerical solutions
obtained by the COMSOL simulations indicate that the
electric field strength of circle and parallel electrodes are
higher than those of the cross and standard electrodes
because the single HeLa cell magnitude value is smaller in
the circle and parallel electrodes compared to the cross and
standard electrodes. Simulations of different electrode shapes
indicate that the magnitude of single HeLa cell impedance
falls between 0.1 and 1V because of decreasing electric field
strength.Themagnitude of single HeLa impedance decreases
from 2.3×106 to 1.1×105 when the voltage is 0.1 to 1 V and the
frequency is 100 kHz. Additionally, increasing the frequency
reduced the impedance of the singleHeLa cell in all electrodes
shapes and at all operating voltages because the single HeLa
cell was capacitive. At the same operating voltage, the circle
and parallel electrodes provide higher electric field strength
compared to the cross and standard electrodes. However, the
cross and standard electrodes had a more uniform electric
field distribution in themeasurement environment.The circle
and parallel electrodes also have better sensitivity compared
to the cross and standard electrodes. Stronger electric fields
cause greater impedance magnitude of single HeLa cell
drop. Therefore, the circle and parallel electrodes have better
sensitivity.
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Figure 6: Continued.
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Figure 6: Impedance magnitude and phase of single HeLa cell at operating voltages ranging from 0.1 to 1.0 V. (a) Cross electrodes, (b) circle
electrodes, (c) parallel electrodes, and (d) standard electrodes.
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Objective. To investigate differences in tongue images of subjects with and without hyperuricemia. Materials and Methods. This
population-based case-control study was performed in 2012-2013. We collected data from 46 case subjects with hyperuricemia
and 46 control subjects, including results of biochemical examinations and tongue images. Symmetrical Haar-like features based
on integral images were extracted from tongue images. T-tests were performed to determine the ability of extracted features to
distinguish between the case and control groups. We first selected features using the common criterion 𝑃 < 0.05, then conducted
further examination of feature characteristics and feature selection usingmeans and standard deviations of distributions in the case
and control groups. Results. A total of 115,683 features were selected using the criterion 𝑃 < 0.05. The maximum area under the
receiver operating characteristic curve (AUC) of these featureswas 0.877.The sensitivity of the featurewith themaximumAUCvalue
was 0.800 and specificity was 0.826 when the Youden index was maximized. Features that performed well were concentrated in the
tongue root region.Conclusions. SymmetricalHaar-like features enabled discrimination of subjects with andwithout hyperuricemia
in our sample. The locations of these discriminative features were in agreement with the interpretation of tongue appearance in
traditional Chinese and Western medicine.

1. Introduction

Hyperuricemia is a metabolic disorder in which the body
produces excessive uric acid and fails to excrete it. Excess
dietary purines (e.g., from meat and certain seafood) play a
significant role in hyperuricemia and contribute to gout [1].
More precisely, hypoxanthine is considered to be an impor-
tant factor contributing to hyperuricemia [2]. Decreased uric
acid excretion is most commonly attributed to genetic factors
and medications [3, 4]. Although the mechanism remains
unknown, many studies have found relationships between
hyperuricemia or urinary abnormalities and impaired kidney
function [5, 6].Thus, impaired kidney function is considered
to be a risk factor for hyperuricemia [7]. In turn, hyper-
uricemia is considered to be a risk factor for severe diseases

that can impact quality of life and lead to disability and even
death, including coronary heart disease, hypertension, stroke,
and insulin resistance [8–11].

With rapid economic development, daily diet and health-
care in China have improved. The prevalence of hyper-
uricemia has increased with dietary purine content; accord-
ing to a meta-analysis conducted in 2011, it was 21.6%
among males and 8.6% among females in China [12]. For
comparison, the prevalence of hyperuricemia in the United
States was only 12.7% in 2010 [13]. The high prevalence of
hyperuricemia renders its accurate diagnosis critical.

Serum uric acid (SUA) concentration analysis is the
gold standard for hyperuricemia diagnosis. However, this
method necessitates invasive blood sample collection and
biochemical examination, which are time consuming and
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(a) (b) (c)

Figure 1: Image processing procedure. (a) Original image acquired by the tongue analyzer. (b) Rectangular area containing the tongue
segmented from the original image. (c) Final image scaled to 120 × 100 pixels.

laborious and risk patient injury. The development of a
rapid, simple, noninvasive method would thus improve the
diagnostic procedure for hyperuricemia.

Tongue images have been applied as inexpensive and
noninvasive means of diagnosing several diseases, such as
stroke and appendicitis [14–16]. Wang et al. [17] statistically
analyzed features extracted from tongue images, defining 12
image classes. Other statistical methods, such as Bayesian
networks and a bagging tree algorithm have been applied to
tongue image analysis [15, 16]. However, these studies did
not employ case-control designs that would have avoided
bias introduced by age and sex differences in tongue fea-
tures. Jung et al. [18] performed a case-control study to
examine differences in color distribution on tongue images
between subjects with and without sleep disorders, but the
diagnostic criteria used in this study were based on the
physician’s judgment, rather than biochemical examination.
Western medical studies have found that tongue appearance
(coloration and coating) is related to kidney diseases or
conditions, such as renal adenocarcinoma tongue metastasis
and kidney transplantation [19, 20]. Traditional Chinese
medicine (TCM) studies have also found that tongue image
characteristics can reflect renal deficiency [21, 22].

The present case-control study was performed to identify
tongue image features useful for the diagnosis of hyper-
uricemia. A series of symmetrical Haar-like features, which
have been applied successfully to face detection [23], were
extracted from tongue images from subjects with andwithout
hyperuricemia (diagnoses were confirmed biochemically).
We sought to identify independently useful and readily
interpretable Haar-like features for the diagnosis of hyper-
uricemia.

2. Subjects and Methods

2.1. Subjects and Examination. BetweenAugust 2011 and June
2012, outpatients from Wuqing Chinese Medicine Hospital,
a medical examination center of teaching hospital affiliated
with the Tianjin University of Traditional Chinese Medicine

(TJUTCM), participated in this study. All participants pro-
vided informed consent and this study was approved by the
medical ethics committee of TJUTCM. Adults from all age
groups were included to avoid bias introduced by uneven age
distribution. Based on data from medical records accessed
through the hospital’s health information system, subjects
with diseases impacting the appearance of the tongue, such
as hypertension, diabetes, and cancer, were excluded. Those
with dyed and scraped tongue fur, as determined by outpa-
tient interviews, were also excluded.

The diagnostic criteria for hyperuricemia in males
and females were SUA >416 𝜇mol/L (7mg/dL) and SUA
>357 𝜇mol/L (6mg/dL), respectively [24]. An image of each
subject’s tongue was acquired using a YM-III tongue image
analyzer (http://tjtzym.com/tongue.html).

Case and control subjects were matched 1 : 1 by age
(within 1 year) and sex to exclude the impacts of these
covariates and improve the value of the empirical data [25,
26]. Two-tailed t-tests for samples with equal and unequal
variance were used to confirm similarity in age and difference
in SUA value, respectively, between case and control subjects.

2.2. Image Processing and Feature Selection. Tongue images
were processed as shown in Figure 1. The original image
acquired by the tongue analyzer, which depicts the subject’s
entire face (Figure 1(a)), was first segmented to include only
the rectangular area depicting the tongue (Figure 1(b)). Each
image was then scaled to 120 × 100 pixels (Figure 1(c))
to enable efficient feature extraction while retaining color
information.

Several feature types can be used in image analysis.
Features based on statistical analysis of color represent global
differences (expressed as means and standard deviations)
among images and are the most intuitive feature type [15],
but they cannot describe differences among areas in a single
image. The use of pixel analysis to define image features has
a high computational cost and does not provide high-level
information about the images [23]. Moreover, the number of
pixels is much greater than the number of images in most
situations, and adjacent pixels are often closely correlated;



BioMed Research International 3
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Figure 2: Upper-lower and left-right area arrangements. The sum of pixels in the lower (a) or right (b) rectangle is subtracted from the sum
of pixels in the upper or left rectangle, respectively.
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Figure 3: Haar-like feature parameters.𝑋 and𝑌 describe the position of the top-left corner of the feature.𝐻 represents the height of a feature.
𝑊 and 𝑉 represent the widths of the left and right rectangles, respectively.

these characteristics complicate statistical analysis. For this
reason, we used Haar-like features [23], which fall between
the pixel and global levels, in the present study. These fea-
tures enable examination of color differences between areas,
partially solving the problem of correlations among pixels.
However, the number of such features is large, exceeding
160,000 in a 24 × 24-pixel image, and the computational cost
of Haar-like feature extraction remains large [23].

We first sought to reduce the number of Haar-like
features in the tongue images, which exceeded our computing
capabilities. Considering that observation of the tongue is
based on color, we first selected features in the red, green,
and blue color plains, ignoring plains in other color spaces
(i.e., Lab). We then employed directional selection, which
involved the delineation of two adjacent rectangles on each
image. Figure 2 shows two approaches to such selection: the
sumof pixels in the lower or right rectanglemay be subtracted

from that in the upper or left rectangle, respectively. Given
that the human body is characterized predominantly by
bilateral symmetry, we subtracted the sum of pixels in the
right from that in the left rectangle to select Haar-like
features. Finally, we applied scale selection based on the five
parameters of the left-right feature (Figure 3). Given that
facial pixels near image boundaries were meaningless for
this study, we determined the values of 𝑌 and 𝑋 (which
describe the position of the top left corner of a feature)
as {11, 12, . . . , 110} and {11, 12, . . . , 90}, respectively. Given
that overly narrow or short features provide inadequate
information, we determined the values of 𝑊 (width of left
rectangle) and 𝐻 (feature height) as {10, 15, . . . , ⌊(100 −
𝑋)/2⌋} and {10, 15, . . . , 100 − 𝑌}, respectively. Considering
the number of pixels contained in the two rectangles, we set
𝑊 = 𝑉 (width of right rectangle). Integral image scanning
[20] was applied to reduce the computational cost of feature
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Figure 4: Three features on the red color plain examined in this study. (a) contains 6800 pixels. (b) contains 600 pixels.

extraction. This technique requires a single image scan, and
values of all features can be computed within several seconds.
Because feature positions and scales are determined by𝑋, 𝑌,
𝑊, and 𝐻, features are identified by these values using the
format “feature (𝑋,𝑌,𝑊,𝐻)” in this text. Each color plain
contained 195,840 features (total = 587,520 features in three
plains).

2.3. Statistical Analysis. At this stage of processing, the
number of selected Haar-like features far exceeds the number
of subjects and correlation among features remains strong
due to overlap, preventing direct application in classificatory
models. Gorkani and Picard [27] found that human eyes
distinguish images using high-level textural features. In this
study, we thus assumed that the diagnosis of hyperuricemia
would be based on instantaneous extraction of a feature from
a tongue image in a single glance. We also assumed that all
glances would be independent. We used Student’s 𝑡-tests to
examine the null hypothesis that 𝜇

1
= 𝜇
2
, where 𝜇

1
and 𝜇

2

represent themean values of one Haar-like feature in samples
from the case and control groups, respectively. To speed up
the calculation, we divided these data into four almost equal
parts and ran tests on a personal computer (Lenovo M8000t;
Quad Core, Q6600 CPU, 8GB RAM).The statistical software
used was R 2.15.2 [28].

Given recent suspicion of the discriminatory value of 𝑃 <
0.05 [29] and the small deviation in mean values between
features associated and not associated with hyperuricemia in
comparison with their standard deviations, we investigated
data dispersion using the following formula:

𝑑𝑓 =
2
𝜇1 − 𝜇2


𝜎
1
− 𝜎
2

, (1)

where 𝜇
1
and 𝜎

1
are the mean value and standard deviation,

respectively, of a feature associated with hyperuricemia;
𝜇
2
and 𝜎

2
are the corresponding values for a feature not

associated with hyperuricemia.

We selected 50 features with smallest 𝑃 and largest 𝑑𝑓
values to serve as single classifiers in this study. We then
tested the ability of these features to correctly classify case
and control subjects. Receiver operating characteristic (ROC)
analysis was performed and areas under the ROC curve
(AUCs) were calculated. For features with the smallest 𝑃
values, largest 𝑑𝑓 values, and largest areas, we considered that
a classifier would perform best when its Youden index was
maximized.We also determined the sensitivity and specificity
of these classifiers.

3. Results

3.1. Participant Characteristics. Blood samples from 1332/
1437 eligible participants were analyzed to determine SUA
concentration.Themean age of this populationwas 43.8±11.9
(range, 19–87) years and the prevalence of hyperuricemia
was 9.01% (120/1332; 13.0% in men and 3.15% in women).
Application of the exclusion criteria left a sample of 83
subjects with and 211 without hyperuricemia. The final case-
control-matched sample comprised 46 subjects (36 men and
10 women) per group. Mean age did not differ significantly
between the case and control groups (46.2 ± 13.1 versus
45.2 ± 13.1 years; 𝑃 = 0.763), but SUA concentration did
(324 ± 81.8 versus 182 ± 32.7 𝜇mol/L; 𝑃 = 4.18 × 10−18).

3.2. Haar-Like Features Useful for Hyperuricemia Diagnosis.
Initial screening of features using the criterion 𝑃 < 0.05
yielded a sample of 239,035 features. Selection based on color
plains reduced the number of features to several fractions of
the original, yielding 97,124 features on the red plain, 26,228
features on the green plain, and 115,683 features on the blue
plain that were useful for the diagnosis of hyperuricemia (all
𝑃 < 0.05). The largest features on the red, green, and blue
color plains, all of whichwere in the centers of tongue images,
were feature (11, 21, 40, 85) (𝑃 = 1.72 × 10−2; Figure 4(a)),
feature (12, 11, 35, 85) (𝑃 = 3.11 × 10−2; Figure 5(a)), and
feature (11, 21, 40, 85) (𝑃 = 1.19 × 10−3; Figure 6(a)),
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(a) (b) (c)

Figure 5: Three features on the green color plain examined in this study. Panel (a) contains 5950 pixels, (b) contains 300 pixels, and (c)
contains 200 pixels.

(a) (b) (c)

Figure 6: Three features on the blue color plain examined in this study. Panel (a) contains 6800 pixels, (b) contains 1200 pixels, and (c)
contains 1200 pixels.

respectively (Table 1).The smallest𝑃 values were obtained for
feature (30, 23, 10, 30) (𝑃 = 2.09 × 10−7; Figure 4(b)), feature
(33, 24, 10, 15) (𝑃 = 1.16 × 10−4; Figure 5(b)), and feature
(29, 11, 20, 30) (𝑃 = 4.85 × 10−11; Figure 6(b)) on the red,
green, and blue color plains, respectively (Table 1). Features
with the largest 𝑑𝑓 values in the red, green, and blue plains
were feature (30, 23, 10, 30) (𝑑𝑓 = 1.19; Figure 4(b)), feature
(38, 24, 10, 10) (𝑑𝑓 = 8.48 × 10−1; Figure 5(c)), and feature
(30, 11, 20, 30) (𝑑𝑓 = 1.58; Figure 6(c)), respectively (Table 1).
Feature (30, 23, 10, 30) in the red plain had both the smallest
𝑃 value and largest 𝑑𝑓 value.

3.3. Single Classifier Performance. The ROC curves of the
two features in the red plain are shown in Figure 7. The

Table 1: Parameters of eight Haar-like features potentially useful for
hyperuricemia diagnosis.

Color plain 𝑃 𝑑𝑓 𝑋 𝑌 𝑊 𝐻

Red 1.72𝐸 − 02 5.13𝐸 − 01 11 21 40 85
Red 2.09𝐸 − 07 1.19 30 23 10 30
Green 3.11𝐸 − 02 4.59𝐸 − 02 12 11 35 85
Green 1.16𝐸 − 04 8.52𝐸 − 01 33 24 10 15
Green 1.07𝐸 − 04 8.48𝐸 − 01 38 24 10 10
Blue 1.19𝐸 − 03 7.19𝐸 − 01 11 21 40 85
Blue 4.85𝐸 − 11 1.58 29 11 20 30
Blue 4.50𝐸 − 11 1.58 30 11 20 30
𝑋 and 𝑌 describe the position of the top-left corner of the feature. 𝐻
represents the height of a feature.𝑊 and 𝑉 represent the widths of the left
and right rectangles, respectively.
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Figure 7: Receiver operating characteristic curves of features in the red plain.

AUC 0.612 AUC 0.726 AUC 0.72

False positive rate
0.0 0.2 0.4 0.6 0.8 1.0

Tr
ue

 p
os

iti
ve

 ra
te

0.0

0.2

0.4

0.6

0.8

1.0

False positive rate
0.0 0.2 0.4 0.6 0.8 1.0

Tr
ue

 p
os

iti
ve

 ra
te

0.0

0.2

0.4

0.6

0.8

1.0

False positive rate
0.0 0.2 0.4 0.6 0.8 1.0

Tr
ue

 p
os

iti
ve

 ra
te

0.0

0.2

0.4

0.6

0.8

1.0

Feature (12, 11, 35, 85) Feature (38, 24, 10, 10) Feature (33, 24, 10, 15)

Figure 8: Receiver operating characteristic curves of features in the green plain.

AUC of feature (11, 21, 40, 85) was 0.654, preventing proper
analysis of sensitivity and specificity. The AUC of feature
(30, 23, 10, 30) was 0.810; maximization of the Youden index
yielded sensitivity and specificity values of 0.844 and 0.652,
respectively. Features in the green and blue color plains
showed similar characteristics. In the green plain, the AUC
value of feature (12, 11, 35, 85) was only 0.612, and those
of feature (38, 24, 10, 10) and feature (33, 24, 10, 15) were
0.726 and 0.720, respectively (Figure 8). Maximization of the
Youden index yielded sensitivity values of 0.500 and 0.844
and specificity values of 0.391 and 0.933 for the latter two
features, respectively. These two features were also deemed

to be inapplicable because of their low sensitivity values. In
the blue plain, the AUC of feature (11, 21, 40, 85) was 0.704
and those of feature (30, 11, 20, 30) and feature (29, 11, 20, 30)
were 0.877 and 0.875, respectively (Figure 9). Sensitivity and
specificity values for feature (29, 11, 20, 30) were 0.800 and
0.804, respectively, when the Youden index was maximized.
This feature achieved the best performance (sensitivity, 0.800;
specificity, 0.826) when the maximum value of the Youden
index was 0.626.

3.4. Cumulative Feature. Cumulative features in the red,
green, and blue color plains (each composed of 50 features)
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Figure 9: Receiver operating characteristic curves of features in the blue plain.
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Figure 10: Cumulative image of 50 Haar-like features on the red plain. Note the cumulative feature’s centralization around the tongue root.

are shown in Figures 10, 11, and 12, respectively. All of
these features were centralized around the tongue root,
validating our hypothesis. The red cumulative feature has a
circular distribution; the green cumulative feature is more
concentrated than the red feature, and the blue cumulative
feature shows vertical symmetry.

4. Discussion

Feature extraction is among the most important issues in
image processing. These feature classes are based on perfect

segmentation of a tongue image from the background, which
is difficult for the human eye [14–16]. The extraction of
Haar-like features does not require segmentation [20], greatly
simplifying image preprocessing. In this study, we examined a
rectangular area including the tongue, rather than attempting
to performmore precise segmentation as in previous studies.

The use of Haar-like feature extraction from images
is superior to extraction based solely on color because it
allows the identification of local characteristics [19, 30, 31].
Other studies have focused on color differences of the entire
tongue [17, 18] using global features, such as means and
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Figure 11: Cumulative image of 50 Haar-like features in the green plain.
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Figure 12: Cumulative image of 50 Haar-like features in the blue plain.

standard deviations of color value. These features prohibit
detailed medical interpretation because they do not consider
differences among parts of the tongue. In a previous study, the
examination of tongue portions resulted in the identification
of some features that were located outside of the tongue [16].
In our study, we scanned the entire tongue image and found
that all meaningful features (those with the smallest 𝑃 values
and largest 𝑑𝑓 values) were located within the tongue area. In
contrast to those of previous studies, our results indicate that

tongue image preprocessing does not require perfect tongue
segmentation.

Tongue image preprocessing using Haar-like features is a
new method that not only resolves the segmentation issue,
but also provides a novel means of interpreting tongue
images. A face detection study using Haar-like features
provided the intuitive explanation that the most decisive
features include the eyes and nose [23]. In our study, we
found that the most decisive features for the diagnosis of
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hyperuricemia are centralized on the tongue root. A previous
study described the results of tongue image analysis for the
diagnosis of metastatic cancer [19], but applicable quantita-
tive image analysis was not available at the time the study
was performed, and the study also lacked a control group.
Another study focused on elderly subjects [20]. In our study,
we calculated quantitative feature values (𝑃 and𝑑𝑓) to express
differences between subjects with andwithout hyperuricemia
using a case-control design and including subjects from all
age groups.

The features identified in this study can be interpreted
within the framework of TCM because they are based on
pixels. All features that performed well in this study were
centralized around the tongue root, the area considered
to reflect kidney disease in TCM. This study provided
direct evidence of the relationship between changes in the
tongue root and kidney disease. The kidney filters blood
and excretes metabolic waste products, including uric acid.
In the human body, 70% of urate is disposed of via the
kidneys [32]. Hyperuricemia is not only related to several
diseases, but is also a risk factor for kidney injury [33–
35]. The diagnosis of hyperuricemia thus provides early
warning of kidney injury. However, the determination of
serum urea nitrogen, creatinine, carbon dioxide, and uric
acid concentrations requires time-consuming biochemical
examination. An intuitive, inexpensive, and noninvasive
method of hyperuricemia would thus be of benefit; TCM
provides examination tools fulfilling these requirements. Our
study provided direct evidence supporting the TCMmethod
of diagnosing hyperuricemia based on tongue features.

However, this study has several limitations. First, the
ROCanalysiswas performedusing the same sample. In future
studies, a test dataset will be collected to confirm the findings
of this study. Second, given that the use of tongue images
is a complementary and alternative diagnostic method, the
method described in this study should be combined with
other available variables associated with hyperuricemia, such
as body mass index and alcohol intake. We plan to take
this approach in a further study. Third, because the sample
was carefully selected and patients with underlying diseases
associated with hyperuricemia were excluded, the use of
tongue images for the diagnosis of hyperuricemia should be
restricted.

5. Conclusions

Haar-like features extracted from tongue images differed sig-
nificantly between subjects with and without hyperuricemia.
The locations of these features are consistent with interpre-
tations of tongue appearance in TCM andWestern medicine,
indicating the existence of a relationship between tongue root
color and hyperuricemia in our sample.

Conflict of Interests

The authors declare that they have no conflict of interests
related to this work.

Authors’ Contribution

Yan Cui completed the statistical analysis and wrote the
paper, Shizhong Liao performed critical revision of the paper,
and HongwuWang performed the mathematical models and
methods of this study.HongyuLiu,WenhuaWang, andLiqun
Yin validated health information for all subjects.

Acknowledgment

This work was supported in part by the National Basic
Research Program of China (973 Program; Grant no.
2011CB505406).

References

[1] H. K. Choi, K. Atkinson, E. W. Karlson, W. Willett, and G.
Curhan, “Purine-rich foods, daily and protein intake, and the
risk of gout in men,”The New England Journal of Medicine, vol.
350, no. 11, pp. 1093–1103, 2004.

[2] K. Kaneko, Y. Aoyagi, T. Fukuuchi, K. Inazawa, andN.Yamaoka,
“Total purine and purine base content of common foodstuffs
for facilitating nutritional therapy for gout and hyperuricemia,”
Biological and Pharmaceutical Bulletin, vol. 37, no. 5, pp. 709–
721, 2014.

[3] J. T. Scott, “Drug-induced gout,” Baillière’s Clinical Rheumatol-
ogy, vol. 5, no. 1, pp. 39–60, 1991.
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The progress of antimicrobial therapy contributes to the development of strains of fungi resistant to antimicrobial drugs. Since
cationic surfactants have been described as good antifungals, we present a SAR study of a novel homologous series of 140 bis-
quaternary imidazolium chlorides and analyze them with respect to their biological activity against Candida albicans as one of
the major opportunistic pathogens causing a wide spectrum of diseases in human beings. We characterize a set of features of
these compounds, concerning their structure, molecular descriptors, and surface active properties. SAR study was conducted with
the help of the Dominance-Based Rough Set Approach (DRSA), which involves identification of relevant features and relevant
combinations of features being in strong relationship with a high antifungal activity of the compounds. The SAR study shows,
moreover, that the antifungal activity is dependent on the type of substituents and their position at the chloride moiety, as well
as on the surface active properties of the compounds. We also show that molecular descriptors MlogP, HOMO-LUMO gap, total
structure connectivity index, and Wiener index may be useful in prediction of antifungal activity of new chemical compounds.

1. Introduction

In recent years the number of applications of quaternary
ammonium compounds (QACs) has increased considerably.
Gemini QACs are a group of cationic surfactants containing
two head groups and two aliphatic chains linked by a spacer
group.

Practical implementation of gemini QACs is a result
of their surface active, antielectrostatic, and antimicrobial
properties.

It has been demonstrated that gemini QACs exhibit
properties superior to mono QACs, such as better solubility,
higher adsorption efficiency, and better wetting and foaming

[1–4]. Gemini QACs are more efficient in lowering surface
tension and have much lower critical micelle concentration
(CMC) [5]. Due to their higher surface activity they have
excellent dispersion stabilization and soil clean-up properties
[6, 7]. It has been also demonstrated that gemini QACs have
good antifungal activity [8–10], which is higher than mono
QACs [11, 12]. So it is worth developing new, more effective
compounds, such as gemini QACs.

Because of the increasing resistance of microorganisms
to commonly used disinfectants, the synthesis of new types
of microbicides is a very important topic [13]. Formation
of resistant strains of fungi is not as common as formation
of resistant strains of bacteria [14]. Nevertheless, knowledge
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of properties of chemical compound, which influence the
antifungal activity of gemini QACs, enables designing and
synthesis of new, active chemical entities.

Themain goal of our studywas to investigate relationships
between selected molecular parameters and features describ-
ing chemical structure and surface active properties and
antifungal activity (described as MFC (minimal fungicidal
concentration)). In MFC study Candida albicans ATCC
90028 strainwas used. In structure-activity relationship study
(SAR), modified method, based on a rough set theory, was
employed.

Candida albicans is one ofmajor opportunistic pathogens
causing a wide spectrum of diseases in human beings. It can
cause infections that range from superficial infections of the
skin to life-threatening systemic infections [15]. Given the
limited number of suitable and effective antifungal agents,
together with increasing drug resistance of the pathogens, it
is important that new classes of antifungals are discovered
[16]. Moreover, better understanding of which features of
chemical compounds decide high antifungal activity may
provide further information useful for the improvement of
antifungal action.

Data that describe the analyzed series of gemini imi-
dazolium chlorides can be seen as classification data,
where parameters characterizing structure and surface active
properties, as well as molecular parameters, are condition
attributes (independent variables) and antifungal activity
is represented by class labels assigned to chlorides by a
decision attribute (dependent variable). Structure-activity
relationships can be discovered from these data by explaining
the class assignment in terms of condition attributes. To this
end, we applied the rough set concept [17], and its particular
extension called Dominance-Based Rough Set Approach
(DRSA) [18–21].

2. Materials and Methods

2.1. Gemini Imidazolium Chlorides. We analyzed 10 homolo-
gous series of gemini imidazolium chlorides with hydropho-
bic chain ranging from CH

3
to C
16
H
33

and with the length
of spacer from C

2
to C
12
. Synthesis, surface active proper-

ties, and antimicrobial activity of a part of 140 3,3-(𝛼,𝜔-
dioxaalkyl)bis(1-alkylimidazolium) chlorides were described
earlier [22]. Moreover, we determined molecular descriptors
for synthetized structures. The antifungal activity was deter-
mined by theMFC values.The final stage of our study was an
analysis of structure-activity relationships using DRSA [21].

2.2. Chemical Structure. Chemical structure of chlorides was
described by the following parameters (see Figure 1 and
Table 1):

(i) 𝑛: number of carbon atoms in 𝑛-spacer,
(ii) 𝑅: number of carbon atoms in 𝑅-substituent.

2.3. Surface Active Properties. Surface active properties of
analyzed chlorides were described by the following param-
eters:

Table 1: Numerical coding of the structure of analyzed chlorides.

Code Condition attributes
𝑛-spacer 𝑅-substituent

1 CH3

2 C2H5 C2H5

3 C3H7 C3H7

4 C4H9 C4H9

5 C5H11 C5H11

6 C6H13 C6H13

7 C7H15 C7H15

8 C8H17 C8H17

9 C9H19 C9H19

10 C10H21 C10H21

11 C11H23

12 C12H25 C12H25

14 C14H29

16 C16H33

R
R

O
O

N NN+ N+

2Cl−
n

CH2

Figure 1: Chemical structure of analyzed compounds.

(i) CMC: critical micelle concentration (mol/L),
(ii) 𝛾CMC: value of surface tension at critical micelle

concentration (mN/m),
(iii) Γ × 106 (G): value of surface excess (mol/m2),
(iv) 𝐴 × 10−20: molecular area of a single particle (m2),
(v) Δ𝐺ads: free energy of adsorption ofmolecule (kJ/mol).

2.4. Molecular Parameters. We also considered molecular
parameters of analyzed compounds, which were calculated
with Dragon and Gaussian software. Molecular descriptor is
the final result of a logic and mathematical procedure which
transforms chemical information encoded within a symbolic
representation of a molecule into a useful number or a result
of a standardized experiment [23]. Those parameters were

(i) MLOGP: Moriguchi octanol-water partition coeffi-
cient,

(ii) Balaban index (BI), Narumi topological index (NTI),
total structure connectivity index (TSC), Wiener
index (WI): numerical parameters characterizing
compounds’ topology,

(iii) HOMO: highest occupied molecular orbital,
(iv) LUMO: lowest unoccupied molecular orbital,
(v) HOMO-LUMO gap (HL gap): the energy difference

between the HOMO and LUMO,
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(vi) dipole (dip): electric dipole moment,
(vii) radius of gyration (ROG): the root mean square

distance of the entities’ parts from either its center of
gravity or a given axis,

(viii) molecular weight (MW) of compounds.

2.5. Antifungal Activity. Candida albicans ATCC 90028 mi-
croorganisms were used to evaluate antifungal activity of
compounds by minimal fungicidal concentration (MFC).
MFC determination method was presented in [22].

According to the value of MFC objects were sorted into
three decision classes:

(i) class good: good antifungal properties: MFC ≤ 0.028
mM/L,

(ii) classmedium:medium antifungal properties: 0.028 <
MFC < 0.1mM/L,

(iii) class weak: weak antifungal properties: MFC ≥ 0.1
mM/L.

Values of MFC for activity classes were determined on
the basis of antimicrobial activity of benzalkonium chloride
and didecyldimethylammonium chloride used as reference
antifungals.

2.6. SARAnalysis Based onDRSA—Description of theMethod.
DRSA assumes that the value sets of condition attributes
are ordered and monotonically dependent on the order of
decision classes. DRSA proved to be an effective tool in
analysis of classification data which are partially inconsistent
[24, 25]. In the context of this study, inconsistencymeans that
between a pair of chlorides the first one has not worse surface
active and molecular properties than the other, although the
first one is assigned to a worse class of antifungal activity
than the other. The rough set analysis of consistent and
inconsistent chlorides prepares the ground for induction of
decision rules. The rules derived from data structured using
the concept of the DRSA are monotonic, which means that
they have the following syntax:

“if ati(chloride) ≥ vali and atj(chloride) ≥ valj and ⋅ ⋅ ⋅
and atp(chloride) ≥ valp, then chloride is assigned to
at least a given class,”
“if atk(chloride) ≤ valk and atl(chloride) ≤ vall and ⋅ ⋅ ⋅
and ats(chloride) ≤ vals, then chloride is assigned to at
most a given class,”

where ath is an ℎth condition attribute and valh is a threshold
value of this attribute, which makes an elementary condition
ath(chloride) ≥ valh or ath(chloride) ≤ valh composing a
condition part of a rule indicating assignment of a chloride
to at least (or at most) a given class (weak, medium, or good),
respectively. In the above syntax of the rules, it is assumed
that value sets of all condition attributes are numerical and
ordered such that the greater the value, the more likely it is
that the chloride has good antifungal activity; analogously,
it is assumed that the smaller the value, the more likely it
is that the chloride has weak antifungal activity. Attributes

ordered in this way are called gain-type. Cost-type attributes
have value sets ordered in the opposite direction, such
that elementary conditions on these attributes have opposite
relation signs. In case of gemini imidazoliumchlorides data, it
is not known a prioriwhether condition attributes are gain or
cost attributes. Therefore, we proceeded as described in [26]:
each original attribute is considered in two copies, with the
first copy assumed to be gain-type and the second cost-type.
The applied transformation of data is noninvasive; that is, it
does not bias the relationships identified between condition
attributes and the decision attribute. Then, an induction
algorithm constructs decision rules involving elementary
conditions on one or both copies of particular attributes. For
example, for a rule indicating the assignment of a chloride
to class good (at least good), the following elementary
conditions concerning attribute ati may appear:

(i) ↑ati(chloride) ≥ vali1,
(ii) ↓ati(chloride) ≤ vali2,
(iii) ↑ati(chloride) ≥ vali1 and ↓ati(chloride) ≤ vali2, which

boils down to ati(chloride) ∈ [vali1, vali2,] if vali1 ≤
vali2,

where ↑ati and ↓ati are gain-type and cost-type copies of
attribute ati, respectively. Note that this transformation of
attributes allows global and local monotonic relationships
to be discovered between condition attributes and class
assignment. A monotonic relationship is global when it can
be expressed by a single elementary condition concerning
gain-type or cost-type attribute. Local monotonicity relation-
ship requires conjunction of two elementary conditions of
different types. In case of assignment of a chloride to class
good we can have such a local monotonicity relationship;
for example, when concentration of a surface active property
is below a certain point, the greater the value the better
the assignment, but after that point further increase may
have a negative effect (i.e., the lower the value the better the
assignment).

3. Results and Discussion

3.1. Information System. Information system is the basis of
SAR analysis of the chemical compounds. It includes a set of
objects (in rows) described by a set of attributes (in columns).
The set of attributes is composed of condition and decision
attributes. In our case, condition attributes describe surface
active properties, molecular descriptors, and structure (the
length on 𝑛 spacer and the length of 𝑅-chain) of analyzed
chlorides. The decision attribute concerns antifungal proper-
ties of bis-quaternary imidazolium chlorides represented by
some limit values of MFC for Candida albicansATCC 90028.
A part of information system is presented in Table 2.

3.2. Decision Rules. Table 3 includes strong and relevant
decision rules obtained for good andweak classes of chlorides
presented in Table 2. These are rules selected from the set of
all minimal decision rules induced from information table
processed by DRSA.
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We did not induce rules for class “medium” since these
rules are not interesting from the viewpoint of SAR analysis
(it is more important to know what are the features of
chlorides with definitely good or weak antimicrobial proper-
ties). However, the presence of chlorides from the “medium”
class is important in the rule induction process. The rules
with conclusion “good” discriminate chlorides with “good”
antimicrobial properties from those chlorides which have
“medium” or “weak” properties (analogously for rules with
conclusion “weak”).

The decision rules provide guidelines for synthesis of
new compounds with better antifungal properties. The rules
are characterized by various parameters, such as examples
(i.e., number of objects covering a given rule), strength (i.e.,
the proportion of objects covered by premise that are also
covered by conclusion), or confirmation (i.e., measure that is
quantifying the degree to which premise provides evidence
for conclusion).

In Table 3 only attributes that were present in decision
rules are included.

Rules are characterized by their strength defined as a ratio
of the number of chloridesmatching the condition part of the
rule to the total number of chlorides in the sample. Sets of
decision rules, which are essential for the analysis presented
in this work, were induced from gemini imidazolium chlo-
rides data, which were collected in an information system. A
part of the system can be seen in Table 2. These data were
transformed as described above and structured according
to the DRSA. The induction algorithm that was applied to
construct rules is called VC-DomLEM [27]. The algorithm
was implemented as a part of software package called jMAF
(http://idss.cs.put.poznan.pl/site/139.html), based on the java
Rough Set (jRS) library. The sets of induced rules were used
to construct component classifiers in variable consistency
bagging [28, 29]. Variable consistency bagging (VC-bagging)
[29] was applied to increase the accuracy of results produced
by VC-DomLEM.

Both rule relevance and relevance of attribute, which
are present in condition part of rules, were estimated by
measuring Bayesian confirmation, as described in [30]. In
this process, decision rules were constructed repetitively on
bootstrap samples and tested with chlorides that were not
included in the samples.

In the “good” class of antifungal activity strong rules,
supported by a large number of objects, were obtained. The
most interesting rules are characterized by high confirmation
measures. In decision rules covering chlorides with good
activity against Candida albicans, chlorides with 𝑛-spacer
longer or equal to 6 atoms of carbon predominate. We can
also observe that optimal length of 𝑅-substituent is from 7 to
11 carbon atoms in a chain. Moreover, those rules emphasize
that 𝛾CMC is important from the point of view of assigning
new compounds into a good class of activity. As it was
mentioned before, we included molecular descriptors into
our SAR analysis. Results are as follows: Moriguchi octanol-
water partition should be in the range [3.836; 6.94], the
energy difference between the HOMO and LUMO should be
less than or equal to−0.17314, Balaban index should be greater
than or equal to 1.242, Narumi topological index should be

greater than or equal to 21, and total structure connectivity
index should be less than or equal to 0.218.

When we consider assigning new chlorides into weak
decision class, the length of 𝑛-spacer in compound’s moiety
should be shorter or equal to 6 atoms of carbon. We can
also observe that values of surface tension at critical micelle
concentration greater or equal to 50.1, values of surface
excess greater or equal to 2.48, and values of free energy
of adsorption of molecule less than or equal to 23.2 are
important when considering weak activity against Candida
albicans strains. Decision rules for weak class of chlorides
include only one molecular descriptor, Moriguchi octanol-
water partition coefficient, in contrast to good activity class,
which included all molecular descriptors, besides Wiener
index.

3.3. Attribute Relevance. Results of estimation of predictive
confirmation of all attributes (structure, surface active, and
molecular ones) in rules induced for class good and weak are
presented in Figures 2 and 3.

