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This special issue is dedicated to Translational bioinformatics
andComputational SystemsMedicine. Translational biomed-
ical informatics is a rapidly emerging discipline to integrate
data from medical research, biotechnologies, and electronic
medical records, and computational systems medicine is to
apply computational and systems biology approaches to solve
complex problems inmedical research, aiming to improve the
diagnosis, prognosis, and treatment of complex diseases. It is
also well known that their development needs an integration
of mathematical models, statistical methods, and computer
algorithms.

Complex diseases such as cancers are coursed by a
combination of genetic, environmental, and lifestyle factors,
and thus the research of complex diseases at a system level
like gene sets, pathway level, or static/dynamic network is a
necessity. T.Holden et al. present an exploratory bioinformat-
ics study of long noncoding RNA in Alzheimer’s disease. The
authors also discuss the model for drug development based
on fractal dimension and entropy correlation in this study
consistent with a zebrafish model and a mouse model. M.
Ding et al. explore the genome-wide chromatin localization
of Estrogen receptor-DNA binding regions by analyzing
ChIP-Seq data from MCF-7 breast cancer cell line. It reveals
novel Estrogen receptor-regulated genes pathways for further
experimental validation. Y.-w. Lv et al. perform gene ontology
category and pathways analysis for relationships among
statistically significant genes in Kawasaki disease.The impor-
tance of compelling immune pathway of NF-AT signal and
leukocyte interactions combined with another transcription

factor NF-𝜅B in the pathogenesis of KD is investigated by
network analysis. J. Chen et al. perform two case studies on
colorectal and prostate cancer microarray datasets to proof
two hypotheses that (1) the expression signatures of different
cancer microarray datasets are more similar at pathway
level than at gene level; (2) the comparability of the cancer
molecular mechanisms of different individuals is related to
their genetic similarities.

The concept of entropy suggests that systems naturally
progress from order to disorder. Entropy-based methods
provide a novel insight into understandingmany phenomena
in biological systems. V. Oswal et al. present an auto-
mated entropy-based thresholding system for segmentation
and quantification of cell nuclei from histologically stained
images. The contributions to the application of this entropy-
based system to detect cancerous cell nuclei and observe
overlapping cellular events occurring during wound healing
process in the human body are also presented. H.-T. Wu et al.
investigate the feasibility and sensitivity of a novel multiscale
entropy index in detecting subtle vascular abnormalities in
healthy and diabetic subjects. The authors further focus on
four groups of subjects to discuss the application ofmultiscale
entropy index.

The role of protein structures in understanding diseases
becomes more and more important, due to the following
two reasons. One is that there are a lot of disease-associated
proteins that were discovered, while the other fact is that
many diseases are believed to result frommisfolded proteins.
Moreover, protein structures can be considered as complex
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systems, and thus network theory can be used to characterize
and to analyze protein structures. J. Sun et al. present a
contribution which focuses on the effect of edge definition
of complex networks on protein structure identification.
After the performance on 2847 proteins, the authors argue
that the optimal cutoff value for constructing the protein
structure networks is 5.0 Å. X. Jiao et al. improve the amino
acid network for proteins by introducing similar weight and
dissimilar weight.This work demonstrates that highly central
residues of the amino acid network are highly correlated with
the hot spots in disease-associated proteins.

Finally, two bioinformatics toolswere also involved in this
issue. H.Wu et al. contribute a bioinformatics tool called pat-
GPCR, to predict the 3D structures of transmembrane helices
of G-protein-coupled receptors. patGPCR, a parallelized
multitemplate approach, extends a bundle-packing related
energy function to RosettaMem energy, which improves the
TM RMSD (root mean square deviation of the transmem-
brane helices) of the predicted models. N. Deng et al. con-
tribute another platform, called crcTRP, for colorectal cancer.
This server provides the translational research of colorectal
cancer by providing various types of biomedical information,
including clinical data, epidemiology data, individual omics
data, and public omics data.