Let us interpret a rule as a consequence relation “if E, then
H,” where 𝐸 denotes rule premise and𝐻 rule conclusion. For
rule relevance, the Bayesian confirmation measure quantifies
the contribution of rule premise 𝐸 to correct classification of
unseen individuals. Many Bayesian confirmation measures
have been described in the literature, of which we used the
measure 𝑠(𝐻, 𝐸). This approach allows clear interpretation in
terms of a difference of conditional probabilities involving
𝐻 and E; that is, 𝑠(𝐻, 𝐸) = Pr(𝐻 | 𝐸) − Pr(𝐻 | ¬𝐸),
where probability Pr(⋅) is estimated from the test samples of
chlorides. For the relevance of single attributes, the Bayesian
confirmation measure quantifies the degree to which the
presence of attribute ati in premise 𝐸, denoted by at

𝑖
⊳ 𝐸,

provides evidence for or against conclusion 𝐻 of the rule.
Here, we used again measure 𝑠(𝐻, at

𝑖
⊳ 𝐸), which, in this

case, is defined as follows: 𝑠(𝐻, at
𝑖
⊳ 𝐸) = Pr(𝐻 | at

𝑖
⊳

𝐸)−Pr(𝐻 | at
𝑖
¬ ⊳ 𝐸). Consequently, attributes present in the

premise of a rule that assigns chlorides correctly or attributes
absent from the condition part of a rule that assigns chlorides
incorrectly are considered more relevant.

We can observe that attributes Moriguchi octanol-water
partition coefficient, the length of𝑅 substituent, andHOMO-
LUMO gap are the most relevant when the good class of
activity is considered. On the other hand, the most relevant
attributes for weak decision class are the length of 𝑛-spacer,
Balaban index, and LUMOparameter.These results show that
all three types of parameters: structure, surface active, and
molecularmight be helpful in assigning new chemical entities
to a specific class of antifungal activity.

Chemical structure of gemini surfactants influences not
only their surface properties, but also their antimicrobial
activity. It has been widely accepted that optimal antimicro-
bial activity can be obtained from 10 to 18 atoms of carbon
in an aliphatic chain, with an optimum of 12 to 16 atoms of
carbon, depending on a bacterial strain [31]. An elongation
of the hydrophobic chain increases antimicrobial activity,
but only to a given limit, after which, activity decreases. It
was also observed that the lowest MFC values are specific
for medium-length hydrophobic substituents attached to a
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Figure 2: Predictive confirmation of attributes for class good.
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Figure 3: Predictive confirmation of attributes for class weak.

quaternary atomof nitrogen [32]. Similar observations can be
found in [33]. Specific properties of gemini compounds, with
the above mentioned length of hydrophobic substituents,
are related to their ability to form and coexist with small
spherical micelles and large aggregates. Below this range only
micelles are found, while above this range only aggregates are
observed [34].

In this paper, it was found that good antifungal activity for
a group of analyzed gemini chlorides is related to 𝑛-spacer
equal to or longer than 6 atoms of carbon. Moreover, we
discoveredmore features being in a strong relationship with a
good antifungal activity, regarding Candida albicans strains.
Those are not only the length of substituents in a moiety but
also logCMC and 𝛾CMC, Moriguchi octanol-water partition
coefficient, the energy difference between the HOMO and
LUMO, Balaban index, Narumi topological index, and total
structure connectivity index. Those parameters should be
taken into consideration when one will plan synthesis of new
gemini chloride with a high anti-Candida albicans activity.

3.4. Results of Stratified Cross-Validation. The model con-
structed by VC-bagging with VC-DomLEM component
classifiers showed good classification performance in 5-fold
stratified cross-validation, which was repeated 100 times
for a better reproducibility of results. First, we considered
accuracy of distinction between chlorides that have good

and not good (i.e., medium or weak) antifungal activity
properties. In this case, on the average, 77.3% of chlorides
were correctly classified (81.9% were correctly classified as
having good properties, and 70.7%were correctly classified as
having not good properties). Second, we checked distinction
between chlorides having weak and not weak (i.e., medium
or good) antifungal activity properties. On the average, 86.2%
of chlorides were correctly classified in this case (80.9% were
correctly classified as having weak properties and 88.1% were
correctly classified as having not weak properties).

4. Conclusions

Decision rules presented in this study show that number
of carbon atoms in 𝑛-spacer, number of carbon atoms in
𝑅-substituent, MlogP, HOMO-LUMO gap, total structure
connectivity index, and Wiener index have the most influ-
ence on the increase of antifungal activity of 3,3-(𝛼,𝜔-
dioxaalkyl)bis(1-alkylimidazolium) chlorides. On the other
hand, number of carbon atoms in 𝑛-spacer, value of surface
excess, and Wiener index affected decreasing of antifungal
activity of studied gemini imidazolium chlorides. Obtained
results are directions for synthesis of new active molecules of
gemini imidazolium chlorides possessing strong antifungal
action. DRSA is a valuable tool to conduct SAR analysis of
chemical compounds.
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[25] R. Słowiński, S. Greco, and B. Matarazzo, “Rough set analysis of
preference-ordered data,” in Rough Sets and Current Trends in
Computing, J. J. Alpigini, J. F. Peters, A. Skowron, andN. Zhong,
Eds., vol. 2475 of Lecture Notes in Computer Science, pp. 44–59,
Springer, Berlin, Germany, 2002.
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Background. Nucleophosmin 1 (NPM1) plays an important role in ribosomal synthesis and malignancies, but NPM1 mutations
occur rarely in the blast-crisis and chronic-phase chronic myelogenous leukemia (CML) patients. The NPM1-associated gene set
(GCM NPM1), in total 116 genes including NPM1, was chosen as the candidate gene set for the coexpression analysis. We wonder
if NPM1-associated genes can affect the ribosomal synthesis and translation process in CML. Results. We presented a distribution-
based approach for gene pair classification by identifying a disease-specific cutoff point that classified the coexpressed gene pairs
into strong andweak coexpression structures.The differences in the coexpression patterns between the normal and the CML groups
were reflected from the overall structure by performing two-sample Kolmogorov-Smirnov test. Our developed method effectively
identified the coexpression pattern differences from the overall structure: 𝑃 value = 1.71×10−22 < 0.05 for themaximum deviation
𝐷 = 0.109. Moreover, we found that genes involved in the ribosomal synthesis and translation process tended to be coexpressed
in the CML group. Conclusion. Our developed method can identify the coexpression difference between two different groups.
Dysregulation of ribosomal synthesis and translation process may be related to the CML disease. Our significant findings may
provide useful information for the novel CML mechanism exploration and cancer treatment.

1. Introduction

Nucleophosmin 1 (NPM1), also named nucleolar phospho-
protein B23, belongs to the NucleoPhosMin/NucleoPlasMin
family of nuclear chaperones. The whole family can be
divided into four classes based on protein sequence simi-
larities: nucleophosmin (NPM1), nucleoplasmin 2 (NPM2),
nucleoplasmin 3 (NPM3), and NPM-like invertebrate pro-
teins [1, 2]. NPM1 is well studied in the whole family with
its cDNA cloned in 1989, encoding a 294-amino-acid protein
[3].The expression ofNPM1 gene is frequently altered in solid
tumors, and its mutation and translocation are also found
in hematological malignancies [4]. The encoded protein
product is a phosphoprotein that travels between the nucleus
and cytoplasm, which plays multiple roles in ribosomal
RNA (rRNA) processing, ribosome assembly, transport of
ribosomal subunits, centrosome duplication, regulation of
p53, and cell growth and proliferation [5–7].

According to the gene list curated by Brentani et al.,
NPM1 is one of 380 cancer-associated genes obtained from
a published cancer gene database [8]. In a study of Sub-
ramanian et al., the neighborhoods highly correlated with
these cancer-associated genes were selected based on four
large gene expression datasets that were collected from
various cancer projects mainly on primary tumors, includ-
ing prostate, breast, lung, lymphoma, and leukemia [9].
Pearson correlation coefficient (𝑟) between every gene in
these four datasets and one cancer-associated gene (e.g.,
NPM1) was calculated independently in each dataset. A
gene was selected as the neighborhood if 𝑟 ≥ 0.85 in
at least one out of four datasets. The cancer-associated
genes with no less than 25 selected neighborhoods were
stored in the Molecular Signature Database (MSigDB) [9].
The NPM1-associated gene set (GCM NPM1), in total 116
genes including NPM1, is one of the neighborhood sets
[9].
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NPM1 often participates in chromosomal translocation,
mutation, and deletion in hematological malignancies [5].
Chronic myelogenous leukemia (CML) is a clonal myelopro-
liferative disorder, which is characterized by the increased
and unregulated growth of immature myeloid cells in the
blood stream [10].The cytoplasmicmutatedNPM1was found
for the first time in a blast-crisis CML patient, indicating
that the mutation of NPM1 gene may function in the blastic
transformation of CML [11]. Interestingly, in a recent study,
researchers did not detect any NPM1 mutations in the ana-
lyzed blast-crisis and chronic-phase CML patients [12]. We
wonder if NPM1-associated genes can affect the ribosomal
synthesis and translation process inCML.Coexpression anal-
ysis has been applied to study the functionally related genes,
since the coexpressed genes are more likely to participate
in the similar biological processes and signaling pathways
[13, 14].

In this study,we aim to explore the differences in the coex-
pression patterns of those NPM1-associated genes between
the normal and the CML states, to further investigate the
altered ribosome activities in CML. We proposed a method
to explore the coexpression pattern difference by identifying
a disease-specific cutoff point that classified the coexpressed
gene pairs into strong and weak coexpression classes so that
the class was best coherent with the CML state. Traditional
methods on the gene coexpression analysis calculate the
individual 𝑃 value of correlation coefficient for every gene
pair to identify the significantly coexpressed gene pairs. Our
developed method considered the correlation coefficients
for all the gene pairs in each group to form two different
cumulative distributions, which can identify the difference
between two different groups from the overall structure.
The different coexpression pattern indicated the biological
alterations in CML. In addition, the functional annotation
of coexpressed gene pairs provided useful information to
understand the underlying mechanisms of the CML dis-
ease.

2. Methods

2.1. Microarray Expression Data. Microarray technology is
useful to extract the important information from cells.
Different conditions have different gene expression levels.
In this study, we chose the microarray dataset GSE5550
normalized by variance stabilizing transformations (VSN)
method, which is publicly available on the Gene Expression
Omnibus (GEO) repository [15]. The data in this dataset
are obtained from gene expression measurements of more
than 8,000 unique mRNAs. CD34+ hematopoietic stem and
progenitor cells were collected from the bone marrows of
untreated CML patients in the chronic phase and healthy
controls [15]. The subjects recruited for this dataset are
Caucasians from Germany. Two groups are included in this
dataset: (i) the CML group, nine patients, and (ii) the control
group, eight normal subjects. In this dataset, a gene may be
interrogated by more than one probe. We took the average of
all the probes for the same mRNA to deal with this situation
[16, 17].

2.2. Coexpression Measure. There were 93 out of 116 NPM1-
associated genes found in the CML microarray dataset
GSE5550 (see Table S1 in Supplementary Material available
online at http://dx.doi.org/10.1155/2015/610595).We extracted
the expression profiles of these 93 genes for the coexpression
analysis. The expression matrix was in dimension of 93 ×
17, where each row referred to the relative expression levels
of a gene across all the samples (8 normal and 9 CML
samples). In this study, Pearson correlation coefficient (𝑟) was
chosen as the similarity measure to indicate the associations
between genes [18]. Pearson correlation coefficient can be
used to demonstrate the biological relationship of two genes
numerically, which does not emphasize the magnitude of
their expression profiles [13, 19]. The similarity measure is
usually regarded as a kernel function between two feature
vectors.

In this study, each feature vector included the expression
profiles of a gene across all the samples in the normal
group or the CML group, respectively. The absolute values
of correlation coefficients (|𝑟| values) were chosen, since the
coexpression measure output a scalar in the range from 0
to 1 where a high value demonstrated a strong biological
relationship in either positive or negative direction and a
low value indicated a weak biological relationship. 𝐶

𝑑
(𝑖, 𝑗)

referred to the coexpression level of two genes from the
disease (CML) group, and 𝐶

𝑛
(𝑖, 𝑗) was for the normal group

(Formulas (1)) [18]:
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where 𝐶
𝑑
(𝑖, 𝑗) and 𝐶

𝑛
(𝑖, 𝑗) are the absolute values of corre-

lation coefficients for genes 𝑖 and 𝑗 in the CML group and
the normal group, respectively [19]; 𝑥

𝑑𝑖
and 𝑥

𝑑𝑗
refer to the

expression profiles of the 𝑖th and 𝑗th genes in the CML group;
𝑥
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and 𝑥
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refer to the expression profiles of the 𝑖th and 𝑗th
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, 𝑥
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the Pearson correlation coefficients in theCML group and the
normal group, respectively.

2.3. Identification of the Disease-Specific Cutoff Point for Gene
Pair Classification. Two sets of correlation coefficients in the
normal and theCML groups formed two different cumulative
distributions. Two-sample Kolmogorov-Smirnov (KS) test
was applied to test if these two sets of data significantly
differed in terms of the overall distributions.The significance
for KS test was indicated by the 𝑃 value for the maximum
deviation between two cumulative distributions of𝐶

𝑑
and𝐶

𝑛

(Formulas (2)). At the maximum deviation, a threshold was
identified to group the coexpressed gene pairs into strong and
weak coexpression classes, called the disease-specific cutoff
point (𝐶). The cutoff point represented a coexpression level,
at which 𝐹

𝑑
and 𝐹

𝑛
were extremely deviated:

𝐷 = max
𝐶

𝐹𝑑 (𝐶) − 𝐹𝑛 (𝐶)
 ,

𝐹
𝑑
(𝐶) = Prob (𝐶

𝑑
≥ 𝐶) ,

𝐹
𝑛
(𝐶) = Prob (𝐶

𝑛
≥ 𝐶) ,

(2)



BioMed Research International 3

where𝐹
𝑑
and𝐹
𝑛
refer to the cumulative distribution functions

of 𝐶
𝑑
and 𝐶

𝑛
, respectively; 𝐷 represents the maximum

deviation; 𝐶 is the cutoff point.
The specifically coexpressed gene pairs were further

identified in different groups. Different types of gene pairs
indicated different biological meanings. The normal-specific
strongly coexpressed pairs included the gene pairs strongly
coexpressed only in the normal group, which represented
the physiological balance in the cells of healthy individuals.
Apparently, these pairs were the CML-specific weakly coex-
pressed pairs that were weakly coexpressed only in the CML
group.TheCML-specific strongly coexpressed pairs included
the gene pairs strongly coexpressed only in the CML group,
which demonstrated the characteristics of the disease. For
the same reason, these pairs were the normal-specific weakly
coexpressed pairs.

2.4. Functional Annotation for NPM1-Associated Genes Using
DAVIDDatabase. Gene ontology (GO) provides a systematic
language or ontology to describe gene and gene product
attributes across all species [20]. It can be classified into three
categories [21]: (i) biological process: a set ofmolecular events
with a defined beginning and end, for example, a chemical or
physical transformation; (ii) cellular component: the parts of
a cell or the extracellular environmentwhere a gene product is
active; and (iii) molecular function: the elemental activities of
a gene product at themolecular level, for example, the specific
binding to ligands and catalysis. We applied gene ontology
to group the NPM1-associated genes into different classes,
to further explore the biological meaning of the coexpressed
gene pairs in the CML state.

TheDatabase for Annotation, Visualization and Integrated
Discovery (DAVID) was chosen to annotate these 93 genes,
which is useful to extract the biological meaning by com-
bining an integrated biological knowledge base and multiple
analytic tools [22]. All these three GO categories (biological
process, molecular function, and cellular component) were
considered in our study. Functional annotation chart was
used to identify the significant batch annotation and GO
terms that were most pertinent to the input data. When
the NPM1-associated gene list was uploaded to DAVID, the
annotation chart provided the significantly enriched GO
terms. The significance of GO term enrichment is calcu-
lated according to a modified Fisher exact test, Expression
Analysis Systematic Explorer (EASE) score. The EASE score
is regarded as a more conservative and robust adjustment
than the Fisher exact probability [23]. DAVID also provides
false discovery rate (FDR) to control the expected proportion
of false positives for the multiple hypotheses. The selection
criteria for the significantly enriched GO terms used in our
study were (i) EASE score < 0.05 and (ii) FDR < 0.05.

2.5.Mapping Coexpressed Gene Pairs to Annotated Gene Pairs.
The annotated genes in each enriched GO term were paired
with all the possible combinations, forming the annotated
gene pairs. The annotated gene pairs were mapped to the
identified coexpressed gene pairs in each GO term: the
mapped CML-specific strongly coexpressed, the mapped

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

Group
Number of
strongly

coexpressed gene
pairs

Number of weakly
coexpressed gene

pairs

Normal 2763 1515
CML 3228 1050

CML-specific weakly coexpressed, the mapped normal-
specific strongly coexpressed, and the mapped normal-
specific weakly coexpressed pairs. Fisher exact test was used
to verify if genes were more likely to be coexpressed in the
CML group compared to the normal group. As a result,
one-sided 𝑃 value was chosen to indicate the significance.
The multiple-hypothesis test was performed on a list of
mappedGO terms by applying themore stringent Bonferroni
correction. The 𝑃 value of Fisher exact test was multiplied by
the total number of considered GO terms. A GO term was
significantly mapped if its corrected 𝑃 value was still smaller
than 0.05.

3. Results

3.1. Identification of Structural Coexpression Difference. The
correlation coefficients for all the possible gene pair com-
binations of these 93 NPM1-associated genes were cal-
culated. In each group, there was a set of correlation
coefficients of 4,278 gene pairs. The cumulative distribu-
tions of these two sets of data were plotted (Figure 1).
The results for KS test showed that the two distribu-
tions in the normal and the CML groups were signif-
icantly different from the overall structure (𝑃 value =
1.71 × 10

−22

< 0.05 for the maximum deviation𝐷 = 0.109).
The disease-specific cutoff point, 𝐶 = 0.252, was identi-

fied at the maximum deviation (Figure 1). Two coexpression
patterns were so distinct that the CML group had more
strongly coexpressed (level above ∼0.252) and less weakly
coexpressed (level below ∼0.252) gene pairs than that in the
normal group. The cutoff point classified gene pairs into
four coexpression classes (Table 1). Binomial distribution test
indicated that the proportion of strongly coexpressed gene
pairs in the CML group was significantly higher than that in
the normal group (one-sided 𝑃 value < 0.001).

3.2. DAVID Database Annotation for Enriched Biological
Process. According to the selection criteria (EASE score <
0.05 and FDR < 0.05), eight significantly enriched GO terms
for biological processes were identified (see Table S2). We
obtained the annotated genes involved in each biological
process and formed the annotated gene pairs. Then, the
coexpressed gene pairs were mapped to the annotated gene
pairs. The results showed that all these eight processes
had more mapped CML-specific strongly coexpressed pairs
(Table 2). In other words, genes were more likely to be
coexpressed in the CML groupwhen compared to the normal
group. Fisher exact test was used to indicate the significance.
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Figure 1: Plots of distributions for the 93NPM1-associated genes coexpression analysis. (a) Cumulative distribution functions of coexpression
levels in the normal and the CML groups. (b) Deviation distribution against different coexpression cutoff points.

Table 2: Mapping coexpressed gene pairs to annotated gene pairs from each biological process.

Number GO terms Fisher exact test Corrected 𝑃 value
a b c d 𝑃 value

1 Translational elongation 59 5 5 59 <0.001 <0.008
2 Translation 89 10 10 89 <0.001 <0.008
3 Cellular protein metabolic process 299 116 116 299 <0.001 <0.008
4 RNA processing 63 28 28 63 <0.001 <0.008
5 RNAmetabolic process 84 39 39 84 <0.001 <0.008
6 mRNA processing 18 11 11 18 0.057 0.456
7 RNA splicing 16 10 10 16 0.082 0.656
8 mRNA metabolic process 18 11 11 18 0.057 0.456
GO: gene ontology. GO terms highlighted in bold text are significantly mapped. a: mapped CML-specific strongly coexpressed pairs. b: mapped CML-specific
weakly coexpressed pairs. c: mapped normal-specific strongly coexpressed pairs. d: mapped normal-specific weakly coexpressed pairs.

The results showed that translational elongation, translation,
cellular protein metabolic process, RNA processing, and RNA
metabolic process were significantly mapped (𝑃 values < 0.05
and corrected 𝑃 values < 0.05).

Translational elongation and translation were related to
gene translation process. Translational elongation is defined
as the successive addition of amino acid residues to a nascent
polypeptide chain in the protein biosynthesis process. Trans-
lation refers to the cellularmetabolic process to formaprotein
by using a mature mRNA molecule to determine the amino
acids sequence in a polypeptide chain. We further plotted
the coexpression networks for the strongly coexpressed gene
pairs in the normal and the CML groups (Figures 2, 3, S1, and
S2). From the coexpression networks, we also observed that
there were more connections in the CML group compared to
the normal group (Figures S1 and S2). Genes identified in the
coexpression networks were classified into two major classes:

(i) ribosomal protein (RP) genes, such as ribosomal protein
L6 (RPL6) and ribosomal protein S28 (RPS28), and (ii)
translation factors, such as eukaryotic translation elongation
factor 2 (EEF2) and eukaryotic translation initiation factor
3, subunit F (EIF3F). The results revealed that nearly all the
coexpressed genes were RP genes, which are responsible for
encoding the ribosomal small and large subunits.

The basic information for the identified translation fac-
tors was obtained from National Center for Biotechnology
Information (NCBI) database. Protein products from EEF2
and EEF1B2 belong to translation elongation factors. EEF2
is a member of the GTP-binding translation elongation
factor family, which is very important for protein synthesis.
This protein can mediate the process of GTP-dependent
translocation of the nascent protein chain from A-site to
P-site on the ribosome. The encoded protein of EEF1B2 is
a guanine nucleotide exchange factor responsible for the
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Figure 2: Simplified coexpression networks for the mapped strongly coexpressed pairs in the translational elongation biological process (see
Figure S1 for the detailed networks). The blue area is for the omitted connections among genes. Genes with red rectangles are not RP genes.
(a) Mapped CML-specific strongly coexpressed pairs. (b) Mapped normal-specific strongly coexpressed pairs.
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Figure 3: Simplified coexpression networks for the mapped strongly coexpressed pairs in the translation biological process (see Figure S2 for
the detailed networks). The blue area is for the omitted connections among genes. Genes with red rectangles are not RP genes. (a) Mapped
CML-specific strongly coexpressed pairs. (b) Mapped normal-specific strongly coexpressed pairs.

transfer of aminoacylated transfer RNAs (tRNAs) to the
ribosome. Eukaryotic translation initiation factor 3, subunit
F, and initiation factor 4B (EIF3F and EIF4B) are translation
initiation factors, which are vital to initiate the translation.

3.3. DAVID Database Annotation for Enriched Cellular Com-
ponent. Based on the same selection criteria (EASE score <
0.05 and FDR < 0.05), 21 significantly enriched GO terms
for cellular components were identified (see Table S3). The
annotated genes involved in each GO term were obtained
and formed the annotated gene pairs. We also mapped
the coexpressed gene pairs to the annotated gene pairs.
The results demonstrated that genes were more likely to
be coexpressed in the CML group when compared to the
normal group among 18 out of 21 GO terms (Table 3). Fisher
exact test showed that ribonucleoprotein complex, ribosome,

cytosolic ribosome, ribosomal subunit, cytosol, cytosolic part,
intracellular non-membrane-bounded organelle, intracellular
organelle part, cytosolic large ribosomal subunit, cytoplasmic
part, cytoplasm, intracellular organelle, nuclear part, nuclear
lumen, intracellular organelle lumen, and nucleolus were
significantlymapped (𝑃 values < 0.05, and corrected𝑃 values
< 0.05).

In these significantly mapped GO terms, five of them
were related to ribosome: ribonucleoprotein complex, ribo-
some, cytosolic ribosome, ribosomal subunit, and cytosolic
large ribosomal subunit. Ribonucleoprotein complex refers to
a macromolecular complex consisting of both proteins and
RNAmolecules. Ribosome contains large and small subunits,
as well as other proteins and RNAs, which is regarded
as a machine for protein biosynthesis. Cytosolic ribosome
describes a ribosome that is located in the cytosol. Ribosomal
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Table 3: Mapping coexpressed gene pairs to annotated gene pairs from each GO term for cellular component.

GO terms Fisher exact test Corrected 𝑃 value
a b c d 𝑃 value

Ribonucleoprotein complex 271 107 107 271 <0.001 <0.018
Ribosome 62 9 9 62 <0.001 <0.018
Cytosolic ribosome 22 4 4 22 <0.001 <0.018
Ribosomal subunit 26 4 4 26 <0.001 <0.018
Cytosol 273 127 127 273 <0.001 <0.018
Cytosolic part 34 8 8 34 <0.001 <0.018
Large ribosomal subunit 14 10 10 14 0.193 3.474
Intracellular non-membrane-bounded organelle 281 157 157 281 <0.001 <0.018
Intracellular organelle part 459 265 265 459 <0.001 <0.018
Cytosolic large ribosomal subunit 10 0 0 10 <0.001 <0.018
Cytoplasmic part 481 273 273 481 <0.001 <0.018
Cytoplasm 704 416 416 704 <0.001 <0.018
Intracellular organelle 819 413 413 819 <0.001 <0.018
Nuclear part 138 73 73 138 <0.001 <0.018
Nuclear lumen 103 57 57 103 <0.001 <0.018
Intracellular organelle lumen 123 80 80 123 <0.001 <0.018
Spliceosome 11 7 7 11 0.159 2.862
Nucleolus 41 19 19 41 <0.001 <0.018
GO: gene ontology. GO terms highlighted in bold text are significantly mapped. a: mapped CML-specific strongly coexpressed pairs. b: mapped CML-specific
weakly coexpressed pairs. c: mapped normal-specific strongly coexpressed pairs. d: mapped normal-specific weakly coexpressed pairs.
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Figure 4: Simplified coexpression networks for the mapped strongly coexpressed pairs in the cytoplasm cellular component (see Figure S3
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coexpressed pairs. (b) Mapped normal-specific strongly coexpressed pairs.

subunit consists of ribosomal large and small subunits.
Cytosolic large ribosomal subunit refers to the large subunit
that is located in the cytosol.There were more connections in
the CML group compared to the normal group (Table 3). In
addition,most of the coexpressed genes belonged to RP genes
encoding the ribosomal large and small subunits.

The nucleolus is very important for ribosome biogenesis,
containing the proteins for ribosome production [24, 25].
A number of nucleoli are found to be centered around
rDNAs that are transcribed to rRNAs for ribosome [25, 26].
In addition, various proteins responsible for the processing

and assembly of ribosomal large and small subunits are also
included in the nucleolus [25].We found that genes encoding
small nuclear ribonucleoproteins were well connected with
other genes in the CML group: small nuclear ribonucleo-
protein D2 polypeptide 16.5 kDa (SNRPD2), D3 polypeptide
18 kDa (SNRPD3), polypeptide E (SNRPE), and polypeptide
F (SNRPF) (Figures 4 and 5). From the figures, we can see
that these small nuclear ribonucleoprotein genes had more
connectionswith other genes in theCMLnetworks compared
to the normal networks (Figures S3 and S4). It was reported
that NPM1 can shuttle from the nucleus to the cytoplasm
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[27]. NPM1 was also found to direct the nuclear export of
ribosome [25]. When exported to the cytoplasm, the small
and large subunits are combined together to form functional
subunits [25]. In our result, NPM1 was found in both
cytoplasm and nucleolus GO terms for cellular components.
Most importantly, NPM1 was coexpressed with more genes
in the CML group than that in the normal group, including
the RP genes, for example, RPL10A and RPL36A (Figures 4
and 5).

There was no significantly enriched GO term for molecu-
lar function identified according to the same selection criteria
(EASE score < 0.05 and FDR < 0.05).

4. Discussion and Conclusion

In this study, we have identified the overall differences in
the coexpression patterns of those NPM1-associated genes
between the normal and the CML groups. Correlation
coefficients for all the possible gene pairs among these 93
genes were considered to form two different cumulative
distributions. Two-sample KS test was performed to identify
the difference (Figure 1). Firstly, the maximum deviation
(𝐷 = 0.109) between two cumulative distributions indicated
the difference between the normal and the CML groups
structurally. Then, a disease-specific cutoff point (𝐶 = 0.252)
was discovered at the maximum deviation to classify the
coexpressed gene pairs. Functional annotation was further
applied to explore the biological differences.

DAVID database annotation for enriched biological pro-
cess gene ontology demonstrated that genes involved in
translational elongation and translation were more likely to
be coexpressed in the CML group, which were related to
translation process (Table 2).The coexpressed genes that par-
ticipated in these two biological processes covered RP genes
(e.g., RPL6 andRPS28) and translation factors (e.g., EEF2 and
EIF3F) (Figures 2 and 3). The RP genes are responsible for
encoding the ribosomal large and small subunits. Ribosome
is regarded as a machine for protein biosynthesis. There
are some factors needed to assist the translation process,

including initiation factors and elongation factors. In the sig-
nificantly mapped GO terms for cellular components, some
of them were related to ribosome, cytoplasm, and nucleolus
(Table 3 and Figures 4 and 5). The rRNA large and small
subunits are generated in the nucleolus. After exported to the
cytoplasm, these components are combined together to form
the functional ribosome to perform the translation function.
Therefore, both the biological processes and the cellular
components are important. Our results showed that genes
involved in the translation processes, ribosome, cytoplasm,
and nucleolus were more likely to be coexpressed in the CML
group compared to the normal group. We can infer that the
ribosome biogenesis and translation process may be more
active in the CML state.

The translation process, ribosomal protein, and transla-
tion factor have been found dysregulated in the CML state.
Altered mRNA translation is involved in the pathogenesis
of various human cancers, including CML [28]. Ly et al.
reported that the translational regulators, ribosomal protein
S6 and 4E-BP1 (a negative regulator in cap-dependentmRNA
translation process), were constitutively phosphorylated in
CML cells [29]. The encoded protein by eukaryotic trans-
lation initiation factor 4E (EIF4E) is regarded as both a
key translation factor and a promoter for nucleocytoplas-
mic transport of specific transcripts [30]. Overexpression
of EIF4E has been found in CML patients, suggesting its
possible role in neoplastic transformation and the feasibility
as a novel therapeutic approach [30, 31].

Our developed method had two major functions. Two
sets of correlation coefficients in the normal and the CML
groups formed two different cumulative distributions. The
first function was to test if these two sets of data significantly
differed in terms of the overall distributions.The significance
was indicated by the 𝑃 value for the maximum deviation
between two cumulative distributions. A threshold was iden-
tified at the maximum deviation to group the coexpressed
gene pairs into strong and weak coexpression classes, called
the disease-specific cutoff point, which was regarded as the
second function. The widely appreciated cutoffs for the 𝑃
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values such as 0.01 or 0.05 can identify the strong and weak
coexpression classes pair by pair. However, it cannot test the
difference from the overall distributions of two groups.

Gene differential expression analysis applies statistical
methods to select genes with high/low expression levels in the
disease group and low/high expression levels in the normal
state [32]. Individual gene expression value change is able to
indicate the possible relation between this gene and disease
but cannot identify the interaction between different genes
and the plurality of pathogenic genes as a functional module
in the complex disease [33, 34]. In the real situation, genes
and their encoded proteins do not function in isolation, and
they cooperate with each other [35, 36]. Functional changes
such as the alteration in a particular biological process can
be reflected by gene coexpression changes [34]. Compared
to the gene differential expression analysis, coexpression
analysis is able to identify the functional relationship among
genes during signal transduction and group genes involved
in a functional gene set or a particular pathway. Hence,
the coexpression analysis is more useful for analyzing the
underlyingmechanisms of diseases.The altered coexpression
patterns in the CML state with respect to the normal state can
be used to identify the dysregulated pathways more easily.

We have developed a novel method to identify a disease-
specific cutoff point for coexpression levels that classified the
coexpressed gene pairs. This distribution-based classification
considered all the gene pairs to partition them into different
locations based on their different coexpression levels and
different groups.We applied thismethod to explore the differ-
ence in the coexpression patterns of those NPM1-associated
genes between the normal and the CML groups. Our method
effectively identified the statistical differences from the over-
all structure. The different coexpression pattern compared to
the normal state reflected the biological alterations in CML.
Moreover, dysregulated ribosomal synthesis and translation
process were found in the CML state compared to the normal
group. Our developed method and significant findings may
provide useful information for the exploration of novel
mechanisms and the treatment of cancer.
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It is crucial to understand the specificity of HIV-1 protease for designing HIV-1 protease inhibitors. In this paper, a new feature
selection method combined with neural network structure optimization is proposed to analyze the specificity of HIV-1 protease
and find the important positions in an octapeptide that determined its cleavability. Two kinds of newly proposed features based
on Amino Acid Index database plus traditional orthogonal encoding features are used in this paper, taking both physiochemical
and sequence information into consideration. Results of feature selection prove that 𝑝2, 𝑝1, 𝑝1, and 𝑝2 are the most important
positions. Two feature fusion methods are used in this paper: combination fusion and decision fusion aiming to get comprehensive
feature representation and improve prediction performance. Decision fusion of subsets that getting after feature selection obtains
excellent prediction performance, which proves feature selection combined with decision fusion is an effective and useful method
for the task of HIV-1 protease cleavage site prediction.The results and analysis in this paper can provide useful instruction and help
designing HIV-1 protease inhibitor in the future.

1. Background

Acquired immune deficiency syndrome (AIDS) is a severe
disease which mostly causes patient’s death during its termi-
nal period.Most patients suffer from this disease because they
are infected by HIV-1. Although many researches and inves-
tigations have been implemented, medicines or methods to
entirely cure AIDS have not been found. However, there are
some methods to relieve patient’s ailment by medicines or
therapies. HIV-1 protease inhibitor is such a kind of medicine
that can be used to treat AIDS. HIV-1 protease is an enzyme
which plays an important role in the replication progress. It
cleaves proteins to smaller peptides, and these peptides are
used to make up some important proteins that are essential
for the replication of HIV-1 [1]. Thus inhibition of this pro-
tease is a reliable method to interfere the virus reproduction.
HIV-1 protease inhibitor is a small molecule that can tightly
bind to HIV-1 protease at the active cleavage sites, so that
substrates which should normally be cleaved cannot bind to
the protease. Normally, the protease binds with a protein in

octapeptide length and cleaves it at the scissile bond. It is quite
important to findwhich amino acid sequences can be cleaved,
that is, the specificity of the protease. Also a good concept of
which residues play more important roles in the cleavage
progress is necessary. However, it is too costly and almost
impossible to achieve these targets through experiments in
laboratory. There are 20 amino acids in the natural world, so
there can be 208 kinds of octapeptides in all. It is impossible to
test each octapeptide for confirmingwhether it can be cleaved
by HIV-1 protease. Thus prediction of protease cleavage sites
through computer programs becomes an economical and
effective solution [2]. Machine learning methods can be used
here to predict whether octapeptides are cleavable for the
protease.

A lot of researches and investigations for HIV-1 protease
cleavage sites prediction scheme have been carried out during
the past two decades [3]. The previous investigations are
mostly about the design of predictionmodels (classifiers) and
methods of feature extraction [4]. Many classical classifiers,
such as neural network, linear discriminant classifier, and
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support vector machine, are used in previous researches.
In this paper, feed forward back-propagation (BP) neural
network is used, which is a powerful learning system from
the learning point of view. It is also succinct in structure and
easy for programming. Researchers have also proposedmany
methods of feature extraction. Features here are mainly
divided into two categories, features based on peptide
sequence and features based on physicochemical properties.
In this research, orthogonal encoding (OE) features based on
peptide sequence, principal components analysis (PCA), and
nonlinear Fisher transformation (NLF) based features which
are extracted fromAminoAcid Index (AAindex) database are
fused to obtain comprehensive feature representation.

A typical HIV-1 protease cleavage sites prediction frame
can be described as this: extract features from octapeptides,
train a classifier based on the training samples, and then pre-
dict the label of a new unlabeled sample with the trained clas-
sifier. As the amount of information provided by a single kind
of features is limited, the prediction accuracy will be faced
with a bottleneck if only using a kind of features. Three kinds
of original features are used in this paper, and experiments
are carried out to test their classification performance. It is
reasonable to fuse the three kinds of features as the input of
classifier to improve classification accuracy [5]. Two fusion
manners for features are used here: one way is used to train
the classifier by combining the three kinds of features called
combination fusion; the other one is used to train three classi-
fiers separately with three kinds of features and then produce
an output label based on the outputs of the three classifiers
according to majority rule, which is called decision fusion.
However, large feature space might result in overfitting of BP
neural network and reduce classification performance of new
samples [6]. In order to guarantee generalization capability of
classifiers, features must be coordinated with the classifier.

According to statistical learning theory, the generaliza-
tion capability of a classifier is determined by its Vapnik-
Chervonenkis dimension [7]. If a BP network possesses a
complex structure with too many nodes in the layers, it will
face a quite high Vapnik-Chervonenkis dimension which will
seriously reduce its generalization capability. Thus dimen-
sionality reduction of feature space and optimization of net-
work structure are needed [8]. Feature selection is an effective
method for dimensionality reduction which is different from
feature transformation. It retains the original structure of
features and helps to understand the physicalmeaning in data
[9]. Specific to our research, feature selection can help us find
which positions and amino acid residues in an octapeptide
play more important roles in deciding whether it can be
cleaved. In our research, a feature selection method com-
bined with structure optimization of neural network is used,
which retains effective features and confirms neural network
structure at the same time. Feature selection is conducted on
the three kinds of features separately, and three subsets are
got.Then the three subsets are fused in two different ways for
testing, which were mentioned above.

In this paper, feature representation is spread by fusing
three kinds of features to improve classification performance,
and feature selection actually improves generalization capa-
bility of classifiers. Decision fusion based on three kinds of

features in subsets gets excellent classification performance.
The important positions and amino acid residues in peptides
which demonstrated the cleavage specificity of HIV-1 pro-
tease are found. Our work can provide some instructive help
for designing HIV-1 protease inhibitor.

2. Methods

2.1. Data Set. There are some classic data sets which have
been collected and published. Cai and Chou [10] integrated
several small data sets into generating the classic 362 set,
which included 114 HIV-1 protease substrates assigned as
positive samples and 248 non-HIV-1 protease substrates
assigned as negative samples.

You et al. [11] got a relatively big data set from the
published research results of HIV-1 protease specificity. They
claimed the data set of 362 peptides was too small for inves-
tigating such a sophisticated issue [12]. That is why they built
their data set of 746 peptides.

Kim and his colleague [13] collected 392 octapeptides
added to the 362 data; thus a 754-sample data set was got,
which included 395 HIV-1 substrates and 359 non-HIV-1
protease substrates.

Kontijevskis and his colleague [14] conducted a research
that the collected data came from published research for rela-
tionship between protease and substrates from 1990 to 2005
and generated a big data set including 1625 octapeptides.
There are 374 positive samples and 1251 negative samples.

In our research, these formerly used data sets are com-
bined to enlarge the datasets and 3618 samples are got.
After removing the contradictory and redundant samples, the
dataset has 1922 octapeptides, which contains 596 positive
samples and 1326 negative samples.This dataset is called 1922
dataset.

2.2. Feature Extraction. Numerous kinds of feature extrac-
tion methods for peptides have been proposed [15].There are
mainly two sorts of features that are usually extracted from
a peptide: features based on peptide sequence and features
based on physicochemical properties.

2.2.1. Feature Extraction Based on Peptide Sequence. Feature
extraction based on peptide sequence is a commonly used
and classical method to represent a peptide for HIV-1
protease inhibitor prediction. Some methods to extract fea-
tures are based on protein sequence, such as amino acid com-
position, n-order couple composition, pseudo-amino acid
composition, and residue couple. However, these methods
originally proposed to extract features of proteins, not partic-
ularly raised for peptide sequence. Usually a proteinmolecule
is much larger than a peptide; thus a protein sequence con-
tains muchmore structure information than a peptide.These
methods cannot extract enough useful information from a
small peptide molecule.Thusmethods specially proposed for
peptides are taken into consideration in our research. OE
is one most frequently used method to employ a sparse rep-
resentation. A 20-bit vector represents a kind of amino acid
with 19 bits set to zero and one bit set to one. Each vector
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denoting an amino acid is orthogonal to the others. In this
way, an amino acid sequence is mapped into a sparse orthog-
onal vector space. If a peptide sequence contains𝑀 consecu-
tive amino acids, it can be represented by𝑀× 20 features.

2.2.2. Feature Extraction Based on Physicochemical Properties.
Although OE features can provide good prediction accuracy
for HIV-1 protease inhibitor, features just based on sequence
cannot provide comprehensive feature representation. Fea-
tures based on physicochemical properties of amino acids can
provide different but quite useful information, which can
effectively improve prediction accuracy. The inherently con-
tained characteristics of amino acids can provide useful help
for us to understand the specificity of HIV-1 protease [16].

The AAindex Database is a collection of amino acid
indices in published papers [17]. An Amino Acid Index is a
set of 20 numerical values representing any of the different
physicochemical and biological properties of amino acids.
TheAAindex1 section of theAAindexDatabase is a collection
of published indices togetherwith the result of cluster analysis
using the correlation coefficient as the distance between two
indices. This section currently contains 544 indices.

Another important feature of amino acids that can be
represented numerically is the similarity between amino
acids. A similaritymatrixwhich is calledmutationmatrix and
it contains a set of 210 numerical values, 20 diagonal and 20 ×
19/2 off-diagonal elements used for sequence alignments and
similarity searches. The AAindex2 section of the AAindex
Database is a collection of published amino acid mutation
matrices together with the result of cluster analysis. This
section currently contains 94 matrices.

Up to now, most methods of extracting features from
peptides based on AAindex Database employ the amino acid
indices. Many methods proposed for proteins can be used
here, like autocorrelation function and pseudo amino acid
composition. In our research, features extracted based on
PCA and NLF of AAindex Database are used.

Nanni and Lumini utilize [18] all the amino acid indices
in AAindex1 and the diagonals of the substitutionmatrices in
AAindex2 and apply PCA and NLF to extract features from
the original feature space.The twomethods are introduced in
the following part.

PCA based feature extraction is used to transform the
original feature space into an orthogonal principal compo-
nent space.The principal components are the 𝑘 largest eigen-
vectors of the covariance matrix based on the original feature
space. Here 𝑘 is an undetermined integer. In this transforma-
tion, the first principal component has the largest possible
variance, and each succeeding component in turn has the
highest variance possible under the constraint that it be
orthogonal to the preceding components. After conducting
PCA to the original features, each kind of amino acid can be
represented by 19 features.

NLF based feature extraction utilizes an objective func-
tion of the nonlinear Fisher transformation with the purpose
of well separating patterns of different classes. 20 different
labels can be put on the 20 kinds of amino acids. So discrimi-
nating the 20 amino acids becomes a supervised classification
problem. The original Fisher transformation suffers from

occlusion of neighboring classes, so the nonlinear Fisher
transformation is proposed. After conducting NLF to the
original features, each kind of amino acid is represented by an
18-feature vector.

In our research, three kinds of feature extractionmethods
are utilized: OE, PCA, and NLF based feature extraction
methods considering they are specially proposed for peptide
encoding. Experiments in the following part of this paper
indicate that all the three sorts of features can provide good
prediction performance.

2.3. Feature Selection. In a machine learning frame, dimen-
sionality reduction is usually a highly important part which
aims to reduce the classifier complexity and improve the
classification accuracy. In some cases, both of the two aspects
are taken into account, while sometimes one aspect is mainly
focused on. There are two ways to implement dimensional-
ity reduction: feature transformation and feature selection.
Understanding the relationship and difference between them
is very important. Feature transformation is carried out by
mapping or combining features of the original feature space, a
process that changes original features and generates new
features. Feature selection is used to find the optimal (or sub-
optimal) feature subset from the original feature set and this
process does not change the original features [19]. The choice
of feature transformation or feature selection should be based
on the specific problem for reducing dimensionality. In this
paper, our research mainly focuses on the feature selection.
There are three purposes for feature selection: to improve
the classification accuracy of the classifier; to make classifier
easier and faster, thus saving computing space and improving
efficiency; to help us better understand the data generating
process and the potential physical meaning in data. Some-
times feature selection is used not for improving classification
accuracy but for simplifying the classifier and mining the
potential physical meaning. Feature selection contains a
number of aspects: definition of the objective function,
feature sorting, searching criterion, and results verification.
These methods for selecting feature subset are generally
divided into three models: wrapper, filter, and embedded
method.Wrapper is a black box integrating some kind of clas-
sifier to find the optimal (suboptimal) subset by verifying the
classification accuracy of the selected feature subset. Filter is
used to find the optimal (suboptimal) feature subset based on
a certain criterion, independent of the choice of classifier, and
is usually used in the pretreatment. Embedding method is
used to accomplish feature selection while training the
classifier with the training set; the specificmethod is different
according to the different selected classifiers.

Feature selection is a relatively new problem in HIV-1
protease inhibitor prediction and it is the key thought in our
research. It helps us find out the positions in octapeptides
playing more important roles in deciding whether an
octapeptide can be cleaved by HIV-1 protease.The important
roles of amino acid residues that constitute octapeptides are
also investigated. In our research, the feature selection task is
separated into two steps: the preliminary step and the com-
plete step. In the preliminary step, a wrapper feature selection
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method including a neural network is conducted and struc-
ture optimization of neural network is accomplished at the
same time. In fact, feature selection combined with neural
network optimization is conducted in previous research like
CAFS [20]. However, CAFS meets great difficulty in dealing
with high-dimension data. Specific to our task, it cannot
select enough useful features for prediction.Therefore, a two-
step scheme is conducted in our task. The special way to
sort features will be explained in following part. In order to
include enough useful features, relatively loose feature evalu-
ation criteria are used in ourmethod. An initial subset for the
complete step is got when the preliminary step ends. In the
complete step, the final subset is determined according to
classification performance on validation samples based on
the initial subset previously got.

Awrappermethod is designed to provide better classifica-
tion accuracy for the prediction task in the preliminary step.
There is a neural network to examine the classification accu-
racy of different subsets in the feature selection algorithm; the
useful and effective features can be selected for the following
prediction process. It is important but difficult to determine
the number of nodes in the hidden layer for a BP neural
network. Too many nodes will cause high computational
complexity and take up a lot of resources, while too few nodes
cannot provide enough classification ability. Our method
provides a solution to solve this problem. It is used to choose
effective features from the data set, which shows us the more
important positions in octapeptides and more important
amino acid residues at different positions indicating the
HIV-1 protease specificity.

2.3.1. Feature Selection Combined with Neural Network Struc-
ture Optimization. The following is the feature selection
scheme for finding the useful features and accomplishing
with network structure optimization at the same time. One
severe drawback of neural network is that its optimal struc-
ture is not explicit. A structure optimized neural network can
provide reliable classification ability and guarantee good
generalization capability. Therefore, feature selection is con-
ducted with neural network structure optimized feature in
this paper. The feature selection scheme is divided into two
steps. The preliminary selection with network optimization
accomplishes the initial selection of useful features. The
complete selection confirms the final subset and network
structure.

An octapeptide is denoted by 𝑝4𝑝3𝑝2𝑝1𝑝1𝑝2𝑝3𝑝4,
where 𝑝 represents a kind of amino acid residue. The scissile
bond that may be cut by HIV-1 protease is between 𝑝1 and
𝑝1
. Each position of an octapeptide can be expressed by a

group of features as mentioned above: OE, PCA based fea-
tures, and NLF based features. It is supposed that if one posi-
tion is nearer to the scissile bond than others, it plays more
important role in manifesting HIV-1 protease cleavage speci-
ficity. Thus, a special feature sorting criterion is used to rear-
range features and place particular emphasis on middle posi-
tions. Symmetrical positions, for example, 𝑝1 and 𝑝1, are
considered of equivalent importance. The correlation of
different features is also taken into consideration, and features
are rearranged with two steps. Firstly, it arrays the sequence

as 𝑝1𝑝1𝑝2𝑝2𝑝3𝑝3𝑝4𝑝4. Features with smaller correla-
tion values are more important than features with larger
correlation values. Then it sorts the features at each pair of
symmetrical positions from small correlation value to large
correlation in step two. For example, correlation values of
features at 𝑝1 and 𝑝1 are computed, and then features are
sorted based on them. Repeat the same operation on 𝑝2 and
𝑝2
 and so on. In this paper, Pearson product-moment corre-

lation coefficient is shown in

𝑟
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𝑟
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stands for the correlation value between features 𝑖 and 𝑗.
𝑥
𝑖
and 𝑥

𝑗
stand for the value of features 𝑖 and 𝑗; 𝑥

𝑖
and 𝑥

𝑗

stand for the mean value of features 𝑖 and 𝑗 based on 𝑝 sam-
ples, respectively. After all of the correlation values for each
possible feature combination are computed, correlation of
each feature is computed according to
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(𝑀 − 1)
, here 𝑖 ̸= 𝑗, (2)

where cor
𝑖
is the correlation for feature 𝑖 and𝑀 is the number

of features used here.
For the task of feature selection, data samples are ran-

domly divided into two groups: training set and validation
set. Training set is used to train neural network; validation
set is used to evaluate the performance of feature subsets and
guarantee the generalization capability of neural network in
feature selection progress. The sample proportion of training
set and validation set in all samples is 0.6 and 0.4, respectively.
The general information of the feature selection method is
shown in Figure 1, and the details are in the following part.

Step 1. Anoctapeptide is denoted by𝑝4𝑝3𝑝2𝑝1𝑝1𝑝2𝑝3𝑝4,
where 𝑝 represents a kind of amino acid residue. Features
are initially extracted with different methods according to
this original sort. The positions nearer to the scissile bond
are supposed to play more important roles, and symmetrical
positions are equally important. An octapeptide will be
cleaved at the scissile bond if it is cleavable.The experimental
results prove our hypothesis, so the sequence of octapeptide
is rearranged to 𝑝1𝑝1𝑝2𝑝2𝑝3𝑝3𝑝4𝑝4.

Step 2. Sort the features at each pair of symmetrical positions
from small correlation value to larger one.Thus a new feature
array is got from which features are added to subset during
feature selection.This feature array is called candidate feature
array. When a feature is added to the subset, correspondingly
it is eliminated from the candidate feature array. Generally, an
initial subset is needed as a start in feature selection and the
initial subset is the first feature in the candidate feature array.

Step 3. Judge if the feature selection should stop by examining
whether the candidate feature array is empty. If it is empty,
the algorithm will stop. This is termination criterion 1 in
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Figure 1: Flowchart of the feature selectionmethod. In the flowchart, a subset which is shown as suboptimal subset is got after the preliminary
step. The part before the suboptimal subset is got can be referred to as the preliminary step. Then a final subset is got according to the
classification accuracy based on this subset in the complete step. The part after the suboptimal is got can be referred to as the complete step.

this algorithm. After the algorithm stops, the current feature
subset is the final subset in preliminary step and the initial
subset for the complete step.

Step 4. Feature selection starts from the first feature in the
candidate array. Feature is picked out in order from this array
and temporarily added to the current subset with a so-called
temporary subset created. If the temporarily added feature is
evaluated usefully in Step 9, this feature will finally be added

to the current subset, which means the temporary subset
will become the new subset. Otherwise, this feature will be
eliminated from the candidate array and the temporary
subset is cancelled. The subset will still be the original one.

Step 5. Initialize a BP neural network. The number of input
layer nodes is the size of temporary subset and the number of
hidden layer nodes is initially set to one. In the following pro-
cess, this numbermay be increased as needed.The number of
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output layer nodes is set to one. The true label of a sample in
our data is 0 or 1, so the outputs of network are real numbers
close to 0 or 1 after training.

Step 6. Train the network in a partial way whichmeans train-
ing the network 𝜏 epochs each time. Here 𝜏 epochs can be
called a training series. The network is trained 𝜏 epochs in
each time whether it is convergent or not; the training error is
saved. After every training series, a partially trained network
is got, and the samples in validation set are classified. The
classification accuracy and validation error are got and saved.
To classify the samples in validation set a threshold between
0 and 1 is needed for label determination.

Step 7. Check termination criterion 2 after every partial
training series. Here criterion 2 is tested according to the
validation error, and validation error has been achieved in
Step 6. All validation errors after partial training are saved
and compose a validation error array. If there is a𝑇 time’s suc-
cessive increase for validation error exceeding a threshold 𝜆,
it means the network is overfitting; thus the algorithm should
stop. After the algorithm stopping, the current feature subset
is the final subset for preliminary step and the initial subset
for complete step.

Step 8. Determine whether further training is needed. If the
difference between training errors of current training series
and previous training series is smaller than a specified thresh-
old 𝜀, it means the network is convergent and the training
should stop. Step 6 mentions that a classification accuracy
value on validation set is got after each training series, so
when the network training is finally over, an array of classifi-
cation accuracy is got which will be used in Step 9.

Step 9. Evaluate the temporary subset after adding a new
feature by analyzing the classification accuracy array. If there
is a significant ascending trend in this array, it means that
the temporarily added feature makes sense, and this feature
provides useful information and improves classification accu-
racy. Otherwise go to Step 10. As adding a feature does not
improve classification performance on validation samples, it
may be due to the fact that current network does not contain
enough hidden nodes. Thus adding a hidden node becomes
a considerable solution.

Step 10. Determine whether a node in hidden layer should
be added. Firstly, we temporarily add a hidden node for the
network and train with the temporary subset again. If there is
a significant ascending trend in classification accuracy array
this time, it means that adding a hidden node can effectively
improve classification performance. Thus the feature picked
out in Step 4 is finally added to the subset, and a hidden
node is added in the network. If adding a hidden still cannot
improve classification performance, the feature picked out at
Step 4 is regarded as useless and will be eliminated from the
candidate feature array, and the newly added hidden node
will be eliminated too.

Step 11. After the preliminary step, an initial subset is got.
Actually, a group of subsets are got to be analyzed from the

initial subset. During the preliminary selection, a new feature
is successfully added to the subset for each time, classification
accuracy of validation set is got and saved, and the corre-
sponding current node number of hidden layers is also saved.
Thus each subset corresponds to a validation accuracy and
hidden node number. This validation accuracy array is ana-
lyzed and helps determining the final subset.

Step 12. In the end, the final subset will be determined based
on the results achieved in Step 11. When the classification
accuracy on validation set is at a relatively high and steady
level even if it is not the largest value, the subset still includes
enough effective features and contains enough useful infor-
mation. According to this criterion, the final subset is deter-
mined expecting it will provide good classification perfor-
mance. Meanwhile, the corresponding network structure is
confirmedwhichmeans the node numbers of input layers and
hidden layers are determined.

2.3.2. Determining the Final Subset. After the preliminary
selection, a subset with some redundant features is got. As
features in the subset are added one by one during prelimi-
nary selection, classification accuracy on validation samples
is got and saved after a new feature is added. Meanwhile,
the number of hidden nodes corresponding to each subset is
also saved. The reason for carrying on two steps is to include
enough useful features. So a loose feature evaluation criterion
is conducted in preliminary selection. However, this manner
will also contain some redundant features, so the complete
step is needed to remove them. In fact, when the classification
accuracy of validation set has a relatively high and steady level
even if it is not the largest value, the subset still includes
enough effective features and useful information. In the fol-
lowing part, thismethod to determine the final subset accord-
ing to the different validation classification performance of
subsets is introduced. This work uses the three subsets got
based on three kinds of features after preliminary selection
and it is previously mentioned.

Orthogonal Encoding Based Features. The classification accu-
racy on validation set during preliminary selection for OE
features is shown in Figure 2.

A subset of 151 features is got after the preliminary selec-
tion. When the subset contains 142 features, the classification
accuracy on validation set gets largest value which is 92.8479.
However, when the subset contains 90 features, validation
classification accuracy already obtains a relatively high value.
But the 90-feature subset is not the final subset. The final
subset should have a steadily high classification accuracy level
avoiding toomanyups anddowns.Thefinal subset should not
miss toomany useful features so as to keep good classification
performance and include as few as redundant features. Thus
the final subset is the 104-feature one.Thenumbers of features
distributed at 8 positions are 0, 16, 17, 19, 19, 17, 16, and 0. It
can be easily found most features distributed at 𝑝1, 𝑝1, 𝑝2,
𝑝2
, and 𝑝3, 𝑝3. There is a redundant feature which is

inherently produced inOE.The redundant feature is removed
after the two-step feature selection atmost positions. A neural
network is got after feature selection, containing 12 nodes in
hidden layer.
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Figure 2: Validation accuracy of OE features.

PCA Based Features.The classification accuracy on validation
set during preliminary selection for PCA based features is
shown in Figure 3.

After the preliminary selection, a subset that contains 135
features is got. The largest value of classification accuracy
based on validation set is 94.4083.Nevertheless, when the fea-
ture subset contains 134 features, the classification accuracy of
validation set gets a local maximum value. The final subset is
determined by following the same method mentioned above
in OE features and the final choice is the 102-feature subset.
The numbers of features distributed at 8 positions are 0, 8,
19, 19, 19, 18, 8, and 0. A neural network is got after feature
selection, containing 12 nodes in hidden layer.

NLF Based Features.The classification accuracy on validation
set during preliminary selection for NLF based features is
shown in Figure 4.

The preliminary selection produces a 133-feature subset.
When the subset contains 88 features, the classification accu-
racy of validation set gets the largest value of 93.4980, and
the 88-feature subset bears a local maximum value for vali-
dation set classification accuracy. If more features are added,
the classification accuracy relatively stays high. Thus, the
final subset is the 103-feature one after the complete selection.
The numbers of features distributed at 8 positions are 0, 8,
13, 17, 16, 15, 7, and 0. A neural network is got after feature
selection, containing 13 nodes in hidden layer.

3. Results and Discussion

Sufficient experiments are conducted to compare the per-
formance of final subsets that we get, the fused subsets, the
original features, and fused original features using 10-fold
cross validation. Tenfold cross validation is a widely used
method to examine classification performance. Four param-
eters, accuracy, sensitivity, specificity, and Matthews Corre-
lation Coefficient (MCC) [21], are calculated based on the
results of 10-fold cross validation experiments to evaluate
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Figure 3: Validation accuracy of PCA features.
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Figure 4: Validation accuracy of NLF features.

classification performance. The 10-fold validation experi-
ments are conducted in a way as follows: all samples are
divided into 10 parts, while each part is used as test set and
other parts are used as training set by turns; thus every sample
gets a chance to be test and it will be assigned a label according
to the classifier output; by comparing the original label and
network outputting label of samples, the four evaluation
parameters of accuracy, sensitivity, specificity, and Matthews
Correlation Coefficient are computed. In the following parts,
the results of the three kinds of original features, three subsets
after feature selection, and features with fused methods will
be discussed and analyzed.

3.1. Three Kinds of Original Features Separate and Feature
Fusion. A single kind of features containing the information
is limited, so the prediction accuracy will be faced with a bot-
tleneck by only using a single kind of features. Although OE
features might provide massive information, only sequence
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Table 1: Classification results of original features.

Reduced
features Accuracy Sensitivity Specificity MCC Feature

number
OE 0.9214 0.9011 0.9351 0.8198 160
PCA 0.9162 0.8977 0.9253 0.8083 152
NLF 0.9136 0.9077 0.9223 0.8029 144
Combination
fusion 0.9147 0.8943 0.9238 0.8048 456

Decision
fusion 0.9344 0.9245 0.9449 0.8501

information is not enough. Thus features based on physio-
chemical properties are taken into consideration, and PCA
and NLF based features are used in this paper. They contain
different information, respectively, and quite differ from
OE features. Two kinds of methods for feature fusion are
used to improve classification accuracy: combination fusion
and decision fusion. Combination fusion is used to train
the classifier by combining the three kinds of features, and
decision fusion is used to train three classifiers separatelywith
the three kinds of features and produce an output label based
on the outputs of the three classifiers according to majority
rule. Experiments are conducted to examine the classification
performance based on the three kinds of original features plus
the fused features. The results are shown in Table 1.

Table 1 shows the results of 10-fold cross validation for
each kind of original features and fusion method. Accuracy,
sensitivity, specificity, and MCC are calculated to examine
the prediction performance. The feature number of the three
kinds of original features is shown in Table 1. The feature
number of combination fusion is got by summing the feature
number of the three kinds of original features. The feature
number of decision fusion is not necessary to calculate, as
it is different from combination fusion. The sizes of original
feature space for OE, PCA, and NLF based features are
160, 152, and 144, respectively. The size of feature space for
combination fusion is 456 which is a high value for a predic-
tion task, while the size of feature space for decision fusion
cannot be calculated by simple addition operation. According
to Table 1, all the three kinds of original features get good
classification performance, and OE features gain the best
performance. PCA and NLF based features get close perfor-
mance, which provide different information and are comple-
mentary in the following feature fusion scheme.The two fea-
ture fusion methods get obviously different results: decision
fusion exceeds combination fusion substantially. Combina-
tion fusion of the three kinds of features is inferior to OE fea-
tures but close to PCA andNLF based features, while decision
fusion of the three kinds of features gets superior perfor-
mance to all of them.The reason for combination fusion with
larger feature space not obtaining better performance might
be that too large feature space results in overfitting for BPneu-
ral network and reduces generalization capability for predict-
ing new samples. Due to the high dimensionality of feature
space, the Vapnik-Chervonenkis dimension is severely high
and causes overfitting; thus the advantage of fusing multiple
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Figure 5: Feature number at different sites after feature selection for
OE features.

kinds of features does not show. In aword, overfittingworsens
the generalization capability of the network. The reason for
decision fusion getting an excellent result might be that there
are three networks trained by the three kinds of features,
respectively, and the networks perfectly deal with the features.
Three different kinds of information are effectively used.
There is not too high-dimension feature space for each net-
work which guarantees the generalization capability. Mean-
while, the voting mechanism uses the three kinds of infor-
mation sufficiently.

3.2. Feature Selection and Feature Fusion. Known from the
result of combination fusion, there is overfitting in the trained
network. To find the specificity of HIV-1 protease and solve
overfitting of network, feature selection is conducted. Feature
selection can find themost useful features that indicate which
positions and amino acid residues play more important roles
in demonstrating the specificity of HIV-1 protease and can
simultaneously accomplish network structure optimization.
Feature selection is firstly conducted on the three kinds of
original features in this paper. The importance of different
positions is confirmed according to the number of features
retained at each position after feature selection: the more
features a position contains, the more important it is.

The distribution of features at different sites for OE
features is shown in Figure 5. The distribution of features
retained at the 8 positions is apparent: there are 0, 16, 17, 19, 19,
17, 16, and 0 features at 𝑝4, 𝑝3, 𝑝2, 𝑝1, 𝑝1, 𝑝2, 𝑝3, and 𝑝4,
respectively. 𝑝4 and 𝑝4 do not retain any feature after feature
selection. The four positions nearer to the scissile bonds 𝑝2,
𝑝1, 𝑝1, and 𝑝2 contain the most features in the subset.
This result proves our supposition that the positions nearer to
the scissile bond play more roles in determining whether an
octapeptide is cleavable. The size of feature space is reduced
from 142 to 104, which is large reduction ratio.

The distribution of features at different sites for PCA
features is shown in Figure 6. There are 0, 8, 19, 19, 19, 18,
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Figure 6: Feature number at different sites after feature selection for
PCA features.

8, and 0 features at 𝑝4, 𝑝3, 𝑝2, 𝑝1, 𝑝1, 𝑝2, 𝑝3, and 𝑝4,
respectively. There is no feature retained at 𝑝4 and 𝑝4, and
𝑝2,𝑝1,𝑝1, and𝑝2 contain themost features.This result also
proves our supposition. The size of feature space is reduced
from 135 to 91.

The distribution of features at different sites for NLF
features is shown in Figure 7. There are 0, 8, 13, 17, 16, 15, 7,
and 0 features at 𝑝4, 𝑝3, 𝑝2, 𝑝1, 𝑝1, 𝑝2, 𝑝3, and 𝑝4,
respectively. Still there is no feature retained at 𝑝4 and 𝑝4,
and 𝑝2, 𝑝1, 𝑝1, and 𝑝2 contain the most features. This
result proves our supposition again. The size of feature space
is reduced from 133 to 76, which is a quite large reduction
ratio.

The statistical results of the feature distribution at 8 posi-
tions after feature selection and the three histograms perfectly
prove our supposition about the importance of positions
nearer to the scissile bond. On the other hand, the biological
meanings of chosen features can be estimated by analyzing
the statistical results of samples in dataset. Each feature
in the subset of OE features represents one kind of amino
acid residue; thus computing the entropy values of all chosen
features based on the statistical results of subset will prove the
effectiveness of chosen features. Figure 8 shows the entropy
values of chosen features in OE subset.

As shown in Figure 8, features at 𝑝1 and 𝑝1 are first
added in the subset at the beginning. The earlier added fea-
tures obtain smaller entropy values than the following ones,
which mean the earlier ones are more relevant to the samples
judging from single feature. Some of themget zero values, and
it means that the amino acid residues corresponding to these
features are much relevant to the samples, thus proving the
validity of our work. The following added features from 𝑝1
and 𝑝1 obtain larger values, and it means these features are
less relevant to the samples for the perspective of individual
feature.Though these features are less relevant to the samples,
it does not mean they are useless for the prediction task.
The entropy value of feature does not take the dependence of
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Figure 8: Entropy values of each feature in OE subset. Each
asterisk represents the entropy value of each feature. And their
corresponding values are shown according to the order they are
added to the subset.

features into consideration, while features with large entropy
values may obtain good prediction ability combining with
other features.Therefore, these features are still important for
our research. Following features in 𝑝1 and 𝑝1, features in 𝑝2,
and𝑝2 are added to the subset. Still the earlier added features
obtain smaller entropy values and have more relevance to the
samples; the following features have larger entropy values.
The same conclusion with the previous one will be got for the
features in 𝑝2 and 𝑝2. The prediction ability of chosen
features is evaluated in the following part, and it turns out to
be very good. As BP neural network can simultaneously deal
with many input features, instead of dealing with single
feature, interdependence between input features is taken into
consideration.Thus a single feature with larger entropy value
which combined with other features may get good prediction
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Table 2: Classification results of reduced features.

Reduced features Accuracy Sensitivity Specificity MCC Feature number Feature reduction ratio
OE 0.9214 0.8993 0.9329 0.8191 94 0.4125
PCA 0.9110 0.9044 0.9178 0.7992 91 0.4013
NLF 0.9110 0.8775 0.9306 0.7934 74 0.4861
Combination fusion 0.9199 0.8977 0.9299 0.8161 259 0.4320
Decision fusion 0.9355 0.9211 0.9442 0.8518

capability. At last, features in 𝑝3 and 𝑝3 are added to the
subset; their entropy values are relatively higher than the
values of 𝑝1, 𝑝1, 𝑝2, and 𝑝2 which means features in more
far positions from the scissile bond are less important for
the specificity of HIV-1 protease. Figure 8 demonstrates the
chosen features in the subset are effective and the nearer
positions to the scissile bond are more important.

After feature selection for three kinds of original features,
three subsets are got. In order to improve prediction perfor-
mance, we test the classification performance on the three
subsets and use two fusion methods to apply fused features
of the subsets. Table 2 shows the results of 10-fold cross
validation experiments.

Table 2 shows the results of 10-fold cross validation after
feature selection for each kind of features and fusionmethod.
Accuracy, sensitivity, specificity, and MCC are calculated to
examine the prediction performance. The feature number of
the three kinds of features after feature selection is shown in
Table 2. The feature number of combination fusion is got by
summing the feature number of the three subsets after feature
selection.The feature reduction ratio is calculated by dividing
the feature number of subset with original feature number.
The feature number of decision fusion is not necessary
to calculate, as it is different from combination fusion.
The results in Table 2 show that three subsets still gain good
classification performance with large feature reduction ratio
after feature selection, and they are very close to the per-
formance of original features correspondingly. This means
the three subsets successfully retain the useful and effective
features which provide meaningful information. The perfor-
mance of combination fusion has been improvement in the
three subsets, and it is better than the result of original PCA
and NLF based features and combination fusion of three
kinds of original features. The result of combination fusion
based on three subsets proves the useful features are retained
in the reduced feature space insuring high accuracy of
classification and redundant features are eliminated avoiding
over fitting. Decision fusion of three subsets gets excellent
performance better than combination fusion based on three
kinds of original features, and it is the best result in all of the
experiments. It means that feature selection simplifies the
network and improves generalization capability. Decision
fusion sufficiently makes use of the different kinds of infor-
mation contained based on the three kinds of features, and it
produces a wonderful prediction performance. Decision
fusion after feature selection is a good solution for HIV-1
protease inhibitor prediction and can provide help for HIV-1
protease inhibitor design in future.

4. Conclusions

Understanding the specificity of HIV-1 protease can help
human beings design effective protease inhibitor to treat
AIDS. Judging whether a peptide can be cleaved by HIV-
1 protease is the key point, and machine learning is an
economical solution for solving this problem. To get com-
prehensive feature representation, three kinds of features are
extracted from peptide sequences in this paper. However,
large feature space causes overfitting of neural network. In
order to guarantee the generalization capability, a two-step
feature selection is conducted to eliminate the redundant
features and reserve the useful features. Feature selection also
helps us to understand the specificity of HIV-1 protease. The
positions nearer to the scissile bond are supposed to play
more important roles, and the results of feature selection
prove this supposition. In fact, all the features at 𝑝4 and 𝑝4
are eliminated after feature selection. To improve prediction
accuracy, two kinds of feature fusionmethods are used. Com-
bination fusion is proved not suitable here, while decision
fusion improves prediction performance greatly.Thus feature
selection combined with decision fusion is a good solution
for HIV-1 protease cleavage site prediction. Our work can
provide help for designing HIV-1 protease inhibitor. In the
future, more sufficient feature selection method and effective
classification model are expected to solve this task perfectly.
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Tuberculosis (TB) is a chronic infectious disease, considered as the second leading cause of death worldwide, caused by
Mycobacterium tuberculosis. The limited efficacy of the bacillus Calmette-Guérin (BCG) vaccine against pulmonary TB and the
emergence ofmultidrug-resistant TBwarrants the need formore efficacious vaccines. Reverse vaccinology uses the entire proteome
of a pathogen to select the best vaccine antigens by in silico approaches.M. tuberculosisH37Rv proteome was analyzed with NERVE
(NewEnhancedReverseVaccinology Environment) prediction software to identify potential vaccine targets; these 331 proteinswere
further analyzed with VaxiJen for the determination of their antigenicity value. Only candidates with values ≥0.5 of antigenicity
and 50% of adhesin probability and without homology with human proteins or transmembrane regions were selected, resulting in
73 antigens. These proteins were grouped by families in seven groups and analyzed by amino acid sequence alignments, selecting
16 representative proteins. For each candidate, a search of the literature and protein analysis with different bioinformatics tools, as
well as a simulation of the immune response, was conducted. Finally, we selected six novel vaccine candidates, EsxL, PE26, PPE65,
PE PGRS49, PBP1, and Erp, fromM. tuberculosis that can be used to improve or design new TB vaccines.

1. Introduction

Tuberculosis (TB) is a chronic infectious disease caused by
an acid-fast bacillus, Mycobacterium tuberculosis [1]. TB is
the second cause of death caused by an infectious agent
throughout the world [2, 3]; in 2012, there were an estimated
8.6 million incident cases of TB globally, which is equivalent
to 122 cases per 100,000 people, and the absolute number of
cases continues to increase slightly from year to year [4].

The current vaccine against tuberculosis, bacillus Cal-
mette-Guérin (BCG), exerts different levels of protection:
from 46 to 100% against the disseminated disease form and
from 0 to 80% against pulmonary disease [5, 6]. In addition
to this low efficacy, reemergence of the disease caused by the
appearance of the acquired immunodeficiency syndrome
(AIDS) andmultidrug-resistant (MDR) strains has generated
requirements for a new andmore efficient vaccine against TB
[7].

The development of new vaccines starts with the identifi-
cation of unique components of the microorganism capable
of generating a protective immune response [3]. With tradi-
tional techniques, this could be a long and arduous process,
aside from the difficulty of cultivating the microorganism in
the laboratory [8–10].

Advances in sequencing technology and bioinformatics
have resulted in an exponential growth of genome sequence
information that has contributed to the development of soft-
ware that aids genomic analysis in a short period of time and
at a low cost. Reverse vaccinology (RV) applied to the genome
of a pathogen aims to identify in silico the complete repertoire
of immunogenic antigens that an organism is capable of
expressing without the need of culturing the microorganism.
Additionally, RV can help to discover novel antigens that
might be less abundant, not expressed in vitro, or less immu-
nogenic during infection that are likely to be missed by con-
ventional approaches [8, 11–14].
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The RV process begins with the proteomic information
in a database; then, the selection of vaccine candidates is per-
formed by means of different bioinformatics tools that ana-
lyze the properties of each protein and the human immune
response generated by them [8–10, 15]. Good vaccine can-
didates are considered those that do not present homology
with human proteins to avoid the generation of a potential
autoimmune response [16]; these candidates must also lack
transmembrane regions, in order to facilitate their expres-
sion. In addition, it is necessary to analyze the lack of cross-
reaction among other pathogenic antigens [14]. Another
characteristic a good vaccine candidate should have is to pos-
sess good antigenic and adhesin properties, which are impor-
tant for the pathogenesis of the microorganism and for pro-
tection against the disease [13, 17]. Extracellular or cell surface
localized proteins are good vaccine candidates due to their
increased accessibility to the immune system [14, 16]. Cur-
rently, software useful for simulation of the immune response
has been developed that could help in the search for novel
vaccine candidates [15]. In this work, we have applied RV to
the M. tuberculosis proteome with the purpose of selecting
new antigens that could be used in a novel and more efficient
vaccine against TB.

2. Materials and Methods

2.1. Proteome Analysis. New Enhanced Reverse Vaccinology
(NERVE) software was downloaded, installed, and utilized to
determine vaccine candidates employing the default parame-
ters for Gram-positive bacteria [13].The proteome sequences
of M. tuberculosis H37Rv (NC 000962.2), Mycobacterium
bovis AF2122/97 (NC 002945.3), and M. bovis BCG str.
Pasteur 1173P2 (NC 008769.1) were downloaded from the
Genome Project database of the National Center for Biotech-
nology Information (NCBI) [18]. Each proteome was ana-
lyzed individually by NERVE; conservation values for all
proteins were determined comparing the M. bovis and BCG
proteome against the M. tuberculosis proteome using the
comparative option.

2.2. Antigenicity Determination. The antigenicity value was
calculated for each protein using its amino acid sequences
and the VaxiJen server, which predicts whether a protein
could be a protective antigen. VaxiJen is based on auto cross
covariance (ACC) and has a threshold of 0.5 in the antigenic-
ity value [19].

2.3. Selection of Representative Proteins. With the parameters
calculatedwithNERVEandVaxiJen,we selected proteins that
presented an antigenicity value≥0.5, 50% adhesin probability,
and without homology with human proteins or transmem-
brane regions. The proteins selected were grouped according
to the family of proteins to which they belong. In this
manner, we obtained seven groups: ESX family proteins, PPE
family proteins, PE family proteins, PE PGRS family pro-
teins, lipoproteins, hypothetic proteins, and, the last group,
denominated “others,” composed of proteins with different
miscellaneous characteristics. The amino acid sequence of
each protein were downloaded from the NCBI protein data-

base, and an alignment was made for each group of proteins
using Clustal X software [20] in order to select representative
proteins from each group.

2.4. Immune Response Simulation. With the amino acid
sequences of the proteins selected, a human immune
response simulation was performed using the C-ImmSim
software to predict whether these proteins could generate
a protective immune response against TB [15]. C-ImmSim
simulates a portion of a lymph node but is not set up to simu-
late a realistic concentration of antigen; however, we adjusted
the antigen concentration simulation to a high dose, compa-
rable to a vaccination event. Different immunizations were
simulated with each protein in the following two different
schemes: first, a single immunization with each protein indi-
vidually at time zero and, second, three immunizations at 0, 2,
and 4weeks with each protein separately.The level ofTh1 cells
stimulated 80 days after the first injection was identified.