Bairong Shen
Hong-Bin Shen
Tianhai Tian

Qiang Lü
Guang Hu
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Long noncoding RNA (lncRNA) within mRNA sequences of Alzheimer’s disease genes, namely, APP, APOE, PSEN1, and PSEN2,
has been analyzed using fractal dimension (FD) computation and correlation analysis.We examined lncRNA by comparingmRNA
FD to corresponding coding DNA sequences (CDSs) FD. APP, APOE, and PSEN1 CDSs select slightly higher FDs compared to
the mRNA, while PSEN2 CDSs FDs are lower. The correlation coefficient for these sequences is 0.969. A comparative study of
differentially expressed MAPK signaling pathway lncRNAs in pancreatic cancer cells shows a correlation of 0.771. Selection of
higher FD CDSs could indicate interaction of Alzheimer’s gene products APP, APOE, and PSEN1. Including hypocretin sequences
(where all CDSs have higher fractal dimensions thanmRNA) in theAPP,APOE, andPSEN1 sequence analyses improves correlation,
but the inclusion of erythropoietin (where all CDSs have higher FD thanmRNA)would suppress correlation, suggesting thatHCRT,
a hypothalamus neurotransmitter related to the wake/sleep cycle, might be better when compared to EPO, a glycoprotein hormone,
for targeting Alzheimer’s disease drug development. Fractal dimension and entropy correlation have provided supporting evidence,
consistent with evolutionary studies, for using a zebrafish model together with a mouse model, in HCRT drug development.

1. Introduction

The instructions of a genetic sequence are carried by the
fluctuations or variations in the nucleotide bases along
the sequence. The bioinformatics of a sequence can be
studied if the sequence is modeled as a series based on
the nucleotide atomic number of the nucleotides A, T, C,
and G. A recent study on such fluctuation in the FOXP2
gene pathway has been reported [1]. The fractal dimension
and the Shannon entropy were found to have a nega-
tive correlation (𝑅2 = 0.85 𝑁 = 12) for the FOXP2
regulated “accelerated conserved-non-coding” sequences in
human fetal brain. In general, fractal dimension and the
Shannon entropy generate a 2D map representing a set of
genetic sequences. For example, using the human Y chro-
mosome, which contains 429 genetic sequences according
to the http://ncbi.nlm.nih.gov/mapview/ database, the listed

sequences have fractal dimension values from 1.92 to 2.06
and the Shannon dinucleotide entropy from 3.0 to 3.8 bits
per base. Fractal dimension, being a nucleotide position
sensitive measure, would be related to the richness in the
embedded informatics associatedwith the sequence. In terms
of transcription and translation, fractal dimension may be
related to a docking energy parameter with similarity to
the concept of roughness in a zipper and assembly traffic
analogy for the docking interactions. In addition to CDS,
mRNA sequences are often embedded with intronic regions.
Noncoding RNA sequence with more than 200 base pair
in length has been used to label a long non-coding RNA
(lncRNA) regardless of intronic or intergenic in origin. This
project uses fractal dimension of mRNA and coding DNA
sequences (CDS) to probe the lncRNAs within the mRNAs
(but not the CDS) in Alzheimer’s disease genes, namely,
APP or AD1, APOE or AD2, PSEN1 or AD3, and PSEN2



2 Computational and Mathematical Methods in Medicine

or AD4. The lncRNA sequences have been shown to be
involved in significant regulatory functions. The lncRNA
SPRY4-IT1 sequence was reported to have migrated to the
cytoplasm, and upregulation was observed inmelanoma cells
[2]. Differential expressions in lncRNA upon radiation of
HeLa and MCF-7 cells and in glioblastoma pathogenesis
have been reported [3, 4]. The lncRNA relationship to
cellular genetic product stability has been reported in the
mouse model [5]. Microarray data analysis linked lncRNA to
Huntington’s disease [6], and the lncRNA role in neurological
disorders and cancers has been reviewed [7, 8]. The lncRNAs
becoming a new cancer diagnostic and therapeutic goldmine
have been postulated [9]. Despite all these activities, only
a few computation analysis results on the lncRNAs have
been reported to our knowledge. A comparative study of
lncRNAs with 3 untranslated regions (3 UTRs) in protein
coding RNA sequences has revealed parallel structure in the
studied sequences, consistent with the presence of similar
evolutionary constraints [10].