2.5. Protein Analysis. The bioinformatics programs used to
study the vaccine candidate’s amino acid sequences included
Phobius [21] to calculate and confirm protein subcellular
localization more precisely, ANTHEPROT [22], Expasy [23],
and IEDB software [24] and their differentmodels for localiz-
ing protein regions with greater hydrophilic and greater sol-
vent accessibility related with antigenic regions, and the SYF-
PEITHI ver. 1.0 program [25], which was used to determine
the frequency of presentation of peptides to 35 different alleles
of the major histocompatibility complex (MHC). In the case
of lipoproteins, we employed only ProPred software [26] to
determine the frequency of presentation of 25 amino acid
peptides to different alleles of the MHC-II.

2.6. Bibliographic Study. Bibliographic information was
sought for each protein using different databases on the
website for information regarding its putative function, its use
as vaccines, its role in virulence, its corresponding evaluated
mutants, its induction of an immune response, and its level of
conservation in mycobacterial proteomes.

2.7. Vaccine Candidate Selection. Thevaccine candidateswere
selected using all the results, simulations, and bibliographic
information obtained. The candidates possess the best values
of the parameters calculated and exert diverse functions that
render them useful as different targets in the microorganism
(Figure 1).

3. Results and Discussion

3.1. Proteome Analysis. RV offers the advantage of reducing
the time and cost of the development process of a new vaccine
with the advantage of being safer andmore effective.With the
purpose of designing a new vaccine against TB with a greater
protection level against pulmonary disease, we utilized RV to
select vaccine candidates from theM. tuberculosis proteome.

The selection of potential vaccine candidates in this study
was based on the analysis of several important properties
[13, 19, 21, 27]. (1) Surface proteins or secreted proteins were
selected because they are good targets of the immune system
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Figure 1: General workflow of the research. Reverse vaccinology was applied to the M. tuberculosis proteome to select novel vaccine
candidates. The process starts with NERVE software selecting 331 vaccine candidates from 3989 proteins. These candidates were analyzed
with different bioinformatics tools and bibliographic information selecting proteins representatives with the best values relatedwith protective
response. At the end of the study we chose six vaccine antigens (see details under Methods).

effectormolecules. (2) Proteinswithmultiple transmembrane
helices were discarded because they are not recommended for
vaccine development, especially DNA vaccines, as they are
difficult to clone, express, and purify. (3) Adhesin probability
was considered an important factor since the first step in
bacterial invasion is the contact with host molecules through
adhesion structures, making adhesions good vaccine candi-
dates capable of improving the immune response that results
in blocking infection. (4) Proteins having similarity to those
of the human proteome were avoided. The use of proteins or
genes that encode them and having similitude with human
proteins or DNA sequences can generate an autoimmune
response or recombination and integration events in the host
genome, respectively. (5) Proteins with the best values of
antigenicity were chosen. Antigenicity is the property of the
proteins to be recognized by the immune system; hence,
it is desirable to find the highest antigenicity value for the
selection of the best potential vaccine candidates. The M.
tuberculosis proteome was studied with NERVE software,
which identifies in silico vaccine candidates, analyzing the
biological characteristics that influence vaccine design.

NERVE selected the M. tuberculosis H37Rv proteome,
composed of 3989 proteins; the selection of candidates was
performed considering the following characteristics: ≥50%

adhesin probability, fewer than two transmembrane regions,
and fewer than five proteins similar to the human proteome.
In addition to this, the candidatesmust lack eithermembrane
or cytoplasmic localization. Finally, NERVE selected 331
proteins as vaccine candidates (Additional file 1) (see Supple-
mentaryMaterial available online at http://dx.doi.org/10.1155/
2015/483150).

The results were compared with the information depos-
ited in the VIOLIN database [28], and we found several
important matches in some antigens. Those coincidences
provided support for the results obtained with NERVE. The
vaccine candidates selected have diverse putative functions
and different conservation values. Moreover, this software
tool has the option of comparing the proteomes of two
different organisms and of determining a conservation value
among all the proteins. In this case, we compared the M.
tuberculosis H37Rv proteome against the M. bovis and the
BCG proteome [13, 14].

The proteome analysis was finalized by determining the
antigenic value of the 331 vaccine candidates using the
VaxiJen server to obtain protective antigens prediction.

3.2. Selection of Representative Proteins. Using the calcu-
lated characteristics, the number of vaccine candidates was
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reduced to 73 proteins, with a stricter selection, as mentioned
in theMethods section.These proteins were grouped in seven
clusters according to their type and the family to which they
belong, as follows: the ESX protein family (3 proteins), the
PPE protein family (7 proteins), the PE proteins family (8
proteins), PE PGRS protein family (16 proteins), lipoproteins
(5 proteins), hypothetical proteins (21 proteins), and the
final group denominated “others” (13 proteins) (Table 1).This
process was carried out because it is well known that mem-
bers within the same protein family possess a close relation-
ship between their sequences and functions.

With the purpose of selecting representative proteins
from each group, we used amino acid sequences from their
members to performalignments using theClustal X program,
with the exception of those from the “others” and hypotheti-
cal proteins groups.

In the case of the hypothetic proteins, an alignment was
carried out using the Psi-BLAST tool from the NCBI website,
in order to grant them a putative function; in some cases, a
coincidence was not found, but in others we could assume a
probable function (Figure 2).

For the selection of representative proteins, we took into
account the similarity among the sequences of the group,
the best antigenicity values, the high probability to act as an
adhesin, and their conservation in the M. bovis and BCG
proteome. For this part, we chose 12 representative candidates
from the seven protein families (Table 1).

3.3. Immune Response Simulation. The 12 proteins selected
were used to conduct simulations of the human immune
system response under different conditions with C-ImmSim
software. In terms of the results of the simulations, C-
ImmSim server showed the following nine graphs for each
simulation: B-cell population, B-cell population per state, Th
cell population,Thcell population per state, Tc population, Tc
population per state, CD population, EP population, and Ab
production (Figure 3). We found the same pattern in all the
selected proteins with a slight difference among levels. How-
ever, we focused mainly onTh1 cells level including all states,
because it has been reported that protective immunity against
TB is conferred mainly by Th1 cells [14, 29]. We found that
the levels of stimulated cells were most similar among the
selected proteins when one immunization was performed,
but this level improved when the number of immunizations
increased, and there was also a remarkable differentiation
among the proteins at the final simulation step. PE PGRS
family proteins showed the highest levels of stimulated Th
cells, which also generated a good level of B cells stimulation,
which is important for complementing the immune response
(Figure 4).

3.4. Protein Analysis. The proteins were analyzed individu-
ally with several bioinformatics tools to determine whether
the protein sequences had a region with important antigenic
characteristics, that is, a region where there are matches with
hydrophobicity, solvent accessibility, presentation to MHC,
and antigenicity.

We did not find a protein that clearly possesses an anti-
genic region that could be used as an epitope or as a fusion in
a vaccine. Conversely, we determined that all the proteins had
high values of antigenicity in different parts of the sequence;
thus, we recommend the use of complete proteins in a vaccine
formulation because using only a fragment could eliminate
some epitopes necessary for a complete and protective human
immune response against the whole microorganism.

We also found that all of the proteins selected as vaccine
candidates could be presented to several MHC with a high
probability value, resulting in good probability of immune
response induction against these components ofM. tubercu-
losis.

In this analysis process, we identified protein subcellular
localizations using Phobius tools to confirm the results emit-
ted by NERVE, because Phobius software is more accurate
than the program (HMMTOP) utilized by NERVE [21]. This
characteristic is important in a vaccine candidate because
proteins with cytoplasmic or membrane localization are less
antigenic than extracytoplasmic proteins.

3.5. Bibliographic Study. We wanted to know whether the
proteins would be safe if we used them on a vaccine formula-
tion prior to the preclinical trials; thus, we studied the infor-
mation published about different characteristics related with
their impact on virulence.

We were able to observe that some proteins have not been
studied, but we found information about other members of
their family groups, such as PE, PPE, and PE PGRS proteins,
suggesting an influence on immune system evasion and
antigenic variation, an important feature in considering a
protein that will be included in a vaccine [39, 47, 59]; besides,
PE PGRS family proteins are restricted to pathogenic myco-
bacteria and, in particular, PE PGRS11 and PE PGRS 17 have
been reported to induce maturation and activation of human
dendritic cells, enhancing the ability of the latter to induceTh
cells stimulation [26, 60].

In case of the antigen LppNwe did not find specific infor-
mation, besides, almost all the proteins in M. tuberculosis
genome lack conserved regions, which means that they are
unique proteins with different characteristics. Some lipopro-
teins are major antigens in theMycobacterium genus that can
generate also a cellular and humoral immune response but
without immune memory response [50, 61–64].

Erp protein is a virulence factor present only in the
Mycobacterium genus [51–53], it is an immunodominant
antigen related to pathogenicity and is strongly induced in
nutrient starvation related to the latency phase [53]. On the
other hand, PBP1 protein is important in the replication
phase because it catalyzes the final steps of bacterial cell wall
peptidoglycan synthesis [54, 65, 66].

The EsxL candidate is an ESX-like protein with very sim-
ilar characteristics to Esat-6, which is an immunodominant
secreted protein used in research associated with the diagno-
sis of TB and new TB vaccines [30]. Esat-6 is a strong T-cell
antigen, and its familymembers are involved in virulence and
in host-pathogen interplay via either antigenic variation or
antigenic drift [31, 32, 67].
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PPE9 ATGDH-----QRGRVAE-------------------------------------------------------------------------------------------------------------------------------------------------------------------

PPE29 QTTNHGQLGAQSSAVAQTAATAAGGNLQSAFPQLLSAVPRALQGLA---------LPTASQSASATPQWVTDLGNLSTFLGGAVTGPYTFP----GVLPPSGVPYLLGIQSVLVTQNGQ--GVSALLGKIGGKPITGALAPLAEFALHTPILGSEGLGGGSVSAGIGRAGLVGKLSVPQG

PPE50 ------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------

PPE65 QTINPAGLASQAASVGQAVSGAANAQALTDIPKALFGLSGIFTNEPPWLTDLGKALGLTGHTWSSDGSGLIVGGVLGDFVQG-VTGSAELD----ASVAMDTFGKWVSPARLMVTQFKDYFGLAHDLPKWASEGAKAAGEAAKALPAAVPAIPSAGLSG--VAGAVGQAASVGGLKVPAV

PPE49 --VSLAGLAAQVGTQVAGMATTASAAVTPVVEGAMASVPTVMS-------------GMQSLVSQLPLQHASMLFLPVRILTS-------------------PITTLASMARESATRLG-----PPAGGLAAANTPNPSGAAIPAFKPLG-----GRELGAGMSAGLGQAQLVGSMSVPPT

PPE39 GSLNAGNINSSFGNSGDGNSGFLNAGDVNSGVGNAGDVNTGLG--------------NSGNINTGGFNPGTLNTG------------------------------FFSAMTQAGPNSGFFNAGTGNSGFGHNDPAGSGNSGIQNSGFGN-----SGYVNTSTTSMFGGNSGVLNTGYGNS
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PPE9 ----------------------------------------------------------------------------------------------------------------------------------------------

PPE29 WTVAAPEIPSPAAALQATR------------LAAAPIAATDGAGALLG----GMALSGLAGRAAAGSTGHPIGSAAAPAVG-----AAAAAVEDLATEANIFVIPAMDD---------------------------------

PPE50 ----------------------------------------------------------------------------------------------------------------------------------------------

PPE65 WTATTPAASPAVLAASNG---------------LGAAAAAEGSTHAFG----GMPLMGSG-------AGRAFNNFAAPRYG-----FKPTVIAQPPAGG-------------------------------------------

PPE49 WQGSIPIS-MASSAMSGLG------------VPPNPVALTQAAGAAGG----GMPMMLMPMSISGAGAGMPGGLMDRDGAGWHVTQARLTVIPRTGVG--------------------------------------------

PPE39 GFYNAAVNNTGIFVTG----------------------VMSSGFFNFG-------------------TGNSGLLVSGNGLSGFFKNLFG-----------------------------------------------------

PPE44 WSTAAPAT-AAGAALDGT----------------GWAVPEEDGPIAVMPPAPGMVV-----------AANSVGADSGPRYG-----VKPIVMPKHGLF--------------------------------------------
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PQGADGNAGNGGDGGVGGNGGNGADNTTTAAAGTTGGAGGAGGAGGTGGTGGAAGTGTGGQQGNGGNGGNGGTGGKGGTGGDGALAGSSGGAGGKGGNGGDAGKAGTGSAPGTAGTGGDGGKGGNGGIGAAGTTGPVGTGASGGTGGSGGAGGTGGDGGAANGGTAGAGGAGGNGGKGGD
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-------------------MSFVIAVPETIAAAATDLADLGSTIAGANAAAAANTTSLLAAGADEISAAIAALFGAHGRAYQAASAEAAAFHGRFVQALTTGGGAYAAAEAAAVTPLLN-----------SINAPVLAATGRPLIGNGANGAPGTGANGGDAGWLIGNGGAGGSGAKGAN

-------------------MSHVTAAPNVLAASAGELAAIGSTMRAANAAAAAPTAGVLAAGGDDVSAGIAALFGARAQAYQAISAQAALFHDRFVQILQEGAAAYAMAEAANALPLQK------------------AQGVVSELAQDRTGGTGTGQSRGAGGFG---------------

-------------------MSFVIAAPEALVAVASDLAGIGSALAEANAAALAPTTALLAAGADEVSAAIAALFGAHGQAYQTVSAQASAFHAQFVQALTGGGGAYAAAEAANVSAAQS----TDQRLLDLINGPTQALLGRPLIGDGANGGPGQD--GGPGGLLYGNGGNGG-------

-------------------MSYVSVLPATLATAATEVARIGSALSLASAVAAAQTSAVQAAAADEVSAAIAALFSAHGRDFQALSARAAAFHHEFVQALAAGAGSYAVAEIAAASPLQS--------LIDVFNAPIQAATGRPLIGNGANGQPGTGAPGGPAGG----------------

-------------------MSNLLVTPELVAAAAADLAGIGSAIGAANAAAGAPTMALLAAGADEVSAAVAAVFSSYAQQYQALSAAAAAFHDQFVRALAAGAGAYAGAEAANVEQQ----------LLNAINAPTLALLGRPLIGNGADGAAGTGQAGGAGGLLYGNGGNGG-------

GGAGVTSSTAGNSGGAGGSGGKGGDAGAGGAGATPGANGIAGNGGDGGDGAAGAVGISGATGAGDGGHGGTGAAGGNGGTGGAGGSGIDGVGGGTGGTGGNGGNGAIGGAGGDAGGS----------GNSGGNGGIGGKGGNAGAGGAAGSNGGTVGANGTGGDGGNGGAAGA-------

-------------------MSNVMVVPGMLSAAAADVASIGAALSAANGAAAPTTAGVLAAGADEVSAAIASLFSGYARDYQALSAQMARFHQQFVQALTASVGSYAAAEAANASPLQA----LEQQVLAAINAPTQTLLGRPLIGNGADGLPGQ--NGGAGGLLWGNGGNGG-------

-------------------MSFVLVSPSQLMAAAADVAGIGSAISAANAAALAPTSVLAAAGADEVSAAVAALFSAHAGQYQQLGARAALFHEQFVQALTGAASAYASAEATN----------VEQQVLGLINAPTQALLGRPLIGNGADGTAANP-NGGAGGLLYGNGGNGF-------

-------------------MSFVVAAPEVVVAAASDLAGIGSAIGAANAAAAVPTMGVLAAGADEVSAAVADLFGAHAQAYQALSAQAALFHEQFVHAMTAGAGAYAGAEAADAAALD------------VLNGPFQALFGRPLIGDGANGAPGQP--GGPGGLLYGNGGNGG-------

-------------------MSFVIANPEMLAAAATDLAGIRSAISAATAAAAAPTIQVAAAGADEVSLAISALFGQHAQAYQALSAQATIFHDQFVQALTSGGNLYAAAESHTVEQM----------VLNAINAPTQTLFGRPLIGDGANGTAENPDGQNGGLLFGNGGNGFT-------

-------------------MLYVVASPDLMTAAATNLAEIGSAISTANGAAALPTVEVVAAAADEVSTQIAALFGAHARSYQTLSTQAAAFHSRFVQALTTAAASYASVEAANASPL--------QVALDVINAPAQTLLGRPLIGNGADGST-PGQAGGPGGLLYGNGGNGA-------

-------------------MSYVLATPEMVAAAANNLAQIGSTLSAANAAALAPTTGVLAAGADEVSAAVASLFSGHAQAYQTLGTQAAAFHERFIQALSTAAGAYGSAEAANASPL--------QQALNVINAPTQTLLGRPLIGNGTNGAPGTGQAGGPGGLLYGNGGNGG-------

-------------------MSFVIAVPEALTMAASDLANIGSTINAANAAAALPTTGVVAAAADEVSAAVAALFGSYAQSYQAFGAQLSAFHAQFVQSLTNGARSYVVAEATSAAPL--------QDLLGVVNAPAQALLGRPLIGNGANGADGTGAPGGPGGLLLGNGGNGG-------

-------------------MSFVLAMPEVLGSAATDLAALGSVLGAADAAAAATTTGIVAAAQDEVSAAIAALFSAHGRAYQVASAQAAAVHAQFVEALSAGAGAYASAEAAGAAVLANPAQSVQQDLLAAVNAQSVALTGRPLIGNGANGAPGTGANGAPGGWLLGNGGAGGSAAAGS-

------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------

-------------------MSFVVAVPEALAAAASDVANIGSALSAANAAAAAGTTGLLAAGADEVSAALASLFSGHAVSYQQVAAQATALHDQFVQALTGAGGSYALTEAANVQ----------QNLLNAINAPTQALLGRPLIGDGAVGTASSPDGQD-GGLLFGNGGAGYN------
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Figure 2: Continued.
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GGAGGPGGAAGLFGNGGAGGAGGTATANNGIGGAGGAGGSAMLFGAGGAGGAGGAA----------------------------------------------------------------------------------------------------------------------------

-----------------------------GVGQAGGKGWDGGPIGNGQVG----------------------------------------------------------------------------------------------------------------------------------

--------------------------TSTTAGVAGGNGGAAGLIGNGGAGGGGGAGAAGGNGGAGGWLYGNGGAGGAG------------------------------------------------------------------GTSVIPGVAGGNGGAGGSAGLWGTGGAGGDGGNGRS

------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------

---------------------------SGAAGQAGGAGGAAGLIGHGGTGGAVTG-----------------------------------------------------------------------------------------------------------------------------

---------------------------ATAGSNGGAGTGSAGGNGGTGGRGGSGGAGGDGIGGVGGGKGGNGADGEVG-------------------------------------------------------------------------------------GAGGAGGSGPNTSPGGN

--------------------------AGDAAHPNGGNGGDAGMFGNGGAGGAGY------------------------------------------------------------------------------------------------------------------------------

--------------------------SQTTAGLTGGTGGSAGLIGNGGNGGAGG------------------------------------------------------------------------------------------------------------------------------

---------------------------NGGIGQPGGAGGDAGLIGNGGNGGIGGPG----------------------------------------------------------------------------------------------------------------------------

---------------------------QTTAGVAGGNGGSAGLIGNGGAGGGGGAGAAGGLGGNGGWLYGNGGAGGIG-------------------------------------------------------------------------------------GAG--------TGTGGH

---------------------------AGGPNQAGGAGGNAGLIGNGGAGGAGG------------------------------------------------------------------------------------------------------------------------------

---------------------------SGGVGQAGGAGGSAGLIGIGGTGGAGG------------------------------------------------------------------------------------------------------------------------------

---------------------------SGAPGQPGGAGGDAGLIGNGGTGGKGGDGLVGSGAAGGVGGRGGWLLGNGGTGGAGGAAGATLVGGTGGVGGATGLIGSGGFGGAGGAAAGVGTTGGVGGSGGVGGVFGNGGFGGAGGLGAAGGVGGAASYFGTGGGGGVGGDGAPGGDGGAG

-------------------------------GLPGGAGGAAGLFGTGGAGGAGGSS----------------------------------------------------------------------------------------------------------------------------

------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------

--------------------------SAATPGMAGGNGGNAGLIGNGGTGGSGG------------------------------------------------------------------------------------------------------------------------------
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-----------TSLVGGIGGTGGTGGNAGMLAGAAGAGGAGGFSF-STAGGAGGAGGAGGLFTTGGVGGAGGQGHTGGAGGAGGAGGLFGAGGMGGAGGFGDHGTLGTGGAGGDGGGGGLFGAG--GDGGAGGSGLTTGGAAGNGGNAGTLSLGAAGGAGGTGGAGGTVFGGGKGGAG--

-----------------------------------EQHGAGQLGSTDGNPGVAGAAHGSGVSASHGSGATGAAGVADPGGSGAGVGSAAGNGTGAGSADAVGGAGTGRDIVGSVRG----------------------------------------------------------------

GPVNVAGSAGGNGGAGGAAGLFGDAGAGGNGGKGGAGGAAFSINFTAGDGGAGGAGGSGGHALLWGAGGAGGNGGSGGTGGAGGSTAGAGGNGGAGGGGGTGGLLFGNGGAGGHGAAAGNG--------------LAAGNGVSSSGGGGAGGTGGAGGDGGAGGAGGNARLWG-------

------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------

------------------VSTTGGPGGHGGDAGLYGFGGAGGAGGFGQSGAAGGAGGAGGWLYGDGGDGGAGDNGGNESGTGVSAVGGVGGAGGAGGLLFGNGGDGGVGGDGGDGS-----------------------------------STQDSGGDGGAGGAGG-------------

GGQGGQGGSGGAGGAAGAGGAGGGANGTAGNGGQGGAGGTGGAGA-ASSATNGGSGGAGGTGGDGGSGGAGGTGGAGGTGGAAGDGG-QGGQGGAGGGAGGQGGAGGAGGTGGNGGNITGGTAGTAGAAGNGGAAGKGGAGGQGGTGGGTGGQGGAGGDGGAGGTGGDRTVGGGTVPAGS

--------------SPAAG------------------------------------------------------------------------TGAAGGAGGAGGAGGWLSGNGGAGG---------------------------------NGGTGASGADGGGGLPPV-------------

--------------AGANGGAGGNGGWLYGSGGNGGAGGAGPAGAIGAPGVAGGAGGAGGTAGLFGNGGVGGVGGDGGQGGNGAGAGASGTKGGDAGAGGAGGAGGWIHGHGGAGG---------------------------------DGGAGGAGGQASPGAPGP-------------

-------------ATGLAGGAGGVGGLLFGDGGNGGAGGLGTGPVGATGGIGGPGGAAVGLFGHGGAGGAGGLGKAGFAGGAGGTGGTGGLLYGNGGNGGNVPSGAADGGAGGDAR------------------------------------LIGNGGDGGSVGAAP-------------

GGAGGAGGRAWLWGTGGAGGAGGDGGWLFGDGGAGGTGGNGGSGFNSLTSSVGGAGGAGGHAGLFGAGGTGGTGGIGGQNTETGPAASNGGAGGAGGGGGYLVGDGGAGGTGGAGGKNSS-----------GGATLTGGTGGTGGAGGAAGWLYGSGGAGGAGGAGG-------------

--------------VGAVGGKRGTGGLLFGNGGAGGQGGLGLAGINGGSGGQGGHGGNAILFGQGGAGGPGGTGAMGVAGTNPTPIGTAAPGSDGVNQIGNGGNTDLTGGAGGDGN---------------------------------AGSTTVNGGNGGTGGA---------------

--------------AGAVGGVGGNGGWLYGNGGAGGLGGTGVAGVNGGMGAAGGAGGNAYLFGSGGAGGQGGMGAAGADGVNPTPTGTADAGSTGTDQTLGG---NAIGGNGGPGD---------------------------------AGDAMTSGGAGGSGGN---------------

PLLIGNGGVGGLGGAGAAGGNGGAGGMLLGDGGAGGQGGPAVAGVLGGMPGAGGNGGNANWFGSGGAGGQGGTGLAGTNGVNPGSIANPNTGANGTDNSGNG---NQTGGNGGPGP---------------------------------AGGVGEAGGVGGQGGLGE-------------

-----------TVGDGEAGGAGGSGGWLLGTGGVGGVGGLG-----AGAGGAGGVGGAGGLLGAGGHGGAGGLGAVTGG-----------VGGTGGAGGLLAGLLAGPGGAGGTGGRGFLNNGG--VGGAGGNAGLLFG----------------AGGTGGSGGAG----LGGDGGAG--

--------------------------AQASPAAHGGSGGAGGNGG-AGSAGNGGAGGAGGNGGAGGNGGGGDAG-------NAGSGG-NGGKGGDGVGPGSTGGAGGKGGAGANGGSSNG--------NARGGNAGNGGHGGAGGSGD-TGGAGGAGGQGGFGGTGG-------------

--------------AGAAGGAGGSGGWLYGNGGNGGIGG--NAIVAGGAGGNGGAGGAAGLWGSGGSGGQGGNGLTGNDGVNPAPVTNPALNGAAGDSNIEPQTSVLIGTQGGDGT---------------------------------PGGAGVNGGNGGAGGD---------------
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-----------------------------------------------GAGGNAGMLFGSGGGGGTGGFGFAAGGQGGVGGSAGMLSGSGGSGGAGGSGGPAGTAAGGAGGAGGAPGLIGNGGNGGNGGESGGTGGVGGAGGNAVLIGNGGEGGIG---ALAGKSGFGGFGGLLLGADGYN
--------------------------------------------------------------------------------------------------------------------------DGGVGMASGDGGLSTGAAGASAEG----------------------------------

---------------VGGAGGAGGDGGAGGAGGKGGSGLSGNANGGAGGDSGRGGTGGAGGEGGAAGLLVGTGGHGGDGGAGGAAVKGGDGGAAAGTGIAGAGGRGGAGGSGGSGGDGGGGAAGPAGWLFGDGGAGGNGGAAAAGGAGGQAGGGGGNGGNGGNGGNGGNGGNGATGG---
------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------

------------------------------------------------AGGWLLGNGGAGGAGGAASIKVATGGLGGDGG---------------------------------------DAGLFGFGGDGGWGGRGVDARFGAAGGAAGAGGAGGWLYGDGGAGGVGGVGGAVFSLS---

GGQGGNAGGGGAGGQGGADGGSGGDGGDAGTGGNGGNGGNRNSGNGTGGAGGNGGGGANGGAGGAGGSGGGTGGNGGAGGDAGDAGNGGNGNGTGNGGNGGNGGIAGMGGNGGAGTGSGNGGNGGSGGNGGNAGMGGNSGTGSGDGGAGGNGGAAGTGGTGGDGGLTGTG-GTGGS----

------------------------------------------------PASPGGNGGGGDAGGAAG-----------------------------------------------------MFGTGGAGGTGGDGGAGGAGDSPNSGANGAR------------------------------

------------------------------------------------PSQPGGAGGAGGAGGRGGDGGSAGWLSGNGGD------------------------------AGNGGGGGTAGGAGNGGQFGGDGGTGGTGGTAGAGGNGGRGAVLFGHGGNAGHGGAGGNGAAAGAGGEH-

----------------------------------------------------------------------------------------------------------------------TGIGNGGNGGNGGWLYGDGGSGGSTLQG----------------------------------

---------------------------------------------LNNAGGATGGTGGTGGAGGSGAWLYGNGGAAGAG------------------------------GNGGNNTSAGTGGVGASGGTGGNAGLIGAGGHGGAGGAGGNQTGGVGNGGAGGNGGAGGAGGQLYGN----

------------------------------------------------ARNSSGGTGNSFGGAGGAGGDGANGGDGGAG--------------------------------GEALTEGGATAVSGAGGKGGNAEASGGAGGNGGKGGFAQATTS----VTGGNGGNGGNGHDSN------

------------------------------------------------AVSTVN--GDAVGGEGGKGGEGAYGGAGGAG--------------------------------GSAASIG-NAAIGGNGGAGGNAQAPGGVGGAGGEGGDAQVGTNSPSNAEAGNGGSGGNGFDSF------

------------------------------------------------SLDGNDGTGGKGGAGGTAGTDGGAGGAGGAGG------------------------------IGETDGSAGGVATGGEGGDGATGGVDGGVGGAGGKGGQGHNTGVG--DAFGGDGGIGGDGNGALG-----

-----------------------------------------------GAGGNTGVLFGNAGSGGTGGFGDTDGGAGGAGGDAGWLG-SGGVGGAGGFGETGDGGVGGAG--GKAGLLIGNGGAGGAGGQGAVTGGTGGAGGDGVLIGNGGNAGIGGTGPTAGDTGAGGISGLLLGADGFN

--------------------------------------------SGSGIGGGAGGNGGNGGAGGTGVVLGGKGGDGGNG------------------------------DHGGPATNPGSGSRGGAGGSGGNGGAGGNATGSGGKGGAGGNGGDGSFGATSGPASIGVTG-APGGN----

---------------------------------------------------ANGNPANTSIANAGAGGNGAAGGDGGAN--------------------------------------------GGAGGAGGQAASAGSSVGGDG-----------------GNGGAGGTG----------
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APESTSPWHNLQQDILSFINEPTEALTGRPLIGNGDSGTPGTGDDGGAGGWLFGNGGNGGAGAAGTNGSAGGAGGAGGILFGTGGAGGAGGVGTAGAGGAGGAGGSAFLIGSGGTGGVGGAATTTGGVGGAGGNAGLLIGAAGLGGCGGGAFTAGVTTGGAGGTGGAAGLFANGGAGGAG

-------------------------------------------------------------------------------------GLMPGFGGAPWVGGHWGLGGEGHSGAIGGVGEQVAPAVATAPAVSPATTS------------------------------------AVAAESGS-

--------------------------------------------WLYGNGGAGGQGATAGAGGAGANG--VSSTNGGGTGGNGGIGGTGGSGGAGGNAGLLGVGGAGGHGASGGAGDRGGAGGTGFISSDGGAGGDGGD------------------GGNGGAGGTGGLLFGAGGNGGPG

------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------

-------------------------------------------------------SGDGGAGGAG-----------------GGGGWLFGNGGDGGAGG----GGGGRFGSGSGAGGDGAVGGAGGAGAWFGNGG-----------------------AGGVGGGGGRGTTAIGGDGGAG

----------------------------------------------------GGTGGDGGNGGNGADNTANMTAQAGGDGGNGGDGGFGGGAGAGGGGLTAGANGTGGQGGAGGDGGNGAIGGHGPLTDDPGGNG-----------------------GTGGNGGTGGTGGAGIGSLGGG

-------------------------------------------------------GGDGGNGAAG-----------------GAGGRLFGNGGAGGNGGTAGQGGDGG--TALGAGGIGGDGGTGGAGGTGGTAG-----------------------IGGSSAGAG----GAGGDGGAG

------------------------------------------VVATAGKGGTGGVGGDGGGGGAG-----------------GGGGLLYGNGGAGGAGNSGGDGGTGLNAALGGNGGGGGVGGNAGAGGTGGSAG-----------------------WLSGNGGAG----GSGGSAGAG

----------------------------------------------------------------------------------------FSDGGTGGNAGMFGDGGNGGFSFFDGNGGDGGTGGTLIGNGGDGGNSVQTD------------------GFLRGHGGDGGNAVGLIGNGGAG

----------------------------------------------------GGDGGNGGAGGAN---------------IAGGNGSDGGAAGHGGAGGSARLIGAGGHGGDGGAGGN-TAGRRADAIAGTGGDG-----------------------GNGGNGGLLSGNAGAGGHGGAG

--------------------------------------------------APGGAGGSGGVGGDG-----------------GRGGLLAGNGGTGGAGGNGGTGGAGAPGGAGGAGGKADIAN--SLGDNATVTG-----------------------GNGGTGGDGGSALGTGGAGGAG

--------------------------------------------------ASGGTGGAGGTGGAG-----------------GRGGLLIGDGGAGGAGGVGGTGGSGAPGGGGGAGGDGGAANTDSAGSSRKAFG-----------------------GDGGVGGDGASALGTGGEGGIG

--------------------------------------------------AAGGNGGTGGAGGNG-----------------GRGGMLIGNGGAGGAGGTGGTGGGGAAGFAGGVGGAGGEGLTDGAGTAEGGTG-----------------------GLGGLGGVG----GTGGMGGSG

TPASASPLHTLKQQALAAINAPTQTLTGRPLIGNGTPGAVGSGATGAPGGWLLGDGGAGGSGAAGSGAPGGAGGAAG--LWGTGGAGGAGGSSAGGGGAGGAGGAGGWLLGDGGAGGIGGASTVLGGTGGGGGVGGLWG------------------AGGAGGAGGTGLVGGDGGAGGAG

----------------------------------------------------GGKGGAGGSNPN----------------GSGGDGGKGGNGGAGGNGGSIGAN-SGIVGGSGGAGGAGGAGGNGSLSSGEGGKG-----------------------GDGGHGGDGVGGNSSVTQGGSG

--------------------------------------------------TNGHAGGAGGAGGAG-----------------GRGGWLVGNGGNGGNGAAGGNGAIGGTGGAGGVPANQGGNSALGTQP-VGGDG-----------------------GDGGNGGTG----GTGGRGGDG
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GGDGATSGKGGAGGNAVVIGNGGNGGNAGKAGGTAGAGGAGGLVLGRDGQHGLT-----------

DQLLRALGLRPPGHE--------------------------------------------------

AQLIGDGGNGGNGGAG-----------------GTGGTPGPGGPGGSGGLGGLLFGQTGTAGVSP

-----------------------------------------------------------------

DQQGQIAGLGRAGRQ--------------------------------------------------

GGTGGGGGNGGTGWNGGKGDTGSGGGAGDGGKAPAGGTGGAGGDGGAGGKGGSGGV---------

GVPDGIGGANGAQGKH-------------------G-----------------------------

GLIAGLDGAGGAGGTR-------------------GLIFGNAGTPGQ------------------

GGTLAGQNGSPGG----------------------------------------------------

GGTGDTAGNGGNGGAG-----------AVGGNAQLIGNGGNGGGGGNGGTGADGT----------

-GKNGSSGTAGFDGNP-------------------GQPG--------------------------

-GNPGMGGSPGSAGQP-------------------G-----------------------------

GGDFALGGNGGAGGAG-------------------GSPGGSSGIQGNMGPPGTQGADG-------

GGSAGLIGTGGNGG----------NGGTGANAGSPGTGGAGGLLLGQNGLNGLP-----------

GGDGGNGGNSGAKAGG-------AGGKGQAGQPNSGTEPGFGGDGGLGGAGATP-----------

STNGGPGSDGLGGDAF-------------------NGSRGTDGNPG-------------------
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GTGSTAGGAGGAGGAGGLYAHGGTGGPGGNGGSTGAGGTGGAGGPGGLYGAGGSGGAGGHGGMAGGGGGVGGNAGSLTLNASGGAGGSGGSSLSGKAGAGGAGGSAGLFYGSGGAGGNGGYSLNGTGGDGGTGGAGQITGLRSGFGGAGGAGGASDTGAGGNGGAGGKAGLYGNGGDGGA

------------------------------------------------------TPATK----------------------------------------AQAMHATTNPGNAAHQGNPADPGNSARRADGGRDEQLLLLPLTSLRGLRHTLKKLSGLRARNGLLTASGDNASGSGRPWDR

GSGGAADIGGNG-------GAGNGGGTDGNGG-------------------NGGSGGGAGSGGDGGGAGGNG----------------------AWLFGNGGAGGGGGKGGNGAGGGLGGGSFGLPGLNGSGGDGGDGGNGAPGGVLYGNGGAGGQGSSGGIGGPGATGGAGGKGGDGGD

------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------

GAGGAGG------------WLYGDGGAGGAGG-------------------GGGRGGTGNDGGDGGDGGRGGD---------------------------AQLLGNGGDGGAGGAGGPAGLALPPGPARPAGAAVPAVRCSAAPARPARTADPWLAPIFARSTLRHSHHLGGIAQTGAVA

TGGDGGNGGNGG-------TGGEGGEVGGAGG-------------------TGGAAGNGGDGGTGGTGGGDGGAGGTGGTGGTGGLGDPRVGGSGGDGGTGGSGGAAGNGGNGGNAGAGGNGNGGTGGAGGIGGTGGNGGDAEPGVPPGAGGAGGAGTTGGKGGTGGNGSGTGSGGTGGD

GTGGGSS------------MIGGKGGTGGNGG-------------------VGGTGGASALTIGNGSSAGAG--------------------------GAGGAGGTGGTGGYIESLDGKGQA-GNGGNGGNGAAGGAGGGGTGAGGNGGAGGNGGDGGPSQGGGNPGFGGDGGTGGPGGV

GAGGKGGDTPNGLAINP--GIGGNGGDTGNAG-------------------NGGNGGSAARLFGGGGAGGAGGTGSTAGSGGSGG-----TNPPTGLQAAGGNGGSGHAGGHGGNGGGAGLL-GGGGTGGNGGGGGQGGLGAAAGGVDGNGGNGGNGGKGGDAQLVGDGGNGGNGGKGGA

GAG-----------------SAGTGVFAPGGG-------------------SGGNGGNGALLVGNGGAGGSG-------------------------------GPTQIPSVAVPVTGAGGTGGNGGTAGLIGNGGNGGAAGVSGDGTPGTGGNGGYAQLIGDGGDGGPGDSGGPGGSGGT

GSSTATTTTGTP-------PTGATGGNGGNGG-------------------AGGTAGFTGSGGIGGNGGAGGTGG-----------------NAGVALSVGSTGGLGGNGGSGGLGGGGGSLFGNGGAGGVGATGGNGGSGIGPASVGGNGGKGGVGAAGGLAGQIGNGGSGGSGGAGGN

GLGGHGGAGG---------LLIGNGGAGGAGG-------------------LGGAGGAGGAGGEGGAGGAGG----------------------EAIPGGASTNSAGGDGGAGGTGGNGGDG-GAGGAPGLGGAGGAGGWLIGQSGSTGGGGAGGAGGAGGAGGAGGSGGAGGHGDTTS-

GQGGNGGAGG---------LLIGNGGAGGVGG-------------------TAGAGGTGGSGGAGGAGGAGG----------------------GGTN-------SGPGAAFGGNGNTGGNG-GNGGAPGALGGKGGSGGLIGRAGSDGGVGAGGAGGAGGAGGTGGEGGTGGDGKTTD-

GVGGNGGAAG---------SLIGLGGGGGAGG-------------------VGGTGGIGGIGGAGGNGGAGG----------------------AGTTTGGG-ATIGGGGGTGGVGGAGGTG-GTGGAGGTTGGSGGAGGLIGWAGAAGGTGAGGTGGQGGLGGQGGNGGNGGTGATGGQ

GTGGLLAGLIGAGGG-----HGGTGGLSTNGD-------------------GGVGGAGGNAGMLAGPGGAGGAGGDGENLDTG--------------GDGGAGGSAGLLFGSGGAGGAG-----GFGFLGGDGGAGGNAGLLLSSGGAGGFGGFG--TAGGVGGAGGNAGWLGFGGAGGV

GGGGAGGAGGSG-------FFGGKGGFGGDGG-------------------QGGPNGGGTVGTVAGGGG------------------------NGGVGGRGGDGVFAGAGGQGGLGGQGGNGGGSTGGNGGLGGAGGGGGNAPDGGFGGNGGKGGQGGIGG-----GTQSATGLGGDGGD

GSGGAGGASG---------WLMGNGGNGGNGG-------------------TGGSGGVGGNGGIGGDGAGGGN---------------------ATSTSSIPFDAHGGNGGAGGDAGHGGTG-GDGGDGGHAGTGGRGGLLAGQHANSGNGGGGGTGGAGGTHGTPGSGNAGGTGTGNAD

PE PGRS39
PE PGRS22
PE PGRS12
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PE PGRS56
PE PGRS26
PE PGRS19
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PE PGRS52
PE PGRS48
PE PGRS15
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(c) PE PGRS family proteins
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PE PGRS wag22

Figure 2: Continued.
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....|....|....|....|....|....|....|....|....|....|....|....|....|....|....|....|....|....|....|

esxV -MTINYQFGDVDAHGAMIRAQAGSLEAEHQAIISDVLTASDFWGGAGSAACQGFITQLGRNFQVIYEQANAHGQKVQAAGNNMAQTDSAVGSSWA

esxA MTEQQWNFAGIEAAASAIQGNVTSIHSLLDEGKQSLTKLAAAWGGSGSEAYQGVQQKWDATATELNNALQNLARTISEAGQAMASTEGNVTGMFA

esxL -MTINYQFGDVDAHGAMIRAQAGLLEAEHQAIIRDVLTASDFWGGAGSAACQGFITQLGRNFQVIYEQANAHGQKVQAAGNNMAQTDSAVGSSWA

esxI -MTINYQFGDVDAHGAMIRAQAGSLEAEHQAIISDVLTASDFWGGAGSAACQGFITQLGRNFQVIYEQANAHGQKVQAAGNNMAQTDSAVGSSWA

....|....|....|....|....|....|....|....|....|....|....|....|....|....|....|....|....|....|....|....|....|....|....|....|....|....|....|....|....|....|....|....|....|....|....|....|

lppN ---MRLPGRHVLYALSAVTMLAAC---SSNGARGGIASTN--MNPTNPPATAETATVSPTPA-PQSARTETWINLQVGDCLADLPPADL------------SRITVTIVDCATAHS-------AEVYLRAPVAVD-AAVVSMAN---------RDCAAGFAPYTGQSVDTS---PYSVAY

lprI ---MRWIG-----VLVTALVLSAC---AANPPANTTSPTAGQSLDCTKPATIVQQLVCHDRQ-LTSLDHRLSTAYQQALAHRRSAALEA------------AQSSWTMLRDACAQD-------TDPRTCVQEAYQ-TRLVQLAI---------ADPATATPPVLTYRCPTQDG-PLTAQF

lppU ---MRAWLAAATTALFVVATGCSS---ATNVAELKVGDCVKLAGTPDRPQATKAECGSPA----SNFKVVAVVQEDHAECPADVDSTYS------------MRNAFNGSTNTICLD-------IDWVIGGCMSVDPTHNTDPFR---------VDCDDASVPHRQRATQILKD--LDSPV

lpqX --MSRQWHWLAATLLLITTAACS----RPGTEEPDCPTKITLPPGATPTTTLDPRCIVRAT----TTGTADGDAASRWTGTVRIAGFYAS----------ICNAVWDGNVSLAGKD--------ELTGKATLILVETSCPGKVVAG-------ELVLKGNVGSDSLAITWAHP-ELPQRA

lpqN --MKHFTAAVATVALSLALAGCSFNIKTDSAPTTSPTTTSPTTSTTTTSATTSAQAAGPNYTIADYIRDNHIQETPVHHGDPGSPTIDLPVPDDWRLLPESSRAPYGGIVYTQPADPNDPPTIVAILSKLTGDIDPAKVLQFAPGELKNLPGFQGSGDGSAATLGGFSAWQLGGSYSKNG

....|....|....|....|....|....|....|....|....|....|....|....|....|....|....|....

lppN LIDSHQDRTGADPTPSTVICLLQPA-----NGQLLTGSARR--------------------------------------

lprI YNQFDPKTAVLNWKGDQVIVFVELS----GSGARYGRQGIEYWEHQGEVRLDFHGATFVCRTS----------------

lppU SVDQCASGVGYVYTQRRFAVCVEDV----------TGGPRS--------------------------------------

lpqX FDLGAGQGTIRRSGDRAEGTFNSDM-----------GGGTEFFLTWSLTMRN---------------------------

lpqN KLRTVAQKTVVIPSQGAVFVLQLNADALDDETMTLMDAANVIDEQTTITP-----------------------------

10 20 30 40 50 60 70 80 90

10 20 30 40 50 60 70 80 90 100 110 120 130 140 150 160 170 180

190 200 210 220 230 240 250

(d) ESX family proteins

(e) Lipoproteins

Figure 2: Amino acid sequence alignments using Clustal X for the vaccine candidates. The sequences are grouped by protein families and
aligned using Clustal X software.

We did not find any information relatedwith hypothetical
proteins Rv3207c and Rv3718c, and, up to date, it is unknown
if these proteins could be of any risk within a vaccine formu-
lation; thus further studies are needed to elucidate the role of
these proteins in this kind of biological products. About the
remainder candidates, we found no information that related
them with high levels of bacterial virulence; conversely,
we identified highlighted features that render these proteins
as good vaccine candidates.

3.6. VaccineCandidate Selection. All parameters studiedwere
instrumental to determine the different and important char-
acteristics to be taken into account for an adequate vaccine
candidate. At the end of this study, we selected the following
six proteins as the best vaccine candidates: EsxL (NCBI gene
locus tag Rv1198), PE26 (NCBI gene locus tag Rv2519), PPE65
(NCBI gene locus tag Rv3621c), PE PGRS49 (NCBI gene
locus tag Rv3344c), PBP1 (NCBI gene locus tag Rv0050), and
Erp (NCBI gene locus tag Rv3810). These proteins are repre-
sentative of their family groups and have the best character-
istics of antigenic value, adhesin probability, and stimulation
of Th cells (Table 2). In addition, the information contained
in the publications on these proteins indicates that they could
be safe.

These proteins play different roles in mycobacterial
pathogenicity and possess featured values of antigenicity and
immune response induction; in addition, the PE PGRS49
candidate is not present inM. bovis or in the BCG proteome,
an important characteristic that could be useful in the
improvement of a specific immune response against pul-
monary disease in the current BCG vaccine.

4. Conclusions

The application of bioinformatics programs for the identifi-
cation of proteins that could be used as vaccine candidates
is a very useful, easier, and shorter process compared with
traditional vaccinology, which is important for the research
concerning public health.

Using RV, we selected six novel vaccine candidates from
the M. tuberculosis H37Rv proteome, employing mainly in
silico studies. The six proteins selected: EsxL, PE26, PPE65,
PE PGRS49, PBP1, and Erp correspond to several family pro-
teins and possess different characteristics that are useful and
important in vaccine design. The bibliographic information
also indicated that they might be safe.

The potential vaccine candidates selected in this work
could be used in different vaccine designs to conduct exper-
iments in order to validate them as DNA vaccines, rBCG,
or as recombinant proteins, to improve protection against
TB, rendering the new vaccines more effective against the
pulmonary disease.

We did not propose a specific and unique antigenic region
within these protein structures; however, the bioinformatics
and bibliographic analyses showed characteristics that make
them valuable putative vaccine candidates that could be used
further to experimentally investigate whether they are suit-
able for the development of a new vaccine against tuberculo-
sis.
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Figure 3: Continued.
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Figure 3: C-ImmSim simulation of an immunization experiment using Erp protein. An immunogenic molecule (Erp) was inoculated at time
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The Nef protein of human immunodeficiency virus (HIV) promotes viral replication and progression to AIDS. Besides its well-
studied effects on intracellular signaling, Nef also functions through its secretion in exosomes, which are nanovesicles containing
proteins, microRNAs, andmRNAs and are important for intercellular communication. Nef expression enhances exosome secretion
and these exosomes can enter uninfected CD4 T cells leading to apoptotic death. We have recently reported the first miRNome
analysis of exosomes secreted from Nef-expressing U937monocytic cells. Here we show genome-wide transcriptome analysis of
Nef-expressing U937 cells and their exosomes. We identified four key mRNAs preferentially retained in Nef-expressing cells; these
code for MECP2, HMOX1, AARSD1, and ATF2 and are important for chromatin modification and gene expression. Interestingly,
their target miRNAs are exported out in exosomes. We also identified three key mRNAs selectively secreted in exosomes from
Nef-expressing U937 cells and their corresponding miRNAs being preferentially retained in cells. These are AATK, SLC27A1, and
CDKAL and are important in apoptosis and fatty acid transport. Thus, our study identifies selectively expressed mRNAs in Nef-
expressing U937 cells and their exosomes and supports a new mode on intercellular regulation by the HIV-1 Nef protein.

1. Introduction

Thehuman immunodeficiency virus expresses the prototypic
retroviral Gag (capsid), Pol (polymerase), and Env (envelop)
proteins. Additionally, it also expresses two regulatory (Rev,
Tat) and four accessory (Nef, Vif, Vpr, and Vpu/Vpx) proteins
[1]. Of these, Nef is a 27–34 kDa myristoylated protein that is
abundantly expressed in the early phase of viral replication
cycle. It is a multifunctional protein and a major determinant
of disease progression [2]. The Nef protein is primarily
localized to cellular membranes, which include the inner
surface of plasma membrane, endosomal membranes, and
the perinuclear region. This facilitates its interaction with
several kinases and adaptor proteins in the endocyticmachin-
ery, leading to the modulation of several signaling cascades

in infected cells [3]. Nef is also secreted out of cells in
vesicles called exosomes [4]. It increases the formation of
multivesicular bodies (MVBs), which are sites for exosome
biogenesis, thus promoting its own export [5, 6]. We have
previously shown that Nef also interacts with the microRNA
(miRNA) biogenesis factorArgonaute 2 (Ago2) and interferes
with miRNA-mediated gene silencing [7].

Exosomes are 30–100 nm vesicles that are formed by the
inward invagination of MVB membranes and are released
in the extracellular medium when MVBs fuse with the
plasma membrane [8]. These vesicles carry a cargo that
includes various mRNAs, miRNAs, and proteins, which vary
depending upon the cell of origin [9]. Other cells take up
these vesicles, and the exosomal cargo has been shown to
affect the physiology of recipient cells [10].
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Thefirst report indicating exosomalNef secretion showed
vesicles secreted from HIV infected cells by confocal laser-
scanning microscopy and by their sedimentation behaviour
[11]. Later, it was found in exosomes from Nef-GFP trans-
fectedHEK293 cells, transfected human T cell lines including
Jurkat and SupT1 cells, and HIV infected primary as well as
transformed cells [5, 12, 13]. We recently showed the pres-
ence of Nef-EYFP in exosomes secreted from U937 human
monocytic cells that stably expressed this fusion protein [4].
Jurkat T cells can take up Nef-containing exosomes, and the
protein was found mainly as punctate cytoplasmic structures
[11]. Nef exosomes are likely to enter cells via endocytosis
and can also fuse with Nef-deficient HIV-1 virions to restore
their infectivity [14]. We demonstrated Nef exosomes to
be enriched for miRNAs that target key pathways such as
cytokine-cytokine receptor interaction and Jak-STAT and
MAPK signaling, as well as those that target the viral genome
[4]. Here we report the transcriptomic profile of Nef-EYFP
expressing U937 cells and their exosomes and we have used
various bioinformatics and statistical tools to identify signif-
icantly deregulated mRNAs. Our results show four mRNAs
to be preferentially retained in Nef-expressing U937 cells:
MECP2 (methyl CpG binding protein 2), HMOX1 (heme
oxygenase 1), AARSD1 (alanyl-tRNA synthetase domain-
containing protein 1), and ATF2 (activating transcription
factor 2). These are important for transcriptional regulation
and chromatin modifications (and thus viral latency). We
also found apoptosis associated tyrosine kinase and fatty acid
transporter mRNAs to be selectively secreted in exosomes
from Nef-expressing monocytes. These have the potential to
modify the physiology and outcome of recipient
cells.

2. Materials and Methods

2.1. Generation of Retroviruses and Stable Cell Lines. This has
been described in detail elsewhere [7]. Briefly, the pEYFP-N1
and pEYFP-Nef-F2 plasmids [15] were digested with BamHI
andHpaI, and the released fragments containing the eyfp and
nef-eyfp genes, respectively, were cloned into BglII and HpaI
sites in the pMSCV retroviral transfer plasmid. The positive
clones were confirmed by restriction digestion and analyzed
for EYFP orNef-EYFP expression by transient transfection in
HEK293T cells and western blotting with anti-GFP antibody.
Retroviruses expressing Nef-EYFP or EYFP were generated
by cotransfection of HEK293T cells in a T25 flask with
2 𝜇g of the transfer plasmid, 1 𝜇g of pGag-Pol, and 0.5 𝜇g
of pVSVg using the calcium phosphate method. The culture
supernatants were collected after 36 hr and used as the source
of recombinant retroviruses. Human monocytic U937 cells
were washed with RPMI, starved for 90min without serum,
and then transduced with 500 𝜇L of culture supernatants
per 1 × 106 cells. After 4 hrs of virus adsorption, the cells
were washed and kept in complete medium for 48 hr prior
to the addition of 350 ng/mL puromycin. The cells were split
every 48 hr and those surviving after 5 passages were used
for the analysis. The clones were sorted for the EYFP positive
population using a Becton Dickinson Aria Cell Sorter in the

Central Facility of theNational Institute of Immunology, New
Delhi, India.The sorted clones were cultured for 4-5 passages
and checked for purity and YFP expression using Cyan-ADP
flow cytometer (Beckman Coulter). Data was analyzed using
Summit 4.3 software.

2.2. RNA Extraction and Microarray Hybridization. The pro-
cedural details of RNA extraction from cells and exosomes
followed by the estimation of its yield and purity using
spectrophotometric protocols and its RIN score using the
Agilent 2100 Bioanalyzer (Agilent Technologies, Santa Clara,
CA, USA) have been described elsewhere [4]. The microar-
ray hybridization experiment was carried out at Genotypic
(Bangalore, India). Total high quality RNA samples were
converted to cDNA, transcribed to cRNA, labeled, and
then hybridized to Agilent Whole Human Genome 8X60K
microarray according to the manufacturer’s recommenda-
tions. The slides were scanned according to standard proto-
cols (Agilent). The raw data was imported into GeneSpring
GX version 11.0 for further analysis.The hybridization exper-
iment was run in triplicate for each sample.

2.3. Datasets and Normalization. Broadly the two datasets
are cellular RNA and exosomal RNA. In the cellular mRNA
dataset, there are three samples from U937 cells expressing
Nef-EYFP (called mNC) and two control samples fromU937
cells expressing EYFP (calledmYC).The third control sample
mYC was an outlier and was not considered in the analysis.
The exosomalmRNAdataset has three samples for U937 cells
expressingNef-EYFP (calledmNE) and three control samples
from U937 cells expressing EYFP (called mYE). There are
50,238mRNAs in each dataset.The zero-mean normalization
method [16] was used to convert the genewise data from
different scales to a common scale in such a way so that mean
and standard deviation of the converted genewise data should
be zero and one, respectively.

2.4. VGA and 𝑘-Means Clustering. Variable string length
genetic algorithm (VGA) clustering [17] is a genetic
algorithm-based nonparametric clustering technique that
does not require specification of the number of clusters a
priori. It can automatically identify the appropriate number
of clusters as well as the proper partitioning of the data.
Another popular clustering technique is the 𝑘-means
algorithm [18]. It is used to evolve 𝑘 cluster means using an
iterative procedure that minimizes the sum of squared error
criterion. To obtain partitioning of the data, each gene is
assigned to the mean to which it is closest. Here Euclidean
distance was used as a measure of the distance between two
genes. As the number of samples in the mRNA data is very
small while the number of genes is large, direct application of
any statistical analysis on the dataset was difficult. Therefore,
clustering was first applied and the resulting clusters were
analyzed to identify those that represent upregulated and
downregulated genes in the experimental (Nef-EYFP)
samples with respect to the control (EYFP) samples for both
cellular and exosomal
mRNA.
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2.5. Statistical Analysis. After using clustering to identify
potential differentially expressed genes, we utilized three
statistical tests [16], which included significance analysis
of microarrays (SAM), 𝑡-test, and permuted 𝑡-test on the
normalized data to finally identify the upregulated and
downregulated genes. From a statistical perspective, the 𝑡-test
is a standard tool for differential expression analysis when the
number of samples is large. Permuted 𝑡-test is normally useful
when there is no information on distribution of the data. For
small sample sizes, application of 𝑡-test and permuted 𝑡-test
may not be appropriate. Therefore, we also used SAM, a very
powerful tool for small sample size of the data. Finally, we
took the intersection of upregulated cellularmRNAs (referred
to as mNCup) and the intersection of downregulated cellular
mRNAs (referred to as mNCdown) obtained from the 𝑡-test,
permuted 𝑡-test, and SAM for the mNC versus mYC cellular
dataset. Again, for the mNE versus mYE exosomal dataset,
we followed the same procedure to obtain the upregulated
mRNAs (referred to as mNEup) and downregulated mRNAs
(referred to as mNEdown). We refer to the nondifferentially
expressed mRNAs in Nef cells and exosomes as mNCnon and
mNEnon, respectively.

2.6. Identifying SelectivemRNAs. After statistical analysis, the
mRNAs that are selectively secreted fromNef-expressing cells
to exosomes were identified. These are referred to as mNEsel
while those that are selectively retained in Nef-expressing
cells are referred to as mNCsel. The set mNEsel was obtained
by the intersection of mNCdown and mNEup. Similarly, the
set mNCsel was obtained by the intersection of mNCup and
mNEdown.

2.7. Network Analysis. The miRNA-gene network analysis
was carried out and two networks were constructed. In the
first network, the genes of mNCsel and the corresponding
miRNAs that target them (identified using the miRWalk
database) were considered. In the second network, the genes
of mNEsel and the corresponding miRNAs were studied.
The status of the miRNA targets of significant mRNAs was
verified in Nef-expressing cells/exosomes as reported in our
previous study [4].

3. Results

3.1. Data Analysis. Data acquisition was carried out as
described in Section 2. The datasets included miRNAs and
mRNAs profiled from U937/Nef-EYFP cells and exosomes
(test set) and from U937/EYFP cells and exosomes (control
set). The mRNA analyses were then carried out as summa-
rized in the flow chart shown in Figure 1.ThemiRNAanalyses
of exosomes secreted from Nef-expressing and control cells
have been described previously. As reported earlier, we iden-
tified 47miRNAs to be exclusively secreted in Nef exosomes
and 2miRNAs to be selectively retained in Nef-expressing
U937 cells. These are considered in this study to build a
bioinformatics framework towards the plausible regulation
of mRNA expression through selective distribution of their
targeting miRNAs in cells or exosomes.

Table 1:The number of upregulated and downregulated genes from
different statistical tests in case of mNC versus mYC at 0.05 𝑃 value
cut-off.

SAM 𝑡-test Permuted 𝑡-test Common
#mNCup 1891 2263 3902 1889
#mNCdown 2667 3856 2780 2380

Table 2:The number of upregulated and downregulated genes from
different statistical tests in case of mNE versus mYE at 0.05 𝑃 value
cut-off.

SAM 𝑡-test Permuted 𝑡-test Common
#mNEup 60 179 222 31
#mNEdown 5277 6038 3476 2328

3.2. Identification of mRNAs Differentially Present in Nef-
Expressing Cells and Their Exosomes. The mRNA data was
normalized using zero-meannormalization followed byVGA
clustering. The analysis on normalized data (mNC versus
mYC) identified six clusters (Figure 2). Among these, the
mRNAs in cluster 4were upregulated (mNCup; 𝑛 = 8522) and
those in cluster 5 were downregulated (mNCdown; 𝑛 = 9816)
in Nef-expressing cells. For the normalized exosome mRNA
datasets (mNE versus mYE), VGA clustering was unable to
identify any cluster.We therefore performed the less stringent
𝑘-means clustering and found four clusters on the exosomal
(mNE versus mYE) dataset (Figure 3). This clearly identified
mRNAs in cluster 1 to be upregulated (mNEup; 𝑛 = 5385)
and mRNAs in cluster 4 to be downregulated (mNEdown; 𝑛 =
13122) in exosomes purified from Nef-expressing cells.

We then utilized SAM, 𝑡-test, and permuted 𝑡-test on dif-
ferent gene clusters in each group and determined the com-
mon genes from the three statistical tests. This provided 1889
upregulated (mNCup) and 2380 downregulated (mNCdown)
mRNAs in Nef-expressing cells (Table 1). Similarly, for the
exosomal mRNA dataset, we recognized 31 upregulated
(mNEup) and 2328 downregulated (mNEdown) mRNAs in
exosomes fromNef-expressing cells (Table 2). We then inter-
sected themNCup andmNEdown groups (mNCup∩mNEdown)
to identify 81mRNAs that are selectively retained in Nef-
expressing cells and are not secreted in exosomes despite their
high intracellular levels (mNCsel; Figure 4(a)). Similarly, we
intersected the mNCdown and mNEup groups (mNCdown ∩
mNEup) to identify 7mRNAs that are preferentially secreted
in Nef exosomes despite their low expression levels in Nef-
expressing cells (mNEsel; Figure 4(b)).ThemRNAs belonging
to the mNCsel and mNEsel groups are shown in Table 3.

3.3. Network Analysis of Selectively Expressed mRNAs and
miRNAs. Next, we carried out network analysis of mRNAs
selectively retained in Nef-expressing cells or secreted in
exosomes from these cells, and the miRNAs that target
them. In the first network (Figure 5(a)), we considered the
81mRNAs selectively retained in Nef-expressing monocytes
(mNCsel) and the miRNAs, which target these. The top four
mRNAs identified are MECP2, HMOX1, AARSD1, and ATF2
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Inputs: mRNA datasets: (1a) mNC versus mYC, (1b) mNE versus mYE
miRNA datasets: (2a) miNC versus miYC, (2b) miNE versus miYE

Take mRNA datasets

Apply zero-mean normalization
on (1a) and (1b)

Clustering analysis: apply VGA
and k-means (k = 4) clustering on

(1a) and (1b), respectively

Identify clusters of upregulated and
downregulated genes

Statistical analysis: run SAM,
t-test and permuted t-test at 0.05

P value cut-off to identify upregulated and
downregulated genes

Analysis on miRNA datasets

Intersection of upregulated/downregulated
genes using three tests: identify mNCup,

Selective transport of genes: identify
mNCsel and mNEsel

Network analysis on mRNA and miRNA datasets

Outputs: significant genes and miRNAs and some observations

mNCdown, mNEup, and mNEdown genes

Figure 1: Flowchart of integrated data analysis of transcriptome and miRNome.

(Figure 5(a)). Among these, MECP2 (methyl CpG bind-
ing protein 2) is targeted by 38miRNAs, of which 35 are
upregulated and 8 are selectively secreted in Nef exosomes
(Table 4). MECP2 encodes a nuclear protein containing
methyl CpG binding domain and can specifically bind to
methylated DNA [19]. It mediates transcriptional repression
through interaction with histone deacetylase and the core-
pressor SIN3A [20]. The second most significant mRNA
is HMOX1 (heme oxygenase 1) (Figure 5(a)), which is
targeted by 19miRNAs, of which 17 are upregulated and
5 are selectively secreted in Nef exosomes (Table 4). The
heme oxygenase family consists of the constitutive heme
oxygenase 2 and the inducible heme oxygenase 1, which is
induced in response to stress stimuli [21]. The other two
mRNAs produce AARSD1 (alanyl-tRNA synthetase domain-
containing protein 1) and ATF2 (activating transcription
factor 2) (Figure 5(a)). AARSD1 is targeted by 12miRNAs,
of which 11 are upregulated and 3 are selectively secreted
in Nef exosomes (Table 4). It is a class-II aminoacyl-tRNA

synthetase that functions in trans to edit the amino acid
moiety from incorrectly charged tRNA(Ala) and thus pre-
vents mistranslation of proteins [22]. ATF2 is targeted by
7miRNAs, of which 6 are upregulated and 3 are selectively
secreted in Nef exosomes (Table 4). The ATF/CREB family
includes CREB, CRE-BP1 (ATF2), ATF3, ATF4, ATF6, and
B-ATF, which are transcription factors with a common
bZIP motif through which they bind to the cAMP response
element (CRE) in DNA [23]. Thus the network analysis on
mRNA and miRNA datasets has identified four mRNAs that
are selectively retained in Nef-expressing U937 cells and
the corresponding validated miRNAs that target them are
selectively secreted in exosomes from these cells.

In the second network (Figure 5(b)), we considered seven
mRNAs preferentially secreted in Nef exosomes (mNEsel)
and the validated miRNAs that target their genes. We
identified three mRNAs in this group, which are targeted
by miRNAs that are selectively retained in Nef-expressing
cells. These are AATK (apoptosis associated tyrosine kinase)
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Figure 2: VGA clustering onmNC versus mYC, where test (Nef-expressing) cellular samples are denoted by NC1, NC2, and NC3 and control
cellular samples are denoted by YC1 and YC2.
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Figure 3: 𝑘-means clustering onmNE versus mYE, where test (Nef-
expressing) exosomal samples are denoted by NE1, NE2, and NE3
and control exosomal samples are denoted by YE1 and YE2.

and SLC27A1 (solute carrier family 27 fatty acid transporter
member 1), which are targeted by miR32 and mir93∗, and
CDKAL1 (CDK5 regulatory subunit associated protein 1-like
1), which is targeted by miR32 (Figure 5(b)). The AATK is
a serine/threonine kinase expressed during apoptosis [24].
It contains an N-terminal kinase domain and a C-terminal
proline-rich domain, induces growth arrest and apoptosis,
and can indirectly inhibit the activation of Na-K-Cl cotrans-
porter [25]. The SLC27A1 transports long chain fatty acids
across the plasma membrane, promotes the accumulation of
fatty acids, and is shown to regulate cholesterolmetabolism in
HEK293 cells [26]. CDKAL1 is the first eukaryotic methylth-
iotransferase to be identified [27]. Thus, we have identified
three mRNAs that are preferentially secreted in exosomes
from Nef-expressing cells and find the miRNAs that target
these to be upregulated within the cells.

4. Discussion

The HIV accessory protein Nef is a multifunctional
pathogenic factor that facilitates viral replication by
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mNCsel

mNCup mNEdown

(1889) 81 (2328)

(a)

mNEsel

mNCdown mNEup
7(2380) (31)

(b)

Figure 4: Selective transport of genes: (a) refers to the set mNCsel of 81 genes and (b) refers to the set mNEsel of 7 genes.

Table 3: Selective transport of genes: the set mNCsel of 81 genes and
the set mNEsel of 7 genes.

Set # gene Genes

mNCsel 81

AA418814, AARSD1, ACAD9, AK026896,
AK055214, AK2, AKR1A1, ANK1, ANKRD16,
ANKRD25, ANXA2, ATF2, ATP2B3,
BE138567, BG114486, BLVRA, C1orf131,
C6orf106, C9orf23, CDC5L, COMMD4,
CRIP1, DYNC1H1, EHD2, ENST00000292140,
GOLGB1, GSTO1, HELZ, HMOX1, HN1,
HPS4, HSP90AB1, HSPA1B, HsapiAL110166,
HsapiCR624471, KCTD1, KRT10, LMNA,
LOC148413, LOC389493, LYRM4, MALAT1,
MDP-1, MECP2, MPI, MRPL39, NDE1,
NDUFA8, NT5M, OBSCN, OSBPL1A, PDCD7,
PFDN1, PLA2G4B, POLD4, PPP1R13L,
PPP2R4, QPRT, RAB1A, RACGAP1, RAD21,
RBM17, RBM18, RDM1, RMRP, RPL10,
SETDB2, SIGLECP3, SMC1A, SNAPC3, SRF,
STAU2, SYF2, THC2541678, TK1, TMCO3,
TNNT1, TPM1, UPF3B, VAMP8, ZYG11B

mNEsel 7 AATK, CDKAL1, GGTLA1, HsapiAJ412045,
LOC196463, MTMR11, SLC27A1

modulating several signalling cascades [28]. Nef is also
secreted out from infected cells into exosomes [11]. Although
the exact composition of the exosomal cargo depends upon
the cell of origin, recent studies have shown many mRNAs
and miRNAs to be highly enriched or exclusively present in
exosomes [9]. We have recently published the first miRNome
analysis of HIV-1 Nef-expressing human monocytic U937
cells and their exosomes [4]. We showed that Nef exosomes
are enriched in miRNAs that can target proinflammatory
cytokines and other genes involved in important pathways
like MAPK, Jak-STAT signalling, and apoptosis. Moreover,
a vast majority of miRNAs that can potentially target the
HIV-1 genome were also found in exosomes secreted from
Nef-expressing cells [4]. In this study, we report the first
genome-wide transcriptomic analysis of Nef-expressing
human monocytic cells and their exosomes. We have used
clustering analysis and statistical tools to identify keymRNAs
that are exclusively retained in Nef-expressing cells or are
secreted into exosomes. Network analysis of these selectively
enriched mRNAs and the validated miRNAs that target

them was carried out to understand if gene expression is
regulated by exosomal miRNA secretion. We identified four
genes, namely, MECP2, HMOX1, AARSD1, and ATF2, whose
mRNAs are upregulated in Nef-expressing cells and whose
targeting miRNAs are preferentially secreted in exosomes
from these cells. Thus, it is plausible that the expression
of these genes in Nef-expressing monocytes is regulated
to an extent by the secretion of their targeting miRNAs in
exosomes.

A recent study showed MECP2 to interact with the tran-
scriptional coactivator LEDGF/p75 (lens epithelium-derived
growth factor p75) and influence Hsp27 promoter activation
[29]. LEDGF is also a binding partner of HIV integrase and
is required for correct integration of the viral genome into
the host chromatin [30]. Further, methylation of the HIV
genome is one of the mechanisms of viral latency [31]. It is
thus tempting to speculate that Nef expression in monocytes
inducesMECP2 expression, whichmight help inmaintaining
the HIV genome in a latent state. Further, the MECP2 and
LEDGF/P75 complex might also regulate activation of other
stress survival genes like those of chaperones. The next
gene identified in the network analysis was HMOX, which
expresses an essential enzyme in heme catabolism. It cleaves
heme to form biliverdin, which is subsequently converted
to bilirubin by biliverdin reductase [32]. It plays crucial
role in suppressing inflammation and protecting against
oxidative stress. Upregulation of HMOX-1 is an indication
of oxidative stress [33]. We have previously shown that
Nef expression in monocytic cells induces the expression
of proinflammatory cytokines and thus acts like a cellular
stress signal. Interestingly, expression of Nef independently
is capable of triggering the induction of host defense mecha-
nisms like HMOX-1. Recently Wang et al. observed mRNAs
for many tRNA synthetases and a unique splice variant
in exosomes secreted from Jurkat T cells and showed that
these mRNAs could be translated in vitro as well as in the
cells that engulfed these exosomes [34]. It is now believed
that a diverse pool of tRNA synthetase derived mRNAs is
packaged in exosomes for genetic exchange. Besides their role
in translation, tRNA synthetases also have roles in mTOR
signaling, DNA repair, and apoptosis [35]. We show that the
AARSD1 mRNA is preferentially retained in Nef-expressing
cells, and this might regulate important signaling pathways.
The next mRNA is for ATF2, which is activated by the p38
MAPK and regulates transcription of various genes involved
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Table 4: Some of the most important genes in mNCsel and the corresponding miRNAs (which target those genes) and their status in Nef-
EYFP-expressing cells and exosomes.

Gene

# miRNAs
which

target the
gene

miRNAs which target the gene
Status of miRNAs in

Nef-EYFP-expressing cells
and exosomes

MECP2
(mNCsel)

8 miR-29b, miR-146b-3p, let-7c, miR-19a, miR-195, miR-181c, miR-181a,
miR-34a∗ miNEsel

22

miR-130b∗, miR-302d, miR-382, miR-342-3p, miR-146b-5p, miR-181a∗,
miR-26a, miR-125a-5p, miR-409-3p, miR-130b, miR-199b-5p, miR-181a-2∗,
miR-186, miR-194, miR-200a∗, miR-200a, miR-101, miR-212, miR-342-5p,
miR-34a, miR-99a∗, miR-132

miNCnon and miNEup

1 miR-221 miNCnon and miNEdown

1 miR-19a∗ miNCdown and miNEnon

5 miR-186∗, miR-99a, miR-125a-3p, miR-130a, miR-296-5p miNCup and miNEup

1 miR-146a miNCdown and miNEdown

HMOX1
(mNCsel)

5 miR-26b∗, miR-15b, let-7e∗, miR-125b, let-7a miNEsel

11 miR-122, miR-15b∗, miR-9, miR-196b, let-7e, miR-22∗, miR-9∗, miR-23a,
miR-183∗, let-7d, miR-26b miNCnon and miNEup

1 miR-22 miNCdown and miNEnon

1 miR-183 miNCup and miNEup

1 miR-24 miNCdown and miNEdown

AARSD1
(mNCsel)

3 miR-16, miR-30e∗, miR-30c miNEsel

5 miR-30b, miR-30a, miR-30a∗, miR-1, miR-30e miNCnon and miNEup

1 miR-30b∗ miNCdown and miNEnon

3 miR-30d∗, miR-30d, let-7b miNCup and miNEup

ATF2
(mNCsel)

3 miR-17∗, miR-92a, miR-21∗ miNEsel

3 miR-17, miR-224, miR-424∗ miNCnon and miNEup

1 miR-21 miNCdown and miNEdown

in cell growth, response toDNAdamage and survival [36, 37].
It also functions as a histone acetyltransferase and candirectly
interact with chromatin to regulate transcription [23]. We
show that ATF2 mRNA is preferentially retained in Nef-
expressing cells, and it might regulate the transcription of key
genes.

We also identified the mRNAs for three proteins, AATK,
SLC27A1, and CDKAL1, to be preferentially secreted out in
exosomes from Nef-expressing cells and their targeting miR-
NAs (miR32 andmiR93∗) to be retained in these cells. Recent
studies show AATK to promote apoptosis in melanoma cells
and to be regulated by the Src kinase [24, 38] and in neurons
to be important for recycling endosomes and synaptic vesicle
transport [25, 39]. It is reported that Nef exosomes can lead
to apoptosis of recipient CD4+ T cells, but no mechanism is
known for this. We have also observed that these exosomes
can enter different immune cells and A549 lung adenocar-
cinoma cells (MA and SJ; unpublished data). The selective
packaging of AATKmRNA in exosomes might lead to apop-
tosis induction in target cells. As Nef-containing exosomes
are also observed in infected individuals, this could be an
important mechanism for large-scale bystander cell death
of uninfected CD4 T cells observed in HIV/AIDS patients
[1, 40]. It was shown recently that exosomes from HIV
infected cells can activate quiescent CD4+ T lymphocytes

and promoteHIV-1 replication through aNef- andADAM17-
dependent mechanism [41]. The SLC27A1 gene product is
involved in the translocation of long chain fatty acids across
the plasma membrane [42], which is relevant since the free
fatty acid concentration is increased in HIV/AIDS patients
[43, 44]. Recently, a proteomics study showed that HIV infec-
tion in T cells increases free fatty acid production and other
key proteins involved in lipid metabolism [45]. Our in silico
analysis here shows that the mRNA for fatty acid transporter
protein is selectively packaged in Nef exosomes. This may
lead to altered SLC27A1 production in Nef-expressing cells
and can potentially increase the levels of this protein in
cells receiving these exosomes. Thus, exosomal packaging of
SLC27A1 mRNA could be a mechanism for regulating free
fatty acid levels during HIV infection.The third mRNA is for
CDKAL1, which is amember ofmethylthiotransferase family.
While its exact function is not known, genes in this family
are involved in posttranscriptional modifications of tRNA
[46].

Overall, this study employs in silico analysis of the
transcriptomic data of Nef-expressing monocytic cells and
their exosomes and identifies key mRNAs that are exclusively
retained in cells or secreted in exosomes.ThemRNAs prefer-
entially retained in cells are essentially involved in chromatin
modification and transcriptional regulation. These pathways
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Figure 5: (a) There are two different views of a miRNA-target gene interaction network, where all genes are in the mNCsel group and all
miRNAs are those that target these genes. In the first view, the most important genes whose in-degrees (i.e., the number of miRNAs targeting
the genes) are high are put on the right side of the network, and the less important genes whose in-degrees are low are put on the left side of
the network. The second view of the network is a subnetwork of the above in which the top four genes and their corresponding miRNAs are
presented. (b) miRNA-target gene interaction network consisting of the genes of the mNEsel group and the miRNA targets.

are critical for active gene expression as well as latent viral
reservoirs. The mRNAs selectively packaged in exosomes
are involved in apoptosis and fatty acid transport. These are
critical for lipid metabolism and bystander cell activation
and death. Thus, our in silico analysis has identified key
intracellular and extracellular signalling pathways targeted
by HIV in monocytic cells. Our study further supports
the paradigm that HIV utilizes the exosomal intercellular
communication network to optimize its spread in infected
hosts [47, 48]. Further functional investigations are needed
to validate these findings.

5. Conclusions

This study presents transcriptomic and network analysis of
humanmonocytic cells expressing the HIV-1 Nef protein and
their exosomes. We identified four mRNAs that are exclu-
sively retained in Nef-expressing cells while their targeting
miRNAs are exported out in exosomes. These are involved
in chromatin modification, transcriptional regulation, and
stress response. We also identified three mRNAs that are
preferentially secreted in exosomes and whose targeting
miRNAs are retained in Nef-expressing monocytes. These
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are involved in apoptosis induction and fatty acid trans-
port. Monocytes are important latent viral reservoirs, and
apoptosis of bystander cells and dysregulation of fatty acid
metabolism are important events in HIV pathogenesis.Thus,
our findings have important implications in understanding
HIV pathogenesis from the triangular axis of mRNAs, miR-
NAs, and exosomes, which has remained poorly studied.
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Glycation is a nonenzymatic process in which proteins react with reducing sugar molecules. The identification of glycation sites
in protein may provide guidelines to understand the biological function of protein glycation. In this study, we developed a
computational method to predict protein glycation sites by using the support vector machine classifier. The experimental results
showed that the prediction accuracy was 85.51% and an overall MCC was 0.70. Feature analysis indicated that the composition of
𝑘-spaced amino acid pairs feature contributed the most for glycation sites prediction.

1. Introduction

Glycation is one of the most important posttranslation
modifications (PTMs) of proteins. Glycation is a two-step
nonenzymatic reaction. First, generate the stable Amadori
product based on the unstable Schiff base. Secondly, the
advanced glycation end products (AGEs) are generated at
the second step. According to the clinical researches [1], the
advanced glycation end products are involved in a variety
of human diseases, such as diabetes, Alzheimer’s disease,
and Parkinson’s disease. The glycation mechanism might be
a key to the treatment of the above diseases. Identification
of the glycation sites in protein may provide guidelines to
understand the biological function of proteins glycation.

It is important to note that glycation and glycosylation are
different. Glycation is the result of typically covalent bonding
of a protein or lipid molecule with a sugar molecule, such
as fructose or glucose, without the controlling action of an
enzyme. As opposed to the nonenzymatic chemical reaction
of glycation, glycosylation is an enzyme-directed site-specific
process. Five types of glycosylation are produced, including

N-glycosylation, O-glycosylation, C-mannosylation, glypia-
tion, and phosphoglycans linked through the phosphate of a
phosphoserine [2].

Although some high-throughput proteomics experimen-
tal methods [3] have been developed to find posttranslational
modification (PTM) sites [4–6], it is still difficult to confirm
glycation sites by these methods. Several computational
approaches to predict glycosylation sites have been reported.
Li et al. [7] trained SVMbased on physicochemical properties
of amino acids and a 0/1 system which was only focusing on
theO-glycosylation inmammalian proteins; Caragea et al. [8]
used ensemble method to identify N-linked, O-linked, and
C-linked glycosylation. Chen et al. [9] predicted mucin-type
O-glycosylation serine/threonine (S/T) sites in mammalian
proteinswith the assistance of SVMbased on the composition
of 𝑘-spaced amino acid pairs (CKSAAP) encoding scheme.

Compared with the glycosylation, the determination of
protein glycation sites was more difficult. Therefore, to the
best of our knowledge, such computermethods for prediction
of glycation sites were rarely mentioned in literatures except
the GlyNN [10]. GlyNN was built by combining 60 artificial
neural networks with a balloting procedure and obtained
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the maximal Matthews correlation coefficient (MCC) of 0.58
with the sequence size 23.

Here, we used support vector machine to develop a
predictor for glycation sites of lysine. Amino acid occurrence
frequency, amino acid factors, and the composition of 𝑘-
spaced amino acid pairs (CKSAAP) were used to encode gly-
cation site peptides. We reduced the support vector machine
classifier input features dimension by utilizing the maximum
relevance minimum redundancy (mRMR) method followed
by the incremental feature selection (IFS) procedure. The
experimental result showed that our predictor achieved an
overall MCC of 0.7063. Feature analysis prompted that the
CKSAAP encoding was efficient to capture a glycation site’s
characters. The detailed analysis results in this work may
provide useful insights to detect glycation sites. A web server
(PreGly) that implemented the proposed method was freely
available: http://202.198.129.220:8080/GlycationPre/.

2. Materials and Methods

2.1. Dataset. In this study, we took the GlyNN [10] dataset
as the benchmark dataset. It was convenient to compare the
performance of PreGly and GlyNN, since they were built on
the same dataset. Johansen et al. [10] collected experimentally
validated glycation sites by searching hundreds of research
papers manually. The whole dataset contained 89 glycation
sites (positive samples) and 126 nonglycation sites (negative
samples) from 20 proteins.

Subsequently, we extracted each glycation site peptide
with the window size 23, with 11 residues upstream and 11
residues downstream of the glycation site. To make sure that
each sequencewindow size was fixed to 23, we complemented
a nonexisting residue “O” to the peptide, less than 23 amino
acid residues. The window size fixed to 23 is rational and has
been confirmed experimentally [10].

However, for the amino acid site near the end of the
peptide, 23 may be a too much window size. We removed
peptides which extended too many “O” residues to test
the influence of “O” residues on the predictor result. The
experimental result yielded a prediction accuracy of 82.74%
(Sn = 71.84%, Sp = 0.9136, and MCC = 0.6527) and the
prediction performance was also better than GlyNN [10].
To ensure the data integrity, we still applied the window
size 23 on the entire data. The whole dataset was pro-
vided in the supporting information available online at
http://dx.doi.org/10.1155/2015/561547 (Supporting Informa-
tion S1).

2.2. Feature Space

2.2.1. Amino Acid Occurrence Frequency Feature. We calcu-
lated the occurrence frequencies of the 20 native amino acids
in given proteins [11]. Given a protein 𝑅, 𝐿 is the length of
the peptide in protein 𝑅, and the number of 𝑖th amino acid
in the peptide is 𝑛

𝑖
. We use 𝑝

𝑖
as the amino acid occurrence

frequency feature:

𝑝
𝑖
= √

𝑛
𝑖

𝐿
, (𝑖 = 1, 2, . . . , 20) . (1)

2.2.2. 𝑘-Spaced Amino Acid Pairs Feature. The compo-
sition of 𝑘-spaced amino acid pairs (CKSAAP) encode
scheme has been employed to predict various PTMs [6,
9]. Given 20 native amino acids and one complementary
residue “O,” there are 441 basic amino acid pair types:
AA,AC, . . . ,AW,AY,OO. The basic amino acid pair types
are enlarged to the 𝑘-spaced amino acid pair types. For
example, the space number 𝑘 of “A∧∧A” is equal to 2. We
examined three predictors built with the parameter 𝑘 = 3, 4,
and 5 and obtained that the maximum accuracy was 85.51%
with 𝑘 = 4.

2.2.3. Amino Acid Factors Feature. AA Index database [12]
collected the various physicochemical and biochemical prop-
erties of amino acids. Atchley et al. [13] performed mul-
tivariate statistical analyses on AA Index to produce five
multidimensional patterns of attribute covariation which
reflected polarity (AA Factor 1), secondary structure (AA
Factor 2), molecular volume (AA Factor 3), codon diversity
(AA Factor 4), and electrostatic charge (AA Factor 5). These
five factors have been successfully used to solve several
different biology problems, such as [7, 11].

As mentioned above, we encoded each glycation site
peptide by 21 features of amino acid occurrence frequency,
5 features of amino acid factors, and 441 × 4 features
of 𝑘-spaced amino acid pairs. Therefore, for each peptide
consisting of 23 amino acid residues, there were a total of 21
+ 5 × 23 + 441 × 4 = 1900 features (Supporting Information
S5).

2.3.ThemRMRMethod. Themaximum relevancy minimum
redundancy (mRMR) method [14] is used to rank features
based on the criterion of maximum relevance to the target
and the minimum redundancy between features. On the
rank list, features with the small index are considered the
“good” features, and these “good” features may provide more
information for glycation site prediction.

The maximum relevancy criterion can be expressed as

max 𝐼 (Ω
𝑡
, 𝑐) =

1

Ω𝑡


∑

𝑓𝑗∈Ω𝑠

𝐼 (𝑓
𝑗
, 𝑐) , (2)

where 𝐼(𝑓
𝑗
, 𝑐) calculates the relevance between the feature 𝑓

in Ω
𝑡
and the target 𝑐.

And the minimum redundancy (MR) can be represented
as

min𝑅 (Ω
𝑠
) =

1

𝑚
∑

𝑓𝑖∈Ω𝑠

𝐼 (𝑓
𝑗
, 𝑓
𝑖
) , 𝑗 = 1, 2, . . . , 𝑛, (3)

where Ω
𝑠
is the already-selected features set with the set size

𝑚 andΩ
𝑡
is the to-be-selected features set with the set size 𝑛.

The MR calculates the redundancy between the feature 𝑓 in
Ω
𝑡
and all the other features inΩ

𝑠
.

Based on formulas (2) and (3), the mRMR method is

max
𝑓𝑗∈Ω𝑡

[

[

𝐼 (𝑓
𝑗
, 𝑐) −

1

𝑚
∑

𝑓𝑖∈Ω𝑠

𝐼 (𝑓
𝑗
, 𝑓
𝑖
)]

]

, (𝑗 = 1, 2, . . . , 𝑛) .

(4)
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2.4. Incremental Feature Selection. Incremental feature selec-
tion (IFS) method [15] is used to select the optimal features.
Features in the mRMR feature rank list are added one by one
during the IFS procedure. Then, we construct 𝑁 feature sets
when there are𝑁 features on the list and the 𝑖th feature set is
composed of 𝑖 features.

2.5. Support Vector Machine. Vapnik [16] first proposed the
support vector machine (SVM) algorithm. In principle, SVM
is a two-class classifier. Given training vectors 𝑥

𝑖
∈ 𝑅
𝑛 and

their class labels 𝑦
𝑖
∈ (−1, 1), 𝑖 = 1, . . . , 𝑁, SVM solves the

problem:

min 1

2
𝜔
𝑇

⋅ 𝜔 + 𝐶

𝑁

∑

𝑖=1

𝜉
𝑖

Subject to 𝑦
𝑖
(𝜔
𝑇

⋅ 𝑥
𝑖
+ 𝑏) ≥ 1 − 𝜉

𝑖
, 𝜉
𝑖
≥ 0,

(5)

where 𝜔 is a normal vector perpendicular to the hyperplane
and 𝜉
𝑖
are slake variables for allowing misclassifications.

The support vector machine has been widely used in
bioinformation [9, 17]. In this work, we implement LIBSVM
package [18] with RBF function. The two parameters penalty
parameter𝐶 and kernel parameter 𝛾 are found by using a grid
search strategy based on 10-fold cross-validation.

2.6. Performance Evaluation. In statistical prediction, three
cross-validation methods are often used to examine a predic-
tor for its anticipated accuracy: 𝐾-fold cross-validation test,
independent dataset test, and jackknife test [3]. We chose the
10-fold cross-validation test to examine the quality of our
predictor. During the 10-fold cross-validation test process,
the peptide samples were divided into ten parts. Each part
of them was in turn as test samples, and the remaining nine
parts were as the train samples.

Four parameters, sensitivity (Sn), specificity (Sp), accu-
racy (Ac), and Mathew correlation coefficients (MCC), are
used to evaluate the predictor performance:

Sn =
TP

TP + FN
,

Sp =
TN

TN + FP
,

Ac =
TP + TN

TP + FP + TN + FN
,

MCC

=
(TP × TN) − (FN × FP)

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

,

(6)

where TP, TN, FP, and FN represent the true positive, the true
negative, the false positive, and the false negative, respectively.
MCC (Matthew correlation coefficient) reflects both the
sensitivity and the specificity of a predictor.

The Matthews correlation coefficient

0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8

1 300 599 898 1197 1496 1795

(167, 0.7063)

Figure 1: The MCC value against feature number.

3. Results and Discussion

3.1. The Predictors’ Performance with Different 𝑘. In order to
find the optimal 𝑘 value of the CKSAAP feature encoding
which can detect the glycation sites with high accuracy, we
investigated the predictor performance of 𝑘 = 3, 4, and 5.
The highest accuracy was 85.51% when 𝑘 = 4 (Supporting
Information S2).

3.2. The mRMR and IFS Results. First of all, by using the
mRMR method, a total of 1900 features were ranked. Then
we implemented the IFS procedure based on the mRMR
rank list and generated 1900 feature sets. Subsequently, we
built 1900 predictors and tested those predictors (Supporting
Information S3) and plotted the IFS curve in Figure 1. It can
be seen from Figure 1 that the maximumMCCwas 0.7063 by
using the top 167 features, and these 167 features (Supporting
Information S4) were considered the optimal features to train
our final predictor.

3.3. Optimal Features Analysis. In the 167 optimal features,
over 90% features (153 CKSAAP features in 167 optimal
features) were CKSAAP features. Thus, we inferred that the
CKSAAP feature was the most importance feature for the
prediction of glycation sites. We also listed the top 10 features
of the optimal features in Table 1. It can be seen from Table 1
that there were 7 CKSAAP features in top 10 features. So we
suggested that the CKSAAP feature was the most suitable
feature for glycation sites prediction.

The feature selection methods could find out the most
important CKSAAP pairs. For example, the first feature in
Table 1 was the CKSAAP pair “S∧∧∧∧W,” which suggested
that a potential glycation residue existed if the CKSAAP pair
“S∧∧∧∧W” surrounding the residue have high abundance. We
further investigated the classifications of the 20 native amino
acids of the optimal features (Figure 2). FromFigure 2, we can
see that the polar amino acid and the nonpolar amino acid
were vital characteristics for the glycation sites prediction.

We also noted that the AA Factor features played some
roles in glycation sites’ prediction. There were one polarity
factor, two secondary structure factors, fivemolecular volume
factors, one codon diversity factor, and five electrostatic
charge factors in the 14 AA Factor features. And the sites
distributions of AA Factor were shown in Figure 3. Figure 3
indicated that site 23was themost important site for glycation
sites’ prediction and site 3 was the secondary important site
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Table 1: Top 10 features of the optimal features.

Order Feature number Feature name Explain
1 1793 S∧∧∧∧W Pair of serine and tryptophan spaced with 4 residues
2 33 SS The secondary structure of site 3
3 1494 C∧∧∧∧Q Pair of cystine and glutamine spaced by 4 residues
4 1752 Q∧∧∧∧Y Pair of glutamine and tyrosine spaced by 4 residues
5 91 EC The electrostatic charge of site 14
6 710 H∧∧H Pair of histidine and histidine spaced by 2 residues
7 129 MV The molecular volume of site 22
8 341 L∧S Pair of leucine and serine spaced by one residue
9 629 D∧∧L Pair of aspartic acid and leucine spaced by 2 residues

10 210 E∧M Pair of glutamic acid and methionine spaced by one
residue

Classification of amino acids

0
20
40
60
80

100
120
140

Nonpolar amino
acid

Polar amino
acid

Acidic amino
acid

Basic amino
acid

Figure 2: Amino acids classification distribution.
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Figure 3: Number of corresponding specific sites.

for glycation sites prediction. Those results are consistent
with the literature [10], which reported that the N-terminal
parts of the human proteins have a higher predicted glycation
potential than the other parts of the proteins.

3.4. Compare with Previous Method. In this section, we
compared the proposed method with a previous method
GlyNN [10]. As can be seen from Table 2, the performance
of PreGly was better than that of GlyNN. The prediction
accuracy of PreGly was 85.51% and the MCC was 0.70 with
167 optimal features. And from these better prediction results,
we speculated that the CKSAAP encoding may provide more
information than the consensus sequence motif.

Table 2: Comparison of PreGly with GlyNN.

Method Sensitivity (%) Specificity (%) Accuracy (%) MCC
PreGly 71.06 95.85 85.51 0.70
GlyNN 78.65 80.15 79.50 0.58

3.5. The Performance of PreGly on Independent Dataset. We
have reported that PreGly could achieve a better prediction
performance. To objectively assess our predictor, we further
tested our method on an independent dataset. 17 protein
sequences containing experimentally validated glycation sites
were retrieved from Uniport as the independent dataset
(Supporting Information S6). Glycation sites labeled by
“potential” and “probable” were removed. Finally, a total of 82
glycation sites and 117 not glycated sites in 17 proteins were
retrieved. For each glycation site or not glycated site, a 23-
residue peptide containing central glycation/not glycated site
and 11 residues upstream and 11 residues downstream of the
glycation/not glycated site was extracted. The peptides with
length less than 23 were extended by “O” residue.

After tenfold cross-validation, the average prediction
accuracy (Ac), sensitivity (Sn), specificity (Sp), and MCC
of PreGly on the independent dataset were 79.92%, 64.2%,
91.57%, and 0.5849.

3.6. Discussion. In the 167 optimal features, there were
153 CKSAAP features, 14 AA Factor features, and none of
the amino acid occurrence frequency features. The feature
distribution of optimal features set was shown in Figure 4.
Considering the better performance of PreGly, it was possible
that the CKSAAP [19] encoding was particularly suitable for
the prediction of glycation site, which was to say that the
short linear motifs may be more important than position-
specific patterns in glycation sites’ recognization.These anal-
ysis results reinforced the viewpoint that there may be no
significant difference of mutations to other amino acids for
each glycation site [20]. Figure 4 also implied that the amino
acid occurrence frequency feature was faintly contributed to
glycation sites prediction.
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features.

The amino acids classification distribution (Figure 2)
revealed that the polar amino acid and the nonpolar amino
acid were effective for the glycation sites prediction. Apart
from this, we further investigated the 20 native amino acids
quantity in the optimal features (Figure 5). As shown in
Figure 5, the numbers of Leucine and Valine were more than
the other amino acids, whereas Asparagine and Tryptophan
were the two kinds of amino acids in the least number. It was
worthwhile to point out that the Asparagine and Tryptophan
may provide useful clues to validate new glycation sites in
protein sequences.

4. Conclusion

In this work, we built a predict model for protein glycation
site prediction based on support vector machine. Our pre-
dictor reached an overall MCC of 0.706324, and sensitivity,
specificity, and accuracy were 71.06%, 95.85%, and 85.51%,
respectively. Glycation is involved in several diseases such as
Alzheimer. It was advisable to identify glycation site for the
associated diseases treatment. Detailed analysis conducted
in this study may provide insights into understanding the
mechanism of glycation and provide clues for the treatments
of glycation related disease [21–28].
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The availability of nutrient components in the environment was identified as a critical regulator of virulence and biofilm formation
in Pseudomonas aeruginosa. This work proposes the first systems-biology approach to quantify microbial biofilm formation upon
the change of nutrient availability in the environment. Specifically, the change of fluxes of metabolic reactions that were positively
associated with P. aeruginosa biofilm formation was used to monitor the trend for P. aeruginosa to form a biofilm. The uptake
rates of nutrient components were changed according to the change of the nutrient availability. We found that adding each of
the eleven amino acids (Arg, Tyr, Phe, His, Iso, Orn, Pro, Glu, Leu, Val, and Asp) to minimal medium promoted P. aeruginosa
biofilm formation. Bothmodeling and experimental approaches were further developed to quantify P. aeruginosa biofilm formation
for four different availability levels for each of the three ions that include ferrous ions, sulfate, and phosphate. The developed
modeling approach correctly predicted the amount of biofilm formation. By comparing reaction flux change upon the change of
nutrient concentrations, metabolic reactions used by P. aeruginosa to regulate its biofilm formation are mainly involved in arginine
metabolism, glutamate production, magnesium transport, acetate metabolism, and the TCA cycle.

1. Introduction

Forming biofilms is one of the major strategies implemented
by pathogens to survive antibiotic treatment, and biofilms
cause chronic human infections [1]. It is reported that 10 to
1000 times higher doses of antibiotics are required to treat
pathogens in a biofilm [2, 3]. Investigation of the factors
that influence microbial biofilm formation is thus impor-
tant for combating biofilms associated with pathogens. This
research topic has attracted extensive experimentation. For
example, the genes that are upregulated during P. aeruginosa
biofilm formation have been identified experimentally [4].
Since microbial metabolism depends on the interaction of
hundreds to thousands of metabolic reactions, systems-level

modeling approaches that can incorporate existing experi-
mental data are essential to pinpoint the factors that play a
crucial role in microbial biofilm formation.

Extensive research on modeling microbial biofilms has
been conducted in the last 30 years (see Wang and Zhang,
2010 [5], for a detailed review). However, all these models
use theMonod kinetics to quantify themicrobial growth rate,
that is, the growth rate 𝜇 = 𝑉

𝑚
𝐶
𝑠
/(𝐾
𝑚
+ 𝐶
𝑠
) in which 𝐶

𝑠
is

the substrate concentration and𝑉
𝑚
and𝐾

𝑚
are themaximum

growth rate and half-velocity constant, respectively. No infor-
mation is thus obtained from these models to quantify the
influence from the environmental nutrients on the intracel-
lular microbial metabolism and thus the biofilm formation.
Moreover, none of these methods has systematically studied
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biofilm formation based on the availability of environmental
nutrients. On the other hand, genome-scale models have
been shown to integrate the extracellular environmental
conditions with the intracellular metabolic reactions [6]. On
the basis of the genome-scale model developed by Oberhardt
et al., 2008 [7], the Ines Thiele group from University of
Iceland [8] proposed the first systems-biology approach to
identify gene targets to terminate the growth of P. aeruginosa
in the biofilm.This approachmainly constrained the nutrient
uptake rates to mimic the mature biofilm environment and
performed single/double in silico gene knockouts to deter-
mine the gene targets essential for microbial growth in the
biofilm. However, biofilm formation ability of the mutants,
which may not be reflected by the microbial growth, has
not been studied in this approach. In particular, a slowly
growing mutant may form more biofilm than a fast-growing
mutant. To address this problem, we developed a systems-
level approach to identify gene targets to prevent the biofilm
formation of P. aeruginosa, and we found that genes essential
to microbial growth are not necessarily good targets to treat
P. aeruginosa biofilm, as most of the essential gene mutants
form more biofilms before they are completely eliminated
by antibiotics [9]. While these existing metabolic modeling
approaches mainly focus on the influence of metabolic genes
on biofilm formation, no modeling approach has been pub-
lished to quantify the microbial biofilm formation upon the
change in the environmental nutrient conditions; however,
the availability of environmental nutrients has been shown
to influence microbial biofilm formation. For example, some
strains of Escherichia coli K-12 and Vibrio cholerae were
reported not to form biofilms in minimal medium unless the
medium is supplemented with amino acids [10]. In addition
to amino acids, ions such as ferrous ions, phosphate, and
sulfate also play an important role in regulating biofilm for-
mation [11, 12]. For example, phosphate influences the biofilm
formation of Pseudomonas fluorescens by controlling secre-
tion of adhesion LapA to the surface [13], and ferrous ions are
important for the maturation of P. aeruginosa biofilms [14].

In this work, we developed the first systems-biology
approach to quantify P. aeruginosa biofilm formation based
upon the availability of environmental nutrients that include
20 amino acids and three ions (i.e., sulfate, phosphate, and
ferrous ions). Specifically, we further extended our previous
modeling approach that was developed to determine gene
targets to eliminate P. aeruginosa before it forms a biofilm [9].
The idea behind that approach was using the change of fluxes
of reactions positively associated with P. aeruginosa biofilm
formation (henceforth biofilm-associated reactions) to clas-
sify singlemutants into different categories. Based upon these
categories, targets to prevent P. aeruginosa biofilm formation
were identified. Unlike our previous modeling approach, the
availability of a specific nutrient component, instead of the
expression of a specific metabolic gene, was manipulated
here. In addition, a new formula was defined to quantify the
microbial biofilm formation from the flux change through the
biofilm-associated reactions. The modeling work was based
upon the metabolic model of P. aeruginosa originally develo-
ped andupdated by the Papin group at theUniversity ofVirgi-
nia (Oberhardt et al., 2008 and 2010 [7, 15]). In particular,

the reaction “Rha-(a1,3)-GlcNac-pyrophosphorylundecapre-
nol synthesis” (RHA1GLCNACPPUNDs) was altered in
the updated model to produce guanosine monophosphate
(GMP) instead of uridinemonophosphate (UMP).The upda-
ted model (i.e., Oberhardt et al., 2010 [15]) was obtained
from Papin group by personal communication. This model
was used because its previous version has been recently used
to successfully predict the phenotype of P. aeruginosa in
biofilms (refer to Sigurdsson et al., 2012 [8], and Xu et al.,
2013 [9], for two examples). Based on the selected metabolic
model, flux changes through reactions that were identified to
be positively associated with P. aeruginosa biofilm formation
(i.e., biofilm-associated reactions) were used to quantify the
biofilm formation of P. aeruginosa upon the change in the
availability of nutrient components including 20 amino acids
and three ions (i.e., ferrous ions, phosphate, and sulfate).
These nutrient components were selected in this work due to
their importance for the regulation of P. aeruginosa biofilm
formation. Data from the literature were used to validate our
results for the 20 amino acids. In addition, we conducted
the first complete experimental evaluation of Pseudomonas
aeruginosa biofilm formation for a large change in the con-
centrations of sulfate, phosphate, and ferrous ions to verify
the results for these three ions. Both starved and rich nutrient
conditions for each nutrient component were studied in this
work.

2. Results

An illustrative example is shown in Figure 1 to outline our
approach to quantify the formation of P. aeruginosa biofilm
for different availabilities of nutrient components in the
environment.This is followed by a detailed description of the
results for P. aeruginosa biofilm formation upon the change
in the availability of each of 20 amino acids, ferrous ions,
phosphate, and sulfate.

2.1. An Illustration Example of the Proposed Approach.
Figure 1 shows an illustrative example to outline our approach
for quantifying biofilm formation ability of P. aeruginosa for
a specific nutrient condition. First, the change of the nutrient
availability can be mimicked by changing the maximum
uptake rate of the nutrient component in the flux balance
analysis [17] (refer to Section 4 for more details of flux bala-
nce analysis). For example, a zero maximum uptake rate is
assigned to arginine for the minimal medium without argi-
nine (referred to as reference nutrient condition), and a max-
imum 10mmol gDW−1 h−1 uptake rate, suggested by Ober-
hardt et al., 2008 [7], is used to mimic the adding of arginine
into minimal medium (referred to as the changed nutrient
condition).The flux balance analysis is then performed based
on the metabolic model and the uptake constraints for both
reference and changed nutrient conditions (Figure 1(a)), and
the fluxes through the biofilm-associated reactions are sam-
pled and represented as flux distributions for both conditions
(Figure 1(b)). Biofilm-associated reactions are 39 reactions
that were identified to be positively associated with P. aerug-
inosa biofilm formation from the genetic determinant data
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Figure 1: An illustrative example to show the proposed approach for quantifying biofilm formation of P. aeruginosa for different availabilities
of a specific nutrient component. The availability of the target nutrient component is represented by its maximum uptake rate in the flux
balance analysis. A large uptake rate is used for the abundant nutrient condition, while a small uptake rate is assigned for the starving nutrient
(a). The fluxes of those biofilm-associated reactions are then sampled for both reference and changed nutrient conditions and represented as
flux distributions (b).The horizontal axe represents themetabolic fluxes through the 𝑖th biofilm-associated reactions, that is, Vbiofilm,𝑖, while the
vertical axe represents the occurrence probability of a specific metabolic flux. Upon the change of the nutrient availability from the reference
to changed condition, the change of fluxes through each biofilm-associated reaction is quantified, which is then used to obtain the flux-change
curve over all biofilm-associated reactions (c). Finally, the flux change curve is used to quantify biofilm formation capability of P. aeruginosa
(d). In particular, a large flux increase in most biofilm-associated reactions indicates a high trend to form more P. aeruginosa biofilm. The
metabolic reactions with large flux change during the biofilm formation were further identified, as they may imply the mechanisms used by
P. aeruginosa to form a biofilm (e).

published in Müsken et al., 2010 [4]. They are mainly related
to nitrite consumption, acetate production, the TCA cycle,
carbon dioxide production, pyrimidine metabolism, and
oxidative phosphorylation. Interested readers can refer to our
previouswork [9] for the details of these 39 biofilm-associated
reactions. On the basis of the flux distributions shown in
Figure 1(b), we further quantified the flux change through
each biofilm-associated reaction and obtain a flux-change
curve across all biofilm-associated reactions (Figure 1(c)). A
criterion named biofilm formation capability is determined
from this flux-change curve to quantify the trend for P. aerug-
inosa to form biofilms upon the change of the availability
of a specific nutrient component (e.g., adding arginine into
minimalmedium) (Figure 1(d)). Biofilm formation capability
is actually defined as the ratio of the fluxes through biofilm-
associated reactions for the changed nutrient condition (e.g.,
minimal medium with the addition of arginine) over the
ones for the reference nutrient condition (e.g., minimal
medium without arginine). In particular, enhanced fluxes
through most biofilm-associated reactions result in a large
value of biofilm formation capability, which indicates that the
changed nutrient availability induces P. aeruginosa to form
more biofilm. Only the availability of a nutrient component

is changed in Figure 1, although the developed framework can
be applied to study the influence of multiple nutrient compo-
nents on P. aeruginosa biofilm formation. Finally, the biofilm-
associated reactions with large flux changes are identified
from the flux-change curve (Figure 1(e)).These reactionsmay
reveal the mechanisms used by the pathogen to adjust its
biofilm formation under different nutrient conditions.

2.2. Influence of the Availability of Amino Acids in theMedium
on P. aeruginosa Biofilm Formation. In this section, the trend
for planktonic P. aeruginosa to form a biofilm upon adding
an amino acid to the minimal medium was quantified. The
minimal medium was thus used as the reference nutrient
condition in which P. aeruginosa stayed in the planktonic
growthmode. Only one amino acid was added into the mini-
mal medium at a time, which represented a changed nutrient
condition.The capability of planktonicP. aeruginosa to form a
biofilm for each changed nutrient condition was determined
and compared with the experimental data presented by
Bernier et al., 2011 [16] (Figure 2). A zerofold increase of
biofilm formation shown in Figure 2 means the biofilm for-
mation for the changed condition is the same as that for
the reference condition. The experiment data show that (1)
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Table 1: Top ten biofilm-associated reactions with large flux increase upon addition of amino acids into the medium (adapted from [9]).

Reactions Biological subsystems
Rxn 1: 2 H+ + H2O + urea → CO2 + 2 ammonium Arginine metabolism
Rxn 2: acetate + ATP + coenzyme A → acetyl-CoA + AMP + diphosphate Pyruvate metabolism
Rxn 3: L-threonine → 2-oxobutanoate + ammonium Ammonia production
Rxn 4: 2 ATP + L-glutamine + H2O + bicarbonate → 2 ADP + carbamoyl phosphate + L-glutamate
+ 2 H+ + phosphate Arginine metabolism

Rxn 5: nicotinamide adenine dinucleotide + O-phospho-4-hydroxy-L-threonine →
2-amino-3-oxo-4-phosphonooxybutyrate + H+ + nicotinamide adenine dinucleotide – reduced Pyridoxine metabolism

Rxn 6: 4-aminobutanoate + 2-oxoglutarate → L-glutamate + succinic semialdehyde Glutamate production
Rxn 7: L-aspartate + ATP + L-citrulline → AMP + N(omega)-(L-arginino)succinate + H+ +
diphosphate Arginine metabolism

Rxn 8: reduced glutathione + methylglyoxal → (R)-S-lactoylglutathione Pyruvate metabolism
Rxn 9: S-adenosyl-L-methionine + butyryl-[acyl-carrier protein] → 5-methylthioadenosine + acyl
carrier protein + H+ + N-butyryl-L-homoserine lactone Quorum sensing

Rxn 10: alpha-oxobenzeneacetic acid↔ benzaldehyde + CO2 CO2 production
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Figure 2: Biofilm formation capability of planktonic P. aeruginosa
upon adding each of the 20 amino acids into minimal medium.
Minimal medium is used as the reference nutrient condition, while
adding each of the 20 amino acids is referred to as the changed
nutrient condition. The experimental data (Y, N) are obtained from
Bernier et al., 2011 [16].

adding any of the 20 amino acids into the minimummedium
results in the biofilm formation; (2) the supplementation of
any of the following 11 amino acids, that is, Arg, Tyr, Phe,
His, IlE, Orn, Pro, Asp, Glu, Leu, and Val, can significantly
enhance biofilm formation; (3) adding any other amino acid
only induces minor biofilm formation. As shown in Figure 2,
the model predicted biofilm formation matches these obser-
vations very well. In particular, the addition of any of the
aforementioned 11 amino acids was predicted to enhance at
least onefold biofilm formation, while the supplementation
of any other amino acids (especially Cyst, Trp,Thm, andMet)
only leads to limited biofilm formation.

In order to further study the biofilm formation mecha-
nism stimulated by the addition of amino acids, we calculated
the flux change through each biofilm-associated reaction
upon the addition of each of the aforementioned 11 amino
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Figure 3: The average flux change of the biofilm-associated reac-
tions. Only the top 10 reactions with the largest average flux change
are shown here.

acids that significantly enhance biofilm formation. Based
upon this, the average flux change through each biofilm-asso-
ciated reaction over the addition of the 11 amino acids was
calculated. The top 10 biofilm-associated reactions with large
average flux change were listed in Table 1, and the average
flux change of these reactions was shown in Figure 3. The
average flux change through Rxn 1 to Rxn 3 is increasedmore
than 3-fold upon the addition of each of the 11 amino acids
into the medium. These three reactions are mainly related to
the ammonia production, argininemetabolism, and pyruvate
metabolism. On the other hand, Rxn 4 to Rxn 10 have two
to threefold increase in their average flux change. These
reactions are involved in the arginine metabolism (Rxn 4
and Rxn 7), pyridoxine metabolism (Rxn 5), glutamate pro-
duction (Rxn 6), pyruvate metabolism (Rxn 8), quorum
sensing (Rxn 9), and CO

2
production (Rxn 10). Therefore,
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Figure 4: Biomass growth rate (a) and biofilm formation capability (b) for different availabilities of ferrous ions in themedium.The reference
ferrous ion concentration is 5 × 10−4mM.

upon the additional availability of amino acids, P. aerugi-
nosa form more biofilm mainly through the regulation of
arginine metabolism, pyruvate metabolism, and pyridoxine
metabolism and the production of ammonia, quorum sens-
ing component, and CO

2
. These observations were implied

by some existing literature data. For example, it was reported
that the availability of arginine [16] and production of
ammonia [18] and CO

2
[19] are positively correlated with P.

aeruginosa biofilm formation.

2.3. Influence of the Availability of Ferrous Ions, Sulfate, and
Phosphate in the Medium on P. aeruginosa Biofilm Formation.
In the following text, the proposed approach was further
applied to quantify P. aeruginosa biofilm formation upon dif-
ferent availability levels of inorganic ions that include ferrous
ions, sulfate, and phosphate. Experiment for four different
concentrations of each ion was performed to quantify the
biofilm formation and biomass growth of P. aeruginosa. In
order to compare the biomass growth rate and biofilm forma-
tion across different concentrations of each ion, the biomass
growth rate and biofilm formation for one concentrationwere
used as the reference values to normalize the biomass growth
rate and biofilm formation for the other three concentrations.
The reference concentration for each of the three ions is
shown in Table 2. Four concentrations, that is, 0.05-, 0.5-, 1-,
and 5-fold, of the reference concentration were investigated
experimentally for each ion so that both the starved and rich
ion conditions were covered. The details of the experimental
design are given in Section 4.

The calculated biomass growth rate and biofilm formation
for nonreference concentrations were normalized by the val-
ues for the reference concentration. Selecting concentrations
other than those shown in Table 2 as the reference concen-
tration will only change the format to present the results but

Table 2: Reference concentrations for each ion in experiment.

Ions Carrier formula Reference
concentration

Ferrous ion Fe(NH4)2(SO4)2 5 × 10−4mM
Sulfate MgSO4 0.05mM

Phosphate Na2HPO4 and KH2PO4
4.93mM Na2HPO4
and 2.2mM KH2PO4

will not change the results. In the calculation, the uptake rate
of each target ion was regulated so that the model-predicted
biomass growth rate matched the corresponding experimen-
tal data. The fluxes through the 39 biofilm-associated reac-
tions were quantified for each ion concentration to quantify
the biofilm formation (see Section 4 for the detailed formula).
The model predicted biofilm formation capability was then
compared to the experimentally measured biofilm formation
data.

The biomass growth rate and biofilm formation of P.
aeruginosa upon the change in the availability of ferrous ions
were quantified and compared with our own experimental
data (Figure 4). It can be seen from Figure 4(a) that the bio-
mass growth rate increases to its maximum value and then
deceases upon the increase of ferrous ions from the starved
concentration. On the other hand, the biofilm formation is
promoted for a low iron concentration and then repressed for
increasing iron concentrations until the iron concentration
is high enough. The experimental results shown in Figure 4
are implied by some existing studies that have been under-
taken to determine how iron affects biofilm formation by P.
aeruginosa. For example, researchers found that a minimum
amount of free iron was necessary in order for P. aeruginosa
to form structured biofilm in flow chambers [19, 20] and low
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Figure 5: Biomass growth rate (a) and biofilm formation capability (b) for different availabilities of sulfate in the medium. The reference
sulfate concentration is 0.05mM.

iron concentration promoted P. aeruginosa biofilm formation
in artificial cystic fibrosis sputum medium [21]. In addi-
tion, increasing iron concentrations to a certain high value
suppressed P. aeruginosa biofilm in both microtiter plates
and flow chambers [22, 23]. Furthermore, Yang et al. (2007)
found that pqs quorum-sensing related genes and the level
of extracellular DNA (eDNA) were upregulated in low iron
conditions promoting P. aeruginosa biofilm formation and
that increasing iron to high concentrations downregulates
pqs genes and eDNA formation, thereby decreasing biofilm
formation [23]. The experimental result is in agreement with
the part that biofilm level is elevated with low iron condition
and inhibited with increasing iron to certain concentrations.
Figure 4(b) shows that our modeling approach correctly
predicts the trend of the biofilm formation for a variety
of iron concentrations. In particular, the predicted biofilm
formation for medium and high iron concentration matches
experimental data well, especially for the iron concentration
equal to 5-fold of the reference concentration. The model
prediction also underestimated the biofilm formation for the
low iron concentration (i.e., 0.05-fold of the reference iron
concentration), whichmay be due to the lack of the regulation
in the model for microbial metabolism which is controlled
by quorum sensing signaling (e.g., the pqs quorum-sensing
mentioned above). Specifically, not all signaling proteins that
are regulated by quorum sensing are incorporated in the
metabolic network, as they are not the metabolic enzymes
that directly regulate bacterial growth.

The experimental and model-predicted results for the
biomass growth rate and biofilm formation upon the change
in the availability of sulfate concentrations in the medium
are given in Figure 5. In particular, Figure 5(a) shows that the
biomass growth rate decreases while the biofilm formation
increases upon the increase of the sulfate concentration in

the medium. While few existing experimental data were
found in the literature on the relationship between sulfate
and biofilm formation by P. aeruginosa, we here provided
new experimental data in this field. Our modeling approach
indicates the same trend in P. aeruginosa biofilm formation as
the one shown in the experimental data.Themodel-predicted
biofilm formation for the medium and high sulfate concen-
trations matched the measured value very well, while the
model overestimated the biofilm formation for the low sulfate
concentration.

The biomass growth rate and the biofilm formation pre-
dicted by our modeling approach for these four phosphate
concentrations were plotted with the corresponding exp-
erimental data in Figure 6. It can be seen that the bio-
mass growth rate increases to its peak value and then
decreases upon the increase in the availability of phosphate
(Figure 6(a)). On the other hand, the biofilm formation
displays the same trend as the biomass growth in the exper-
imental data, as little biofilm is formed for very low or high
phosphate concentrations (Figure 6(b)). Low phosphate con-
ditions were shown to trigger virulence in P. aeruginosa [24].
A study was conducted where Caenorhabditis elegans worms
were allowed to feed on nonvirulent P. aeruginosa grown in
either high or low phosphate medium. Worms that fed on
P. aeruginosa grown in low phosphate medium developed
large red spots on their intestine and 60% of them eventually
died (red death syndrome) whereas no nematodes that fed
on high phosphate grown P. aeruginosa died [24]. This result
suggests that there is more biofilm with low phosphate.
Further study has elucidated that phosphate depletion leads
to increase in biofilm formation as well as expression of PA-
I lectin (causes sepsis by disrupting the intestinal epithelial
barrier) and pyocyanin (responsible for neutrophil apoptosis)



BioMed Research International 7

0.4

0.5

0.6

0.7

0.8

0.9

1

1.1

1.2

1.3
N

or
m

al
iz

ed
 g

ro
w

th
 ra

te

Normalized phosphate concentration
0.05 0.5 1 5

Model prediction
Experimental data

(a)

0

0.2

0.4

0.6

0.8

1

1.2

1.4

1.6

1.8

N
or

m
al

iz
ed

 b
io

fil
m

 fo
rm

at
io

n

Normalized phosphate concentration
0.05 0.5 1 5

Model prediction
Experimental data

(b)

Figure 6: Biomass growth rate (a) and biofilm formation capability (b) for different availabilities of phosphate in the medium.The reference
phosphate concentration is represented by 4.93mMNa

2
HPO
4
and 2.2mMKH

2
PO
4
.

Table 3: Biofilm-associated reactions with large flux change upon the change of ferrous ions concentrations (adapted from [9]).

Reactions Biological subsystems
R 11: 4-maleylacetoacetate → 4-fumarylacetoacetate Acetate metabolism
R 12: N(omega)-(L-arginino)succinate↔ L-arginine + fumarate Arginine metabolism
R 13: ATP + oxaloacetate → ADP + CO2 + phosphoenolpyruvate Carbon dioxide production
R 14: mg2[e] → mg2[c] Magnesium transport
R 15: citrate[e] + H+[e]↔ citrate[c] + H+[c] TCA cycle
R 16: ATP + coenzyme A + succinate↔ ADP + phosphate + succinyl-CoA TCA cycle

in P. aeruginosa [25]. These findings, which were not desig-
ned for the starved phosphate conditions, corroborate our
experimental result where biofilm formation decreases with
increasing phosphate concentration (from 0.5 to 5). Our
data provided additional information for the biofilm for-
mation for phosphate starvation condition (0.05-fold of the
reference concentration).Themodel-based predicted biofilm
formation by P. aeruginosa presents a similar trend to the
one shown in the experimental data for low and medi-
um phosphate concentrations. In particular, our modeling
approach predicts the biofilm formation for the concen-
tration of 0.5-fold quite well, although it overestimates the
biofilm formation for both the low and high phosphate
concentrations (i.e., 0.05- and 5-fold, resp.).

In order to further investigate the mechanisms used by P.
aeruginosa to facilitate its biofilm formation under different
availability of phosphate, sulfate, and ferrous ions, the change
in the fluxes of the 39 biofilm-associated reactions was eval-
uated for each of the three ions. Compared to amino acids,
the change in the availability of ions does not lead to much
change in biofilm formation.This can be reflected in relatively
small change in the fluxes through those biofilm-associated
reactions. For each of the three ions, the metabolic reactions

whose fluxes are of more than 20% change in at least one of
the four ion concentrations are identified. The flux change of
each of these metabolic reactions is shown in Figure 7, while
the metabolic reactions are listed in Table 1 or Table 3. Since
the flux change is not that large, the flux of each of these
metabolic reactions for each iron concentration is normalized
by its value for the reference ion concentration for a better
illustration.

Upon the change in the availability of ferrous ion,
Figure 7(a) shows that three of the metabolic reactions with
large flux change (i.e., Rxn 1, Rxn 7, and Rxn 12) are involved
in the arginine metabolism, while the other two reactions are
related to acetatemetabolism (i.e., Rxn 11) and the production
of carbon dioxide (i.e., Rxn 13). Consistent with the biofilm
formation profile shown in Figure 4(b), the selected five
metabolic reactions have the largest flux change for the low
iron concentration. The fluxes decrease and then increase
when increasing iron to the medium, high, and very high
concentrations. The reactions with large flux change upon
the change in the sulfate availability (Figure 7(b)) are mainly
involved in magnesium transport (Rxn 14), ammonia pro-
duction (Rxn 3), tyrosine metabolism (Rxn 11), TCA cycle
(Rxn 15 and Rxn 16), and arginine metabolism (Rxn 1).
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Figure 7: The relative flux change for the biofilm-associated reactions with large flux change upon the change of ferrous ion concentrations
(a), sulfate concentrations (b), and phosphate concentrations (c).

The overestimated biofilm formation for the low sulfate con-
centrations (shown in Figure 5(b)) is mainly due to the large
increase in the fluxes through the exchange reactions formag-
nesium and citrate, which means that a low sulfate concen-
tration in the medium promotes the exchange of magnesium
and citrate which in turn facilitate the biofilm formation. As
shown in Figure 7(c), the predicted increased biofilm forma-
tion for very low and high phosphate concentrations, which

are the major discrepancies between the model prediction
and experimental data shown in Figure 6(b), was mainly due
to the large flux increase through the biofilm-associated reac-
tions that were involved in the glutamate production (Rxn
6), acetate metabolism (Rxn 11), and arginine metabolism
(Rxn 1 and Rxn 4).The enzymes that catalyze these metabolic
reactions may need additional regulation for the very low or
high phosphate concentration. Further investigation should
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be focused on the identification of phosphate-regulating sig-
nal transduction pathways that regulate thesemetabolic reac-
tions.

3. Discussion

Biofilms are often associatedwith human diseases, as they can
protect pathogens from antibiotics. In addition, it is difficult
to eliminate pathogens once they form a biofilm. This work
presents the first systemic approach to quantify the ability of
P. aeruginosa to form a biofilm upon varying the availability
of amino acids, iron, sulfate, and phosphate in the medium,
using both modeling and experimental approaches. Existing
experimental data for P. aeruginosa biofilm formation upon
the addition of amino acids confirmed the model predicted
results for the impact of amino acids on P. aeruginosa biofilm
formation. The modeling approach was then used to further
predict P. aeruginosa biofilm formation for the change of
ferrous ions, sulfate, and phosphate concentrations in a large
range. Experiment was performed to validate those model
predictions. Our experimental data by themselves are of value
to the biofilm research community as they quantify P. aeru-
ginosa biofilm formation for both very low and high con-
centrations of ions, which were seldom investigated in those
existing experimental data. Our modeling approach can
predict the trend of P. aeruginosa biofilm formation for all
four concentrations of ferrous ions and sulfate. Although our
approach overestimates the biofilm formation for the low
phosphate concentration, it still correctly captures the change
of biofilm formation for the low andmedium concentrations.
In addition to qualitatively predict the trend of the biofilm
formation, 75% of the model-predicted biofilm formation
value falls within or close to the error bar of the experimental
value. The major discrepancies between model prediction
and experimental data are found in the underestimation of
biofilm formation for the starved ferrous ion concentration
(i.e., 0.05-fold) and the overestimation for the starved and
rich phosphate concentrations (i.e., 0.05- and 5-fold). The
biofilm formation is a complicated process in which the bac-
teria regulate their metabolism upon the surrounding envi-
ronmental conditions by down- or upregulating the enzymes
that catalyze certain metabolic reactions.This work is mainly
based upon a metabolic model, which generally consists of
metabolic reactions constrained by expression levels of meta-
bolic genes or activation levels of enzymes. These genes or
enzymes are regulated by biochemical reactions used by P.
aeruginosa to sense the change in the environmental condi-
tion and then regulate intracellular enzymes. These bioche-
mical reactions, which are even not completely known, con-
struct signaling pathways, a different type of reaction net-
works from metabolic networks. In order to improve the
model prediction for extreme conditions that are characteri-
zed by starved and rich ion concentrations, further research
needs to conduct to identify all the signaling proteins invol-
ved in these signaling pathways, estimate all kinetic constants
in the signaling pathway, and then integrate these pathways
with the metabolic model for the ion starved and rich

conditions. Nevertheless, the developed modeling approach
provided very good prediction performance for all ions in
their low and medium concentrations.

The flux change through the 39 biofilm-associated reac-
tions was quantified for all concentrations in this work. Based
on this, the reactions with large flux change upon the change
of the availability of amino acids, iron, sulfate, and phosphate
were identified. It was found that reactions involved in argi-
nine metabolism have large flux changes upon the change of
the availability of the aforementioned nutrient components.
In addition to arginine metabolism, reactions for ammonia
production, the conversion of 4-maleylacetoacetate to 4-fum-
arylacetoacetate, and the magnesium transport reaction were
of large flux change upon the change of the availability of
several nutrient components studied in this work.These reac-
tions indicate how P. aeruginosa changes its metabolism for
the biofilm formation in response to the change in the nutri-
ent availability. Some of these reactions or metabolisms were
implied by existing experimental data for their important role
in regulating P. aeruginosa biofilm formation. For example,
enhanced availability of arginine is reported to promote P.
aeruginosa biofilm formation [16].

Pseudomonas aeruginosa was selected as a model species
for the biofilm formation in this work because it is one of the
most extensively studied gram-negative bacteria that cause
chronicwound infections.While the developed approachwas
applied to study Pseudomonas aeruginosa biofilm formation,
it can be generalized to other biofilm-associated pathogens.
Specially, for each target pathogen, gene expression data
obtained for the biofilm mode can be used to identify reac-
tions that are positively associatedwith the biofilm formation.
With the substitution of the biofilm-associated reactions and
the metabolic model of Pseudomonas aeruginosa with those
of the target pathogen, the developed approach can quantify
the biofilm formation of the target pathogen upon the change
in the availability of environmental nutrients.

Although the influence of a single nutrient component on
P. aeruginosa biofilm formation was investigated in this work,
the framework developed here can be used as a platform
to study the impact of the combination of multiple nutrient
components. Specifically, the uptake rates for multiple nutri-
ent components can be changed simultaneously to obtain the
flux change curve over all biofilm-associated reactions, which
can in turn be used to quantify biofilm formation capability
upon the change of the availability of multiple nutrient com-
ponents. Although this is an interesting topic to study and
of value for guiding experimental design, this work mainly
focused on changing the availability of a single nutrient com-
ponent in standard media, as this is what most of current
experimental research is focusing on.

4. Materials and Methods

4.1. Experimental Design to Quantify the Biofilm Formation of
P. aeruginosa upon Differential Availabilities of Ferrous Ions,
Sulfate, and Phosphate. All biofilm experiments were con-
ducted at 37∘CusingP. aeruginosaPA14. LBmediumwas used
for growing cells, and M9 medium supplemented with 0.4%
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[c]: GLC ↔ bDGLC
[c]: G6P ↔ bDG6P

[c]: G6P ↔ F6P

[c]: bDG6P ↔ F6P
[c]: G6P ↔ G1P
[c]: FDP → F6P + PI
[c]: FDP ↔ G3P + DHAP
[c]: DHAP ↔ G3P
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Figure 8: Schematic representation of the flux balance analysis approach on studying the microorganism metabolism. (a) A small fraction
of the metabolic reactions taken from the metabolic model, (b) the mathematical representation of the metabolic reaction networks where
S is the stoichiometric matrix, 𝜇biomass is the biomass growth rate, v is the flux vector, and 𝑙𝑏

𝑖
and 𝑢𝑏

𝑖
are the lower and upper bounds of flux

V
𝑖
, and (c) the optimal growth rate 𝜇biomass and metabolite production rates V

𝑖
, 𝑖 = 1, 2, and 3, determined from the solution space via the flux

balance analysis. Three fluxes are used here for the purpose of illustration.

glucose was used for performing the biofilm assays. The
concentrations of sulfate, ferrous ion, and phosphate in M9-
glu medium (named as reference concentrations in the follo-
wing text) are characterized by 1mMMgSO

4
, 0.01mMFe

(NH
4
)
2
(SO
4
)
2
, 49.3mMNa

2
HPO
4
, and 22mMKH

2
PO
4
,

respectively. Overnight cultures from two independent colo-
nies were diluted to an optical density at 600 nm of 0.05 in
M9-glu medium containing various amounts (i.e., 0.05, 0.5,
1 and 5 times the reference concentration) of sulfate, ferrous,
and phosphate concentration.The cell suspensions were then
transferred to 96-well polystyrene plates, and the plates were
incubated at 37∘C for 24 hwithout shaking. Biofilm formation
was measured by performing crystal violet assay as described
earlier (refer to Lee et al., 2009 [26], for the detail). Total
biofilm biomass (absorbance at OD

540
) was normalized by

total cell mass (absorbance at OD
600

) to obtain values for nor-
malized biofilm formation and each data point was averaged
from 10 replicate wells (five wells per independent culture).

4.2.The Flux Balance Analysis (FBA). Flux balance analysis is
one of the most commonly used approaches to quantify mic-
robial growth for specific nutrient conditions. The metabolic
network developed by Oberhardt et al., 2010 [15], is used in
this work. It consists of 1056 genes, 883 reactions, and 760
metabolites. Figure 8(a) lists a portion of metabolic reactions
from the model, which is mathematically represented by
the stoichiometric matrix S in Figure 8(b). The nutrient
condition is specified by the lower and upper bounds (i.e., 𝑙𝑏

𝑖

and 𝑢𝑏
𝑖
in Figure 8(b)) of the exchange reactions for nutrient

components. Large upper bounds are assigned for those
nutrient components that are abundant in the surrounding
environment. It is assumed in the flux balance analysis that
bacteria try to grow as fast as possible from the available
nutrients. Therefore, the biomass growth rate 𝜇biomass is max-
imized upon the constraints imposed by the mass balance
and the lower/upper bounds of fluxes. This turns to a
linear optimization problem where the maximal 𝜇biomass
is determined from the feasible solution space (Figure 8(c)).

The COBRA toolbox developed by Dr. Palsson’s group at
UCSD is used in this work to perform the flux balance
analysis [17].

4.3.TheApproach to Quantify the Ability of Planktonic P. aeru-
ginosa to Form Biofilms for the Nutrient Conditions with Dif-
ferent Availabilities of Amino Acids and Ions (i.e., Phosphate,
Sulfate, and Ferrous). The similarity in the shape and magni-
tude of the flux change curve (Figure 1(c)) were used by our
previous approach [9] to cluster single mutants into different
groups to identify the gene targets for eliminating plankto-
nic P. aeruginosa before it forms a biofilm. However, no
approach has been proposed to directly quantify biofilm for-
mation capability of planktonic P. aeruginosa from the flux
change curve, in which the flux changes of different biofilm-
associated reactions are quite different. To address this, we
will define a new criterion from the flux change curve to
quantify the ability of P. aeruginosa to form a biofilm. In addi-
tion, we will formulate an approach to solve a problem that
has not been systemically investigated, that is, how to quantify
the influence of the availability of environmental nutrients
(including amino acids and ions such as phosphate, sulfate,
and ferrous ions) on P. aeruginosa biofilm formation. Our
approach consists of the following steps.

(i) Define the reference and changed nutrient conditions
for changing the availability of amino acids, phos-
phate, and sulfate and in the medium.
In the amino acid study, only one amino acid is added
at a time to the medium to mimic a changed nutrient
condition with different amino acid availability. The
maximal uptake rate in FBA for each amino acid is
determined from the literature (i.e., Oberhardt et al.,
2008 [7]). Four different concentrations are studied
for each of the three ions.Themaximal uptake rate for
each ion is determined by fitting the biomass growth
rate to the experimental data, while the biofilm for-
mation is then predicted from the model. In order to
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Figure 9: The distributions of fluxes via the 𝑛th biofilm reaction
for both the reference and changed nutrient conditions. Both the
probability density function and the mean value are determined for
each distribution.

study the influence of phosphate, sulfate, and ferrous
ions on biofilm formation, a large range of availabi-
lity concentrations are investigated for each ion in
order to capture the complete picture on how the star-
ved and rich availabilities of these ions affect biofilm
formation and the biomass growth rate of P. aerugi-
nosa.

(ii) Sample the fluxes of each biofilm-associated reaction
for both the reference and changed nutrient condi-
tions using the ACHR sampling approach from the
COBRA toolbox [17].

As shown in Figure 9, the mean value and the prob-
ability density function of the sampled fluxes are
calculated for the reference nutrient condition (i.e.,
𝜇
reference
V𝑛 and 𝑓referenceV𝑛 ) and for the changed nutrient

condition (i.e., 𝜇changedV𝑛 and 𝑓changedV𝑛 ).

The change in the flux distribution of each biofilm-
associated reaction upon the change of the nutrient
condition, that is, Flux Varnutrient𝑚V𝑛 , is quantified by

Flux Varnutrient𝑚V𝑛 =

𝜇
changed
V𝑛

𝜇referenceV𝑛

× KS (𝑓changedV𝑛 , 𝑓
reference
V𝑛 ) , (1)

where KS(⋅) is a two-sample Kolmogorov-Smirnov
test in which the test result is equal to one/zero if the
distribution 𝑓changedV𝑛 is statistically/not different from
𝑓
reference
V𝑛 .

(iii) Use (2) to quantify biofilm formation in the defined
nutrient condition:

𝐶
nutrient𝑚
biofilm

=
√
∑
𝑛

𝑖=1
(Flux Varnutrient𝑚V𝑖 )

2

× sign (Flux Varnutrient𝑚V𝑖 )

𝑛
,

(2)

where the sign(⋅) function is equal to one if the flux
through the biofilm-associated reaction V

𝑖
does not

change its direction upon the change of the availabil-
ity of nutrient component𝑚; that is, Flux Varnutrient𝑚V𝑖
is positive. The rationale behind this is that reaction
V
𝑖
is positively associated with biofilm formation and

a changed flux direction means the trend to form
biofilms reverses. 𝐶nutrient𝑚biofilm indicates biofilm forma-
tion capability of P. aeruginosa upon the change of
the availability of nutrient component 𝑚. A value of
𝐶
nutrient𝑚
biofilm that is significantly larger than one means

that P. aeruginosa increase its biofilm formation once
the availability of nutrient component 𝑚 is changed
from the reference to the changed condition.
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Gas chromatography-mass spectrometry (GS-MS) in combination with multivariate statistical analysis was applied to explore
the metabolic variability in urine of chronically hydrogen sulfide- (H

2
S-) poisoned rats relative to control ones. The changes in

endogenous metabolites were studied by partial least squares-discriminate analysis (PLS-DA) and independent-samples t-test.The
metabolic patterns of H

2
S-poisoned group are separated from the control, suggesting that the metabolic profiles of H

2
S-poisoned

ratsweremarkedly different from the controls.Moreover, compared to the control group, the level of alanine, d-ribose, tetradecanoic
acid, L-aspartic acid, pentanedioic acid, cholesterol, acetate, and oleic acid in rat urine of the poisoning group decreased, while the
level of glycine, d-mannose, arabinofuranose, and propanoic acid increased.Thesemetabolites are related to amino acidmetabolism
as well as energy and lipid metabolism in vivo. Studying metabolomics using GC-MS allows for a comprehensive overview of
the metabolism of the living body. This technique can be employed to decipher the mechanism of chronic H

2
S poisoning, thus

promoting the use of metabolomics in clinical toxicology.

1. Introduction

Hydrogen sulfide (H
2
S), a lethal gas best known for colorless-

ness, irritant, asphyxiant, and smelling like rotten eggs [1–4].
It generally occurs as an environmental contaminant in unre-
fined natural gas and petroleum, sulfur deposits, volcanic
gases, well water, sulfur springs, or many other industrial
manufacturers [2].The toxicological versus biological profiles
of H
2
S as well as the chemical properties of H

2
S have

been well characterized [5, 6]. Hundreds of years of human
knowledge on H

2
S are nothing compared with H

2
S-caused

lethal and sublethal effects. Growing evidence has shown that
H
2
S is a gaseousmessenger produced inmammalian cells and

turns out to play key roles in the body [4, 5, 7].
H
2
S causes systemic toxic lesions. Exposure to H

2
S can

occur by inhaling the substance, by eating or drinking it, or
by skin contact. Ingestion of H

2
S has been reported to cause

bronchiolitis, pulmonary edema, reactive airway disease,
pulmonary interstitial fibrosis, and death [8].The toxic effects
are due to inhibiting the mitochondrial respiratory by the
hydrogen sulfide ion HS− operating on cytochrome oxidase,
selectively on cytochrome-C oxidase [9, 10]. The degree of
poisoning depends on the length of exposure and concentra-
tion of H

2
S [11]. A higher concentration of H

2
S inhibits the

central nervous system, while a lower concentration of H
2
S is

amucosal irritant. Long-term contact with small quantities of
H
2
S also shows teratogenic effects and is one of the important

predisposing factors in occupational tumors.
Fatal poisonings are classically described in an occupa-

tional environment, especially in sewer workers and employ-
ees in the industries mentioned earlier [10]. Poisonings
were very recently reported in an agricultural environment,
during the fermentation of cereals, liquid manure, or slurry
[12]. Furthermore, suicides and accidental poisonings in
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a domestic setting are still exceptional [10, 13]. Therefore,
for the diagnosis of H

2
S poisoning, multivariate statistical

analysis of the major metabolite of H
2
S, in biological fluids,

such as blood and urine, is necessary.
Metabolomics is defined as “the quantitative measure-

ment of the dynamic multiparametric metabolic response of
living systems to pathophysiological stimuli or genetic mod-
ification” [14, 15]. It can harmlessly and dynamically detect
changes in metabolites in biological fluids, evaluate the toxic
effect of the substances being tested, provide information
related to drug toxicity, and evaluate the clinical effects of
drugs on gene expression by integrating its temporal and
spatial effects [16, 17]. GC-MS based metabolomics combines
gas chromatography-mass (GC-MS) spectroscopic profiling
of biological sampleswithmultivariate statistical analysis [18–
20], as such GC-MS based metabolomics is well established
as a powerful technique for rapidly identifying changes in the
global metabolite profiles of biological samples since GC-MS
had a more complete database of mass spectra [21, 22].

In previous study, it should pay close attention to drug
interactions when take drugs metabolized through CYP1A2
andCYP2B6 enzyme after hronic hydrogen sulfide poisoning
[23]. Another critical issue that makes the biological role
of H
2
S controversial is the lack of general consensus about

subtle metabolic perturbation of H
2
S poisonings in urine

and plasma. Metabolic data derived from urine samples can
provide a systemic approach to investigating the detailed
metabolic mechanisms of H

2
S poisoning. We performed

urinary GC-MS based metabolomics analysis obtained from
H
2
S-poisoned rats, as well as their age-matched controls.

The purpose of this analysis was to extend the scope of our
previous studies and further understand the pathogenesis
of H
2
S poisoning on systemic and metabolic levels. The

results of our study can facilitate the understanding of
the complicated, potential molecular mechanisms of H

2
S

poisoning and its complications.

2. Experiment

2.1. Instruments and Reagents. 6890N/5975C gas chroma-
tography-mass spectrometer (America Agilent), Agilent
7683 automatic sampler, Agilent HP-5MS capillary col-
umn (30m ∗ 0.25mm ID ∗ 0.25𝜇m), Agilent chromato-
graphic work station, and NIST 2008 mass spectrometry
database were applied as instruments and data foundation in
the experiment. Methoxylamine hydrochloride (analytically
pure, Sigma), N-methyl-N-methyl-trimethyl-silyl-trifluoro-
acetamide-trimethylchlorosilane (MSTFA-TMCS) (analyti-
cally pure, Sigma), pyridine (analytically pure, Fluka), ace-
tonitrile (chromatographically pure, Sigma), n-heptane (ana-
lytically pure, Aladdin Reagent Co., Ltd., Shanghai), and
helium (He) (high-grade pure, Shanghai BOC Gas Industry
Co. Ltd.) were adopted as experimental reagents.

2.2. Animal Model of H
2
S Poisoning. Forty-nine male

Sprague-Dawley rats with body weight of 250 ± 10 g were
purchased from Shanghai Silaike Experimental Animal Co.,
Ltd., with an animal permit number of SCXK (Shanghai)

2012-0005.The rats were fed food andwater ad lib and housed
at 22∘C. All operational procedures and protocols of the
animal experiment were implemented strictly following the
Experimental Animals Use and ProtectionGuidelines issued by
theAnimal Protection andUseCommittee ofWenzhouMed-
ical University. The rats were placed in a toxicant exposure
cabinet equipped with an internal H

2
S detector. Some rats

(𝑛 = 35) were randomly selected and exposed to 20 ppmH
2
S

gas over a period of 40 days (twice a day in the morning and
evening, 1 h per exposure) to prepare chronic H

2
S poisoning

model. And others (𝑛 = 14) were exposed to the same volume
of air with 0 ppm H

2
S gas as the control.

Each urine sample was collected for 24 h after 12 h
fasting at the time points of 40 days after H

2
S gas exposing,

respectively. The urine samples were collected over ice into
0.1mL of 1% sodium azide solution and then centrifuged for
10min at 4∘C. The supernatant was stored at −80∘C until
measurement.

2.3. Sample Pretreatment and GC-MS Analysis. After thaw-
ing, 100 𝜇L of urine was added to 250 𝜇L of acetonitrile and
was placed on an ice bath for 10min after mixing thoroughly.
The solution was centrifuged at 10,000 rpm for 10min. The
solution (250 𝜇L) was drawn from the top, placed in the
reaction bottle, and dried using N2. Fifty 𝜇L of 15mg/mL
pyridine methoxyl amine solution was added to the reaction
bottle and thoroughly mixed. The solution was oximated at
70∘C for 1 h and 50 𝜇L derivatization reagent (MSTFA : TMCS
= 100 : 1, V/V) was added. The combined solution was left to
incubate for 1.0 h following mixture. After incubation, 100 𝜇L
n-heptane was added, sufficiently mixed, and centrifuged to
separation (3,000 r/min for 10min). The liquid supernatant
was drawn and placed in the sample injection tube for GC-
MS analysis.

GC-MS analysis conditions: sample injection is under
a temperature of 270∘C, without split sampling; the sample
volume is 1𝜇L and the solvent delay continues for 5min; as for
the temperature programming, its initial temperature is 85∘C,
retained for 5min; then the temperature rises from 85∘C to
300∘C at a speed of 10∘C/min, retained for 5min; the interface
temperature is set at 280∘C and ion source temperature is
230∘C; the ionization voltage stays at −70 eV; the quadrupole
temperature is 150∘C; helium (He) serves as the carrier gas,
with a flow rate of 1.0mL/min; the full scan is conducted at
50 to 600m/z.

2.4. Data Processing. The Agilent chromatography work sta-
tion was used to integrate the peak areas corresponding to
various metabolites in the total ion chromatography using
GC-MS, and the data was exported to Microsoft Excel, with
the peaks normalized to the total sum of spectrum prior to
multivariate analyses. The concentrations of the metabolites
were expressed as relative peak areas. After removal of
overloadedmetabolite peaks in GC-MS analysis, themetabo-
lite data derived from the control and chronic poisoning
groupswere imported into SIMCA-P 12.0 software (Umetrics,
Umea, Sweden) for partial least squares-discriminate analysis
(PLS-DA) processing. Independent-samples 𝑡-test was used
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Figure 1: GC-MS spectra of urinary samples obtained from one
control rat (a) and one model rat (b), respectively.

(SPSS16.0 software, IBM) to analyze difference between
metabolite groups, and a 𝑃 value of <0.05 was considered
statistically significant. The endogenous metabolites in the
urine were identified using theNIST 2008mass spectrometry
database.

3. Results and Discussion

3.1. GC-MS Metabolite Spectrum Analysis. The GC-MS total
ion chromatography (TIC) of rat urine is shown in Figure 1.
By derivatizing semivolatile and nonvolatile metabolites,
the levels of various metabolites in biological fluids were
determined by GC-MS. More than 100 metabolites were
detected in the urine, 17 of which are listed in Table 1
(with a degree of matching above 80%). The experiment
results show that GC-MS analysis has high stability and
reproducibility and the RSD (relative standard deviation)
of each common peak was less than 15% (𝑛 = 6). The
urea in the urine was overloaded on account of its high
concentration and thus interfered with compounds with a
retention time of less than 12min.Therefore, only compounds
with a retention time longer than 12min were investigated.
GC-MS analysis suggested that the metabolite spectrum in
the urine mainly included contributions from amino acids,
organic acids, carbohydrates, and lipids. The concentrations
of these substances inside body are related to the metabolism
of amino acid, energy, and lipids inside the organism.

Table 1: Summary of the changes in relative levels of metabolites
in rat urine indicated by the PLS-DA loading plots and statistical
analysis.

ID Retention time Metabolites compound Mod versus Con
1 14.08 Alanine ↓

∗∗

2 15.70 d-Ribose ↓
∗∗

3 17.87 Tetradecanoic acid ↓
∗∗

4 18.31 Glycine ↑
∗∗

5 18.65 d-Mannose ↑
∗

6 18.87 L-Aspartic acid ↓
∗∗

7 18.09 Pentanedioic acid ↓
∗∗

8 20.54 Cholesterol ↓
∗∗

9 22.42 Acetate ↓
∗∗

10 22.62 Arabinofuranose ↑
∗∗

11 26.00 Oleic acid ↓
∗∗

12 26.08 Propanoic acid ↑
∗∗

Marks indicate the direction of the change, i.e., ↓ for decrease, ↑ for increase;
∗

𝑃 < 0.05 and ∗∗𝑃 < 0.01, as indicated by the statistical analysis 𝑡-test.

3.2. Difference in Metabolite Spectra between Control and
H
2
S-Poisoned Rats. Representative GC-MS spectra of urine

samples obtained from rats in the control and H
2
S-poisoned

group are shown in Figure 1, respectively. Using the NIST
2008 mass spectrum database, 17 endogenous metabolite
peaks were identified and compared to the control group; the
level of alanine, d-ribose, tetradecanoic acid, L-aspartic acid,
pentanedioic acid, cholesterol, acetate, and oleic acid in the
urine of H

2
S-poisoned rats reduced (𝑃 < 0.05), while the

level of glycine, d-mannose, arabinofuranose, and propanoic
acid increased (𝑃 < 0.05). PLS-DA method (SIMCA-P 12.0
software) was used to further study the metabolite spectra
differences between control rats and H

2
S-poisoned rats. As

shown in Figure 2, the sample points of the control group
and theH

2
S poisoningmodel group are completely separated,

suggesting that the overall metabolism of the H
2
S-poisoned

rats changed significantly. The outliers, respectively, in the
control group and the H

2
S poisoning group were probably

caused by individual difference.

3.3. Metabolomics Study. Metabolomics is quickly becom-
ing one of the indispensable methods for the study of
systems biology, following genomics, transcriptomics, and
proteomics. Metabolomics studies the downstream products
of genes and proteins and reflects the end product of
biological regulatory mechanisms. Thus, data obtained from
metabolomics relatesmore closely to the final phenotype than
data from genomics and proteomics. Subtle changes at the
genetic andprotein levels can bemagnified in themetabolites,
thereby facilitating detection of the final regulatory outcome.
As a result, metabolomics are becoming more widely applied
to study the pathogenesis, diagnosis, and prognosis of dis-
eases.

In this study, the results showed that the first principal
components of the rats in the chronical H

2
S poisoning

group were distinguished from the rats in the control
group (Figure 2).The corresponding load diagram (Figure 3)
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Figure 3: PLS-DA loading plot revealing the metabolites with large
intensities responsible for the discrimination of the corresponding
score plots (Figure 2).

showed marked changes in the levels of key endogenous
metabolites that separated H

2
S poisoning group from con-

trol group were alanine, d-ribose, tetradecanoic acid, L-
aspartic acid, pentanedioic acid, cholesterol, acetate, oleic
acid, glycine, d-mannose, arabinofuranose, and propanoic
acid, This result can provide in detail the mechanism of
chronical H

2
S poisoning and help in the early diagnosis and

prevention of H
2
S poisoning and its complications.

3.4. Changes in Metabolite. The variations of metabolites
allowed us to receive some important metabolic information
about the mechanisms involved in H

2
S poisoning. Actually,

in our work, systemic abnormalities happening in H
2
S-

poisoned rats can lead to pathological changes of several
metabolites in plasma and, consequently, to the urinary
overflow [24].

Alanine is a nonessential amino acid made in the
body from the conversion of the carbohydrate pyruvate or
the breakdown of DNA and the dipeptides carnosine and
anserine. It is highly concentrated in muscle and is one
of the most important amino acids released by muscle,
functioning as a major energy source [25, 26]. D-ribose is

commonly referred to simply as ribose, a five-carbon sugar
found in all living cells. Ribose is a structural component
of ATP, which is the primary energy source for exercising
muscle [27]. Aspartic acid is one of the 20 natural pro-
teinogenic amino acids which are the building blocks of
proteins, and it played important roles in the urea cycle
and DNA metabolism [28]. Cholesterol is essential for all
animals’ life; it is required to build and maintain membranes.
Moreover, it modulates membrane fluidity over the range
of physiological temperatures [29]. In this work, decreased
level of cholesterol may be due to systemic perturbations
in metabolic processes of autoxidation, secondary oxidation
to lipid peroxidation, and cholesterol-metabolizing enzyme
oxidation; cause of cholesterol is susceptible to oxidation and
easily forms oxygenated derivatives known as oxysterols [30].
The altered metabolite levels indicated significant metabolic
changes in the energy metabolism, nucleic metabolism, lipid
metabolism, and amino acid metabolism in H

2
S-poisoned

rats and caused disorder.
The metabolic pathways of carbohydrate include anaero-

bic glycolysis of glucose, aerobic oxidation of phosphopen-
tose, glycogen synthesis and breakdown, gluconeogenesis,
and other hexose metabolisms [31]. The increased level of
urine carbohydrates (d-mannose, arabinofuranose) indicated
that chronicH

2
S poisoning induced the existence of carbohy-

drate metabolic disorders. Amino acids mainly play a role in
the synthesis of proteins and polypeptides, which are mostly
reabsorbed by the proximal renal tubule with little discharge
in the urine.The increase of the concentration of glycine also
suggested that the chronic H

2
S poisoning affects amino acid

metabolism [32].
We have shown in this study the confounding influence

of H
2
S poisoning in the urinary metabolite profiles in the

H
2
S-poisoned and control rats. To our knowledge, this is the

first report where metabolomics was applied in the detection
of chronic H

2
S poisoning. However, it should be noted that

the exact mechanisms leading to the observed metabolic
changes should be further studied. In addition, a limitation
of this study is that the rates of metabolism or cycling of a
specific site in metabolic pathways that may be disrupted in
the H

2
S poisoning progress were not provided, for the GC-

MSmeasures used only suggest a static picture of metabolites
measured.

4. Conclusion

In the present work we used GC-MS based metabonomic
analysis to identify metabolic changes in urine extracts from
H
2
S-poisoned and control rats. These biomarkers (alanine,

d-ribose, L-aspartic acid, cholesterol, glycine, d-mannose,
and arabinofuranose)were the additional evidence indicating
that chronical H

2
S poisoning induced systemic perturbations

of metabolic system in rats.
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Endoscopic tattoo with India ink injection for surveillance of premalignant gastric lesions is technically cumbersome and may
not be durable. The aim of the study is to evaluate the accuracy of a novel, computer-simulated biopsy marking system (CSBMS)
developed for the endoscopic marking of gastric lesions. Twenty-five patients with history of gastric intestinal metaplasia received
both CSBMS-guided marking and India ink injection in five points in the stomach at index endoscopy. A second endoscopy was
performed at three months. Primary outcome was accuracy of CSBMS (distance between CSBMS probe-guided site and tattoo site
measured by CSBMS). The mean accuracy of CSBMS at angularis was 5.3 ± 2.2mm, antral lesser curvature 5.7 ± 1.4mm, antral
greater curvature 6.1 ± 1.1mm, antral anterior wall 6.9 ± 1.6mm, and antral posterior wall 6.9 ± 1.6mm. CSBMS (2.3 ± 0.9 versus
12.5±4.6 seconds; 𝑃 = 0.02) required less procedure time compared to endoscopic tattooing. No adverse events were encountered.
CSBMS accurately identified previously marked gastric sites by endoscopic tattooing within 1 cm on follow-up endoscopy.

1. Introduction

Gastric cancer is the second most common cause of cancer-
related death worldwide [1, 2], and endoscopic surveil-
lance of premalignant lesions may improve outcome [3, 4].
When polypoid or flat mucosal lesions are encountered
during upper endoscopy, India ink is commonly injected
near the lesion to facilitate endoscopic surveillance. How-
ever, injection of India ink is procedurally cumbersome
with a risk of technical failure [5]. Furthermore, endo-
scopic tattoo may fade over time and limit long-term
follow-up.

We have previously introduced image-guided biopsy
marking system (IGBMS) that utilizes a computer-generated,
electromagnetic tracking device to identify previously
marked sites during upper endoscopy [6]. Since our initial
work, we have changed the calculation method to improve

the accuracy. We performed a pilot study to evaluate the
effectiveness of computer-simulated biopsy marking system
(CSBMS) developed for surveillance of premalignant gastric
lesions.

2. Method

The study protocol conforms to the ethical guidelines of
the 1975 Declaration of Helsinki (6th revision, 2008) and
was approved by the ethics committee of Sir Run Run
Shaw Hospital prior to initiating this study. Twenty-five
patients with history of gastric intestinal metaplasia [7],
who were scheduled for surveillance endoscopy according to
society guidelines [8, 9], were prospectively enrolled between
October 2012 and April 2014 at Sir Run Run Shaw Hospital.
Informed consent was obtained from each patient prior to
enrollment.
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Figure 1: (a) Schematic diagram of the CSMBS components: A electronics unit device, B probe and endoscope together in the stomach, C
transmitter, D imaging workstation, E gastroscope system. (b) Probe. (c) Transmitter. Figures 1(a) and 1(b) [6] were included for reader’s
convenience.

2.1. CSBMS Components. The components of the CSBMS
include electronic unit device, sensor probe, magnetic trans-
mitter, and CSBMS workstation (Figure 1(a)). Electronic unit
device, sensor probe, and magnetic transmitter (Ascension
Technology Corp, Burlington, Vermont, USA) are integrated
as an electromagnetic tracking system that provides real-
time information on the position of the endoscope tip during
the procedure. The probe (Figure 1(b)) is 1.3mm in diameter
and 6.5mm in length. The cable is 0.6mm in diameter and
1.8m in length. The probe is held adjacent to the tip of
the endoscope and can provide the probe position using
magnetic coordinates. The magnetic transmitter’s effective
position region is 50 cm × 50 cm × 50 cm. The magnetic
transmitter is placed near the patient’s abdomen to ensure
that the probe is within the magnetic region during the
procedure (Figure 1(c)).

2.2. Methods and Outcomes. A conventional upper endo-
scope (GIF-QX240 EGD,OlympusCorp., Japan)was used for
all procedures. Although all patients were recommended to
receive moderate sedation (fentanyl and midazolam), three
patients refused to receive any sedation for the index and
follow-up procedures. Prior to the insertion of the endoscope,
the CSBMS probe was held adjacent to the scope at the
12 o’clock position. Both CSBMS and endoscopy images
were continuously recorded. With the hand-eye calibration
method [10], the probe recorded the position of the scope

using magnetic field coordinates. After the stomach was
intubated, five reference points were touched with the tip
of the endoscope (cardia, junction of the anterior body
wall and angularis, junction of the posterior body wall and
angularis, middle of the angularis, and pylorus). Afterwards,
five arbitrary points were selected in the antrum (lesser
curvature of the antrum, greater curvature of the antrum,
angularis, anterior wall, and posterior wall of the antrum).
According to our previous tattooing technique [11], India ink
was injected and a biopsy was performed directly over the site
[12]. Finally, the center of the biopsy site was touched with
the tip of the endoscope and was designated as the CSBMS
marking point. The procedure times for tattoo injection
and CSBMS were recorded. Afterwards, three-dimensional
virtual model of the stomach including five biopsy points was
constructed.

At three months, a follow-up endoscopy was performed
with CSBMS. The five reference points were touched by the
endoscope. Based on the reference point positions between
the first and second procedures, CSBMS marking points
from the index procedure were transferred to the second
gastric model (Figure 2(a)). Subsequently, CSBMS directed
the endoscope to the previously designated CSBMS marking
points (Figure 3(a)). Primary outcome of the study was the
accuracy of CSBMS (distance between CSBMS probe-guided
site and tattoo sitemeasured by CSBMS). Secondary outcome
was procedure time.
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Figure 2: The endoscope is navigated by the CSMBS. (a) Live endoscopy image. (b) Reconstructed gastric model. The blue markers are the
simulated CTBMS marked sites. (c) CSBMS directs the endoscope to the nearest marked site.

2.3. Definitions and Statistics. The accuracy was defined by
the distance between the CSBMS marking point and the
center of the tattoo, measured by CSBMS (Figure 3(b)).
Prior to the measurement, the distance in the stomach was
calibrated using the size on an open biopsy forceps of 6mm.
CSBMS marking time was defined by the time required to
identify and touch every tattoo point by the probe recorded
by the CSBMS. India ink marking time was defined by the
time required to inject India ink to create a submucosa tattoo.
Accuracy was summarized by means and standard deviation.
Student’s t-test was used to compare CSBMS and India ink
marking time.

3. Experimental Results

All 25 patients had moderate to severe intestinal metaplasia
in one or more gastric sites during the index endoscopy
(Table 1). During follow-up endoscopy, one of five tattoo
points was not visible in two (8%) patients due to fading.The
mean accuracy at angularis was 5.3 ± 2.2mm, antral lesser
curvature 5.7±1.4mm, antral greater curvature 6.1±1.1mm,
anterior body 6.9 ± 1.6mm, and posterior body 6.9 ± 1.6mm
(Table 2). The mean accuracy of all the measured sites was
6.3 ± 2.1mm. Mean procedure time required for CSBMS
(2.3 ± 0.9 versus 12.5 ± 4.6 seconds; 𝑃 = 0.02) was less than
the time required for Indian ink injection. All the patients
received index and follow-up endoscopies with CSBMS with
ease and without adverse events or technical failure. One
CSBMS probe was used for all 50 procedures.

4. Discussion and Conclusion

In our pilot study, a novel CSBMS accurately identified pre-
viously marked gastric sites by endoscopic tattooing within
1 cm during follow-up endoscopy. No technical failure or

Table 1: Clinical characteristic.

𝑁 = 25

Median age, yr. (range) 57 (40–77)
Male 18 (72%)
Smoking 17 (68%)
Alcohol use 8 (32%)
Grading of intestinal metaplasia

Mild IM 0
Moderate IM 4
Severe IM 21

SD: standard deviation.
IM: intestinal metaplasia.

adverse events associated with CSBMS were observed during
index and follow-up endoscopy.

India ink is commonly used in the colon and esophagus
for preoperative localization and surveillance of neoplastic
lesions [13–15]. Inaccurate interpretation or inability to local-
ize India ink marking at the time of surgery may occur in
up to 15% of cases [14]. Long-term data on the durability of
India ink beyond four years is lacking and has potential risk
of fading [15]. Other noninvasive marking approaches have
been developed but application in clinical settings has been
limited [16–20]. Variation of anatomy and peristalsis among
patients have also precluded the widespread use of non-
India ink marking techniques in the stomach. Finally, sub-
mucosal tattoo injection may potentially interrupt the tissue
planes and impact the feasibility of future mucosal resection.
Therefore, we have developed a noninvasive, durablemarking
device that can be utilized during endoscopy for surveillance
of gastric lesions.

In our initial work, IGBMS that utilizes a static gastric
model identified previous tattoo site by 11mm and 13mm.
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Figure 3: The previously marked points are reached by the CSBMS at follow-up endoscopy. (a) Live endoscopy image showing the scope
touching the mucosa previously marked with India ink. (b) Reconstructed gastric model. The distance between the endoscope tip and the
blue marker decreases as the CSBMS probe approaches the previously marked site (blue marker). (c) Measurement of CSBMS accuracy using
CSBMS.

Table 2: Accuracy and marking time.

Biopsy location Biopsy accuracies, (mean’s) mm Marking time (mean’s) s (injection/CSBMS)
Angularis 5.3 ± 2.2 12 ± 4.1/3 ± 1.8
Antral lesser curvature 5.7 ± 1.4 12 ± 4.4/2 ± 0.7
Antral greater curvature 6.1 ± 1.1 11 ± 3.6/2 ± 0.7
Anterior wall 6.9 ± 1.6 12 ± 5.5/2 ± 0.7
Posterior wall 6.9 ± 1.6 13 ± 5.2/2 ± 0.7

Compared to the IGBMS, CSBMS uses a dynamic three-
dimensional gastric model and also the number of reference
points was increased from three to five. Furthermore, as
part of the protocol, the stomach was maximally insufflated
with air to reduce the variation in the size of the stomach
between the index and follow-up endoscopies. In our study,
the mean accuracy of the measured sites was improved to a
mean distance of 6.3mm. The accuracy of CSBMS observed
in our study is likely acceptable for clinical practice given
that the precision in traditional method is almost 6mm
(typical open biopsy forceps used in traditional examination
span 6mm). Given our preliminary results, CSBMS may
provide an alternative method for marking premalignant
gastric lesions to India ink injection. Furthermore, CSBMS
may also serve a role for mucosal marking of colonic and
esophageal lesions (i.e., colon polyps or dysplastic Barrett’s
esophagus).The entireCSBMS costs 8,000USdollars, and the
probe can be reused for multiple procedures. Finally, CSBMS
was well tolerated by the patients without any adverse events
and CSBMSwas easily manipulated for a normal endoscopist
even without extra training.

In summary, CSBMS accurately identified previously
marked gastric sites by endoscopic tattooing within 1 cm

during follow-up endoscopy. Future studies evaluating phys-
iologic clinical endpoints in a large number of patients
performed by multiple endoscopists are needed to validate
the accuracy and effectiveness of CSBMS.
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Protein S-nitrosylation plays a very important role in a wide variety of cellular biological activities. Hitherto, accurate prediction of
S-nitrosylation sites is still of great challenge. In this paper, we presented a framework to computationally predict S-nitrosylation
sites based on kernel sparse representation classification and minimum Redundancy Maximum Relevance algorithm. As much
as 666 features derived from five categories of amino acid properties and one protein structure feature are used for numerical
representation of proteins. A total of 529 protein sequences collected from the open-access databases and published literatures are
used to train and test our predictor. Computational results show that our predictor achieves Matthews’ correlation coefficients of
0.1634 and 0.2919 for the training set and the testing set, respectively, which are better than those of k-nearest neighbor algorithm,
random forest algorithm, and sparse representation classification algorithm.The experimental results also indicate that 134 optimal
features can better represent the peptides of protein S-nitrosylation than the original 666 redundant features. Furthermore, we
constructed an independent testing set of 113 protein sequences to evaluate the robustness of our predictor. Experimental result
showed that our predictor also yielded good performance on the independent testing set with Matthews’ correlation coefficients of
0.2239.

1. Introduction

Nitric oxide (NO) has been reported to be an important
signaling molecule which involves physiological and patho-
physiological regulations of some cellular processes, such
as cardiovascular, respiratory, gastrointestinal, reproductive,
and host defense [1–4]. Protein S-nitrosylation which is
covalently modified by NO has recently been discovered to

play important roles in regulating diverse pathways [5–7] and
other biological activities [8], such as chromatin remodeling
[9], transcriptional regulation [10], cellular trafficking [11],
and apoptosis [12]. Also, it has been reported that aberrant
S-nitrosylation might contribute to some diseases such as
neurodegenerative disorders [1, 13] and cancers [14]. Several
biochemical approaches have been developed to identify S-
nitrosylation sites; for example, Forrester et al. [15] used RAC
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(resin-associated capture) method to isolate SNO protein,
and Foster et al. [16] utilized an approach based on protein
microarray to screen S-nitrosylation sites.

In contrast to time-consuming and labor-intensive exper-
iments, computational approach is fast and cost-effective. It is
reported that there have been at least 170 databases and com-
putational tools concerned with posttranslational modifica-
tion including protein S-nitrosylationmodification [17].With
regard to predicting S-nitrosylationmodification sites, Xue et
al. [17] developed a software tool named GPS-SNO 1.0; Hao
et al. [18] applied support vector machine (SVM), Lee et al.
[19] used the maximal dependence decomposition- (MDD-)
clustered SVMs, and Li et al. [20] utilized k-nearest neighbor
algorithm to deal with the problem. Although computational
approach is becoming more and more attractive, prediction
of S-nitrosylation sites still remains a great challenge due to
the complications of effectively protein encoding.

In the paper, we presented a new computational frame-
work based on kernel sparse representation theory to pre-
dict S-nitrosylation sites. The framework consists of two
steps: feature extraction and feature selection. Firstly, 666 fea-
tures were extracted from five categories of amino acid pro-
perties, that is, sequence conservation, amino acid factor,
secondary structure, solvent accessibility, and amino acid
occurrence frequency, and one protein structure feature, the
residual disorder. Then, a two-stage feature selection pro-
cedure was applied to select an optimal subset from the 666
redundant features. Finally, a webserver for the prediction
of S-nitrosylation sites based on kernel sparse representa-
tion classification and minimum Redundancy Maximum
Relevance algorithm is available at http://www.zhni.net/
snopred/index.html.

2. Materials

The training and testing sets adopted in the paper were
constructed as follows. A total of 645 protein sequences (see
Supplementary Material S1 available online at http://dx.doi
.org/10.1155/2014/438341) containing S-nitrosylation sites
(see Supplementary Material S2) were first collected from
open-access databases and the published literatures. Among
the 645 protein sequences, 25 were from Uniprot database
(version 2011 7) [21], 327 were from a research done by Xue
et al. [17], and the other 293 protein sequences were from
three recent reviews [22–24] on S-nitrosylation identification.
The S-nitrosylation sites on the 645 protein sequences are
all verified by experiments. Then, the sequence-clustering
program CD-HIT [25] was applied to screen the 645 protein
sequences. The cutoff value of CD-HIT was 0.4, meaning
that the protein sequences having pairwise sequence identity
greater than 40% to one another were removed. Finally,
529 protein sequences were left for analysis. Samples were
then collected by taking peptides composed of 21 continuous
residues with the central residue as cysteine; that is, peptides
including a central cysteine and with each 10 residues in
the upstream and downstream of the cysteine were picked
out. For peptides with cysteine but which were less than 21
residuals, labels “X” were appended to end of the peptides.
Thus, there were totally 2516 peptides obtained from the

529 proteins. 827 peptides with S-nitrosylation modification
sites were labeled as positive samples and the remaining
1689 peptides were labeled as negative ones. More detailed
information about collecting data can be found in our
previous work [20]. The 2516 samples were grouped into
training dataset and testing dataset at the ratio of 4 : 1; that
is, we used 80% of the samples as the training samples,
because sufficient samples were needed to train the predictor.
Meanwhile, to evaluate the robustness, 20% of the samples
were left for the testing. During sample grouping, positive
samples and negative samples are distributed in a way so that
the ratios of positive-to-negative samples in the training and
testing datasets remained the same as that of thewhole dataset
which is about 1 : 2 (positive-to-negative ratio was 827 : 1689
in the whole date set). Consequently, the training set was
composed of 662 positive and 1351 negative samples, and the
testing set was composed of 165 positive and 338 negative
samples (see Supplementary Materials S3 and S4).

Besides the training and testing sets mainly collected
from published literatures, we also constructed an indepen-
dent testing set with the Uniprot database of the latest version
(version 2014 05). We searched the Uniprot database for
those protein sequences with S-nitrosylation identification.
Then, by deleting the proteins which had been used in the
training and testing sets, totally 113 sequences containing S-
nitrosylation siteswere obtained.The 113 sequenceswere used
as the independent testing set (see Supplementary Material
S6). Thus, we could do comparison between different meth-
ods based on the independent testing set.

3. Methods

3.1. Feature Extraction. All features were derived from five
categories of amino acid properties and one protein structure
feature: (1) evolutionary conservation, (2) physicochemical
or biochemical properties, (3) solvent accessibilities, (4) fre-
quency aroundnitrosylated cysteine, (5) secondary structural
properties, and (6) disorder status.

The evolutionary conservation of amino acid is very
important, which is generally represented as the probability
that it would mutate into other 20 kinds of amino acid. By
using PSI-BLAST program [26], a 21×20 = 420 dimensional
vector describing conservation of each peptide was obtained.

Physicochemical or biochemical properties of amino
acid were characterized quantitatively as a 5-dimensional
vector using amino acid index database [27], whose ele-
ments represent properties of polarity, secondary structure,
molecular volume, codon diversity, and electrostatic charge,
respectively. Except the cysteine, 20 amino acids in a peptide
were represented as a 100-dimensional vector.

Disorder status of amino acid was quantified as a disorder
score by the predictor of protein disorder [28], and thus,
for a peptide, its disorder status was represented by a 21-
dimensional vector.

Secondary structural properties, that is, “helix,” “strand,”
and “others,” and the solvent accessibility, that is, “buried” and
“exposed,” of an amino acid were calculated by the predicting
software of protein structure and structural feature [29],
resulting in a 5-dimensional encoding vector consisting of
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0 or 1. A 21 × 5 = 105 dimensional vector represented the
secondary structural and solvent accessibility properties of a
peptide.

Frequency of the twenty amino acids around nitrosylated
cysteine (nitrosylation site was excluded) was also taken into
consideration.

Hence, each sample could be represented as a numerical
vector containing as many as 666 (420 + 100 + 21 + 105 +

20) features. Table 1 shows the distribution of features. Details
of feature construction could be found in our previous work
[20].

3.2. Feature Selection. A two-stage feature selection proce-
dure is used to select optimal feature subset from the feature
space.Thepredictor constructed by the optimal feature subset
is our final S-nitrosylation sites predictor. The procedure is
described as follows.

Stage 1. All features are evaluated by the minimum Redun-
dancy Maximum Relevance (mRMR) algorithm [30] and
then ranked according to their mRMR scores.

Stage 2. Based on the mRMR evaluation, incremental fea-
ture selection procedure [31, 32] is adopted to search for
the optimal feature subset with the help of kernel sparse
representation classification (KSRC) algorithm.

3.2.1. mRMR Algorithm. The mRMR algorithm proposed by
Peng et al. [30] is a feature evaluation method based on
mutual information. Mutual information is able to quantify
the dependency between two variables.The larger themutual
information is, the more the dependency between the two
variables is. Mutual information between two random vari-
ables 𝑋 and 𝑌 is defined as follows:

MI (𝑋, 𝑌) = ∬𝑝 (𝑥, 𝑦) log
𝑝 (𝑥, 𝑦)

𝑝 (𝑥) 𝑝 (𝑦)
𝑑𝑥 𝑑𝑦, (1)

where function 𝑝 denotes probabilistic or joint probabilistic
density.

Mutual information between the feature space Ω =

(𝑋
1
, 𝑋
2
, . . . , 𝑋

𝑘
) and the target variable 𝑌 is defined as

follows:

MI (Ω, 𝑌)

= ∬𝑝 (Ω, 𝑦) log
𝑝 (Ω, 𝑦)

𝑝 (Ω) 𝑝 (𝑦)
𝑑𝑠 𝑑𝑦
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𝑑𝑦.

(2)

The mRMR algorithm aims to evaluate feature subsets
𝑆 and then selects the optimal feature subset that meets the
minimal redundancy and maximal relevance criteria, that
is, the minimal dependency to the entire feature space and

Table 1: Distribution of feature type for a sample.

Feature category Number of features from each
category

Evolutionary conservation 21 × 20
Amino acid factor 20 × 5
Secondary structure 21 × 3
Solvent accessibility 21 × 2
Amino acid frequency 20 × 1
Disorder 21 × 1
Number of features of a
sample 666

the maximal dependency to the target variable 𝑌. Minimal
redundancy to the entire feature space can be calculated by
the following equation:

min
𝑆⊆Ω

1

|𝑆|
2

∑

𝑋𝑖 ,𝑋𝑗∈𝑆

MI (𝑋
𝑗
, 𝑋
𝑖
) . (3)

Maximal dependency to the target variable 𝑌 can be calcu-
lated by the following equation:

max
𝑆⊆Ω

1

|𝑆|
∑

𝑋𝑗∈𝑆

MI (𝑋
𝑗
, 𝑌) . (4)

Thus, the mRMR evaluation can be quantified as score by
integrating (3) and (4) into the following equation:

max
𝑆⊆Ω

{

{

{

1

|𝑆|
∑

𝑋𝑗∈𝑆

MI (𝑋
𝑗
, 𝑌) −

1

|𝑆|
2

∑

𝑋𝑖 ,𝑋𝑗∈𝑆

MI (𝑋
𝑗
, 𝑋
𝑖
)
}

}

}

. (5)

3.2.2. Incremental Feature Selection. In the implementation,
the mRMR criterion is hard to satisfy, especially when the
feature space is large. Hence, to attain an optimal feature sub-
set of minimal redundancy and maximal relevance, a heuris-
tic strategy named incremental feature selection [31, 32] is
adopted for the search of feature subset.

Firstly, all the features are scored by (5), by shrinking
feature subset 𝑆 to contain only one feature. Secondly, arrange
all the features according to their mRMR scores. Thirdly,
search for optimal feature subset by an increment means as
follows.

Suppose all the features in the feature space Ω have
been arranged in the order from high mRMR score to low
mRMR score. Beginning from the feature of the highest
mRMR score, move features from the scored feature space to
the selected feature subset sequentially. When one feature is
added, evaluate the classification performance of the feature
subset by predictors which are constructed by the KSRC
algorithm (see Section 3.2.4 for details). Finally, the feature
subset of the highest classification performance is selected as
the optimal feature subset and the predictor constructed by
the optimal feature subset is the final predictor. In this study,
the method used to evaluate the classification performance is
presented in Section 3.2.3.
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3.2.3. Evaluation Metrics. Four indicators, sensitivity (SN),
specificity (SP), accuracy (ACC), and Matthews’ correlation
coefficient (MCC), are used to evaluate the performance
of predictors when new features are added. Consider the
following:

SN =
TP

(TP + FN)
,

SP =
TN

(TN + FP)
,

ACC =
(TP + TN)

(TP + FN + FP + TN)
,

MCC =
(TP × TN − FN × FP)

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

.

(6)

TP and TN represent the numbers of true positive and true
negative, respectively. FP and FN represent the numbers of
false positive and false negative, respectively. Among the four
indicators, MCC is the most significant indicator, which is
used to optimize the procedure of feature selection in this
study.

3.2.4. KSRC Algorithm. In this paper, KSRC algorithm is
applied to construct predictor. The KSRC algorithm inte-
grates the sparse representation classification (SRC) algo-
rithm and the kernel function technique to fulfill classifica-
tion task [33, 34]. In the following section, we will introduce
the SRC algorithm and the kernel function technique, respec-
tively, and then illustrate how to integrate the two techniques.

In the recent years, the SRC algorithm has been suc-
cessfully applied in these fields of signal recovery, signal
encoding, and signal classification [33–41]. The principle
underlying the SRC algorithm is that testing samples can be
represented as linear combination of training samples if the
testing and training samples belong to the same category so
that the representation coefficient of a testing sample under
all training samples might supply sufficient information to
determine the category of the testing samples.

Suppose there are 𝑐 distinct classes, each with 𝑛
𝑘
samples,

𝑘 = 1, 2, . . . , 𝑐. And 𝑋
𝑘

= (𝑥
𝑘

1
, 𝑥
𝑘

2
, . . . , 𝑥

𝑘

𝑛𝑘
) is a matrix con-

sisting of samples from the 𝑘th class, where 𝑥
𝑘

𝑗
(1 ≤ 𝑗 ≤ 𝑛

𝑘
)

is a column vector, representing the 𝑗th sample in the class 𝑘.
All training samples are concatenated to form a matrix 𝑋 =

[𝑋
1

, 𝑋
2

, . . . , 𝑋
𝑐

]. Computing the sparsest coefficient vector 𝛼
of a test sample 𝑦 under the matrix𝑋 is modeled as follows:

min ‖𝛼‖
0
, subject to 𝑦 = 𝑋𝛼 (7)

or

min ‖𝛼‖
0
, subject to 𝑦 − 𝑋𝛼

2 ≤ 𝜀, (8)

where operator ‖ ∙ ‖
0
denotes the 𝑙

0
norm, which counts

nonzero entries, and operator ‖ ∙ ‖
2
denotes the 𝑙

2
norm of

a vector, respectively.
Since the pursuit of exact solution of (7) and (8) is an NP-

hard problem [42], the orthogonal matching pursuit (OMP)

[43, 44] algorithm is used to seek an approximate solu-
tion to (7) and (8) in our works. The OMP is an iterative
greedymethod. Each step of iteration inOMP algorithm con-
tains three operations: (1) computing residual referring to dif-
ference between original signal and recovery one, (2) select-
ing the column with the highest correlation to the current
residual, and (3) projecting original signal into the linear sub-
space spanned by these already selected columns. For con-
venient description, the following symbols were used. The
symbol 𝑋 specified a matrix, 𝑋

𝑡
referred to the column 𝑡 in

thematrix, and𝑋
Θ
consisted of columns of thematrix𝑋with

the indicesΘ. The OMP algorithm is described in Algorithm
1.

Once a coefficient vector 𝛼 was gained by the OMP
algorithm, the category of the corresponding testing sample
was determined by the following rule:

𝐾 = arg min
𝑘=1,2,...,𝑐

𝑦 − 𝑋𝛼
𝑘

2, (9)

where𝛼
𝑘
= (0, 0, . . . , 0, 𝛼

𝑘

1
, 𝛼
𝑘

2
, . . . , 𝛼

𝑘

𝑛𝑘
, . . . , 0)was a coefficient

whose entries were all zero except 𝛼
𝑘

𝑖
(1 ≤ 𝑖 ≤ 𝑛

𝑘
) which

corresponds to the samples from the class 𝑘 and is equal to
the corresponding element from 𝛼. The details of the SRC
algorithm were shown in Algorithm 2.

Nevertheless, the performance of the SRC algorithm
might be limited, if the testing samples are not linearly
representable in the space of training sample [34]. Therefore,
in our work, kernel function technique is applied to project
testing sample into higher-dimensional space so as to alter
the distributed structures of the samples.

Kernel function technique is a widely used technique
that is able to map data from low-dimensional space to
higher-dimensional space [34]. A well-chosen kernel func-
tion enables original linearly inseparable samples to become
linearly separable in the high-dimensional feature space. In
our work, the Laplacian kernel function Ψ(𝑥, 𝑦) = 𝑒

−|𝑥−𝑦|/𝛿

was employed.
Assume that the training samples with 𝑐 classes 𝑋 =

[𝑋
1

, 𝑋
2

, . . . , 𝑋
𝑐

] = [𝑥
1
, 𝑥
2
, . . . , 𝑥

𝑛
] as previously shown and

the testing sample 𝑦 are mapped to high-dimensional data
Ψ(𝑋) = [Ψ(𝑋

1

), Ψ(𝑋
2

), . . . , Ψ(𝑋
𝑐

)] = [Ψ(𝑥
1
), Ψ(𝑥

2
), . . . ,

Ψ(𝑥
𝑛
)] and Ψ(𝑦), respectively. Similar to (7), the problem

with the sparest coefficient representation of Ψ(𝑦) under
Ψ(𝑋) was formulated as follows:

min ‖𝛼‖
0
, subject to Ψ (𝑦) = Ψ (𝑋) 𝛼. (10)

Let Π = [Ψ(𝑥
1
), Ψ(𝑥

2
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𝑛
)]
𝑇 be a column vector.

Equation Ψ(𝑦) = Ψ(𝑋)𝛼 left multiplied by Π was rewritten
as

[
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𝛼.

(11)
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Input: the matrix 𝑋, the sparsity 𝑘, the testing sample 𝑦

Output: the coefficient vector 𝛼
(1) initialize residual 𝑒 = 𝑦, Θ = Φ, 𝑖 = 0

(2) normalize columns of the matrix 𝑋 with the 𝑙
2
norm

(3) while 𝑖 < 𝑘

𝑗 = argmax
𝑡∉Θ

{𝑋


𝑡
𝑒}

Θ = Θ ∪ {𝑗}

𝑃 = 𝑋
Θ
(𝑋


Θ
𝑋
Θ
)
−1

𝑋


Θ
//compute the projection

𝑒 = (𝑦 − 𝑃𝑦) //update the residual
𝑖 = 𝑖 + 1 //update the loop index

(4) 𝛼 = 𝑃𝑦

Algorithm 1: OMP algorithm.

Input: the training set with 𝑐 distinct classes, the test sample 𝑦

Output: the category of the testing sample 𝑦

(1) Concatenate all training samples to construct the matrix𝑋

(2) normalize columns of the matrix 𝑋 with the 𝑙
2
norm

(3) solve (7) or (8) using the OMP in Algorithm 1, and obtain the coefficient vector 𝛼
(4) determine the category of the testing sample according to (9)

Algorithm 2: SRC algorithm.

According to the properties of kernel function, (11) is further
expressed as

[
[

[

Ψ (𝑦, 𝑥
1
)

.

.

.

Ψ (𝑦, 𝑥
𝑛
)

]
]

]

=
[
[

[

Ψ (𝑥
1
, 𝑥
1
) ⋅ ⋅ ⋅ Ψ (𝑥

1
, 𝑥
𝑛
)
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.

. ⋅ ⋅ ⋅
.
.
.

Ψ (𝑥
𝑛
, 𝑥
1
) ⋅ ⋅ ⋅ Ψ (𝑥

𝑛
, 𝑥
𝑛
)

]
]

]

𝛼. (12)

Therefore, minimum equation (10) is equivalent to

min ‖𝛼‖
0
, subject to (8). (13)

Equation (13) has the same solution as (10). The KSRC was
shown in Algorithm 3.

4. Results and Discussion

4.1. Optimal Feature Subset Selection. First, the mRMR algo-
rithm [30] was applied to the training set, producing a
sequence of 666 scored features. Details of the results can be
found in Supplementary Material S5.

Second, apply incremental feature selection procedure to
search optimal feature subset. Figure 1 shows MCC values
of each candidate feature subset by using 10-fold cross
validation on the training set. The best MCC value is 0.1634,
corresponding to the combination of the first 134 features.
Therefore, this candidate feature subset was regarded as the
optimal subset.

In the implementation, the factor 𝛿 of the Laplacian
kernel function in the KSRC algorithm is 100. The sparsity
𝑘 in OMP algorithm was 50. The used OMP algorithm codes
are available at the following site: http://www.cs.technion.ac
.il/∼ronrubin/software.html [45]. The used mRMR codes are
available at http://penglab.janelia.org/proj/mRMR/ [30].

4.2. Comparison with Other Algorithms. As was mentioned
in Section 1, quite a few methods have been developed to
predict the S-nitrosylation sites in recent years. However, it
was difficult to make direct comparisons between them due
to the following two reasons. First, different methods usually
employed different datasets. It was biased to compare their
overall performances based on different datasets. Secondly,
we did not know what parameters they used to optimize the
predictors. So, it was difficult for us to compare othermethods
with ours based on the same training and testing datasets.

Notwithstanding this, we attempted to compare our
methods with other data mining methods based on our
training and testing datasets. Hence, the KSRC algorithm
proposed in this paper was compared to five other data
mining algorithms: SRC [38], k-nearest neighbor algorithm
(KNN) [46], random forest (RF) [47], sequential minimal
optimization (SMO) [48], and Dagging [49]. KNN is an
instance-based learning algorithm, which is widely used due
to its simplicity and efficiency in training. RF is an integration
method by combining many tree predictors together. Each
tree predictor performs computation based on the values of a
randomvector sampled independently andwith the samedis-
tribution for all trees in the forest. SMO is an algorithm that
trains the support vector machine. Dagging is an algorithm
that ensembles weak classifiers. In terms of implementation,
KSRC and SRC were coded in Matlab language by virtue of
the OMP package [45]. The computation of KNN, RF, SMO,
and Dagging algorithms was performed by Weka (version 3-
6-1) [50], which is a collection of learningmachine algorithms
and is available at http://www.cs.waikato.ac.nz/ml/weka/. In
this work, the number of the nearest neighbors in the KNN
is 3. The RF, SMO, and Dagging use the default parameters
in the Weka. The sparsity of the OMP in the SRC is 50, the
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Input: the training set with 𝑐 distinct classes {𝑥
𝑖
}
𝑛

𝑖=1
, the testing sample 𝑦, and kernel function Ψ

Output: the category of the test sample
(1) compute the matrix𝐷 and the test sample𝑊 such that 𝑊 = 𝐷𝛼 by using (12)
(2) normalize columns of the matrix 𝐷 with the 𝑙

2
norm

(3) solve (13) using the OMP in Algorithm 1, and obtain the coefficient vector 𝛼
(4) compute 𝐾 = argmin

𝑘=1,2,...,𝑐

𝑊 − 𝐷𝛼
𝑘


2

(5) assign the testing sample to the class 𝐾

Algorithm 3: KSRC algorithm.
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Figure 1: MCC value of 10-fold cross validation of the KSRC on the
training set in the incremental feature selection procedure.

same as that of the KSRC. All the computer programs were
executed on the Operation System platform Fedora 17.

The four indicators, SN, SP, ACC, and MCC, mentioned
in Section 3.2.3, were also used for the comparison of different
algorithms. The MCC curves of SRC, KNN, RF, SMO, and
Dagging on the training set were plotted in Figure 2. The five
algorithms attained optimal feature subsets containing 76,
52, 38, 127, and 103 features, respectively. All six algorithms
were compared both on the training set and on the testing
set with optimal feature subsets of their own. Tables 2 and
3 showed their performances on the training and testing
datasets, respectively. As indicated by Table 2 and Figure 2,
KSRC could achieve MCC that exceeded 0.16 on the training
set. Although SMO and Dagging performed better in terms
of the MCC, KSRC showed better SN than that of SMO
and Dagging. Table 3 presented the performances of the six
algorithms on the testing dataset, which were not previously
used in the training. As shown in Table 3, KSRC yielded the
highest MCC and SN among all of the six algorithms, while
SMO and Dagging showed poor MCC on the testing set. The
high MCC and SN of KSRC on both the training and testing
datasets indicated that KSRC was more effective and robust
than the other five data mining algorithms.

To compare the predictive performances of the 134 opti-
mal features with that of the original 666 features, the 10-fold
cross validation and independent tests were also conducted
on the training and testing sets by the 666 original features,
respectively. Table 4 shows the performance of using original

Table 2: Performances of six algorithms on the training set with the
respective optimal features using 10-fold cross validation.

SN SP ACC MCC
KSRC 0.4048 0.7543 0.6393 0.1634
SRC 0.3489 0.7876 0.6433 0.1467
KNN 0.3852 0.7469 0.6279 0.1358
RF 0.3399 0.7957 0.6458 0.1473
SMO 0.2840 0.8705 0.6776 0.1887
Dagging 0.3610 0.8320 0.6771 0.2150
KSRC: kernel sparse representation classification; SRC: sparse representa-
tion classification; KNN: 𝑘-nearest neighbor algorithm; RF: random forest
method; SMO: sequential minimal optimization; Dagging refers to the use
of majority vote to combine multiple models derived from a single learning
algorithm using disjoint samples.

Table 3: Performances of six algorithms on the testing set with the
respective optimal features.

SN SP ACC MCC
KSRC 0.4727 0.8077 0.6978 0.2919
SRC 0.2909 0.7988 0.6322 0.1000
KNN 0.4061 0.7899 0.6649 0.2062
RF 0.3636 0.8343 0.6799 0.2206
SMO 0.2364 0.8669 0.6600 0.1299
Dagging 0.2848 0.8343 0.6541 0.1386

Table 4: Performances of KSRC on the training and testing sets with
the original 666 features.

SN SP ACC MCC
The training set 0.2749 0.8120 0.6354 0.0991
The testing set 0.2909 0.8462 0.6640 0.1612

666 features on the training and testing sets, respectively. It
can be seen in Table 4 that SN andMCCwith the 134 optimal
features were much better than those of the original features,
though SP is a bit worse. Since theMCC is themost important
criterion among the adopted metrics, we conclude that the
134 optimal features performed better than the original 666
features.

4.3. Comparison of Algorithms on Independent Testing Set.
Since the training and testing sets were mainly collected
from published literatures, we constructed an independent
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Figure 2:MCC curves of 10-fold cross validation on the training set of (a) SRC, (b) KNN, (c) RF, (d) SMO, and (e) Dagging in the incremental
feature selection procedure.

testing set for the comparison between our method and
other methods. The independent testing set contained 113
protein sequences from the latest version of Uniprot database
(version 2014 05) (see Section 2 for details). Two existing
S-nitrosylation predictors, iSNO-AAPair [51] and iSNO-
PseAAC [52], were used for comparison. The comparison
results of our predictor, iSNO-AAPair, iSNO-PseAAC, and

other five data mining algorithms on the independent testing
set were presented in Table 5. As shown in Table 5, the
SRC algorithm achieved the highest MCC of 0.2617, and
our proposed KSRC algorithm was the second with MCC
of 0.2239. The iSNO-AAPair and iSNO-PseAAC predictors
attained MCC of 0.1125 and 0.1190, respectively, both of
which were only approximately half of the KSRC algorithm.
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Table 5: Performances of eight algorithms on the independent test-
ing set with the respective optimal features.

SN SP ACC MCC
KSRC 0.5196 0.7368 0.6915 0.2239
SRC 0.5588 0.7419 0.7038 0.2617
KNN 0.4069 0.7419 0.6721 0.1333
RF 0.4657 0.7535 0.6936 0.1958
SMO 0.1765 0.8645 0.7211 0.0474
Dagging 0.2745 0.7884 0.6813 0.0612
iSNO-AAPair 0.4020 0.7252 0.6578 0.1125
iSNO-PseAAC 0.5343 0.6103 0.5945 0.1190

Although the MCC of KSRC algorithm was a little lower
than that of SRC algorithm, the KSRC algorithm was the one
algorithm that could achieve high and stable performance in
both of the testing set and the independent set (as shown in
Tables 3 and 5), demonstrating the robustness of the KSRC
algorithm among different datasets.

5. Conclusions

In the paper, we proposed a framework based on the KSRC to
computationally identify S-nitrosylation modification sites.
Our experimental results show that KSRC outperforms other
state-of-the-art algorithms in terms of the key prediction
metrics. The KSRC is an application of kernel function tech-
nique to the SRC. Kernel approach can project linearly inse-
parable samples into high-dimensional feature space with the
use of kernel functions. If an appropriate kernel function
is selected, the original linearly inseparable samples could
become linearly separable in the high-dimensional feature
space. Kernelizing of the sparse representation by Laplacian
function could improve the separability of the samples and
yields higherMCC than those linear classification algorithms,
such as KNN and SRC. We believe that the proposed KSRC
based framework could become a helpful tool for the predic-
tion and analyses of protein S-nitrosylation.
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