This project focuses on the study of disease related genetic
sequences. The lncRNAs within the mRNA sequences in
Alzheimer’s disease genes, namely, APP or AD1, APOE or
AD2, PSEN1 or AD3, and PSEN2 or AD4, have been analyzed
in terms of fractal dimension computation and correla-
tion analysis. The exploratory hypothesis that the lncRNA
sequences embedded in a transcribedmRNAsequencewould
exhibit correlation in Alzheimer’s disease genes has been
studied in a comparative fractal dimension model of mRNA
sequences versus coding DNA sequences (CDSs), which do
not include the lncRNA sequences.

2. Materials and Methods

The data used in this study was downloaded from Gen-
Bank according to the following Gen-ID numbers. The
studied human genes are APP-Gen-ID-351 containing 10
mRNA variants, APOE-Gen-ID-348, PSEN1-Gen-ID-5663
having 2 mRNA variants, PSEN2-Gen-ID-5664 having two
mRNA variants, HCRT-Gen-ID-3060, HCRTR1-Gen-ID-
3061 (HCRT Receptor-1), HCRTR2-Gen-ID-3062 (HCRT
Receptor-2), EPO-Gen-ID-2056, and EPOR-Gen-ID-2057.
The MAPK signaling pathway gene accession numbers
have been listed in the report of differential expression of
long non-coding intronic RNAs in pancreatic cancer cells
[11]. The Allen Brain Atlas database has been accessed at
http://brain-map.org.

A sequence with a relatively low nucleotide variety would
have low Shannon’s entropy (more constraints) in terms of
the set of 16 possible dinucleotide pairs. A sequence’s entropy
can be computed as the sum of (𝑝

𝑖
) ∗ log(𝑝

𝑖
) over all states

𝑖, and the probability 𝑝
𝑖
can be obtained from the empirical

histogram of the 16 di-nucleotide pairs. The maximum
entropy is 4 binary bits per pair for 16 possibilities (24).
For mono-nucleotide consideration, the maximum entropy
is two bits per mononucleotide with four possibilities (22).
In general, the monoentropy is proportional to di-nucleotide
entropy with 𝑅2 > 0.75 for the reported sequences in the
paper.

Roughly speaking, fractal dimension measures the com-
plexity of a self-similar sequence. For a 1D sequence such
as a DNA sequence, a fractal dimension near 2 indicates
great complexity, while one closer to 1 would indicate little
complexity, variety, or information. Among the various frac-
tal dimension methods, the Higuchi fractal method is well
suited for studying signal fluctuation [12]. A random spatial
series with equal spatial steps can be modeled as a brightness
signal in time such that the time series analysis tools can
be used for spatial series analysis. The spatial intensity (Int)
random series with equal intervals could be used to generate
a difference series (Int(𝑗) − Int(𝑖)) for different lags in the
spatial variable. The nonnormalized apparent length of the
spatial series curve is simply 𝐿(𝑘) = Σ|(Int(𝑗) − Int(𝑖))| where
the sum is for all pairs where 𝑗-𝑖 = 𝑘. The number of terms
in a k-series varies, and normalization must be used to get
the series length. If the Int(𝑖) is a fractal function, then the
log(𝐿(𝑘)) versus log(1/𝑘) should be a straight line with the
slope equal to the fractal dimension. Higuchi incorporated a
calibration division step such that the maximum theoretical
value is calibrated to the topological value of 2. The details
of the calculation method are given in the literature [12].
Numerical examples of the fractal dimension computation
can be found in our earlier reports [13, 14]. For clarity, a
Matlab implementation of the algorithm we used is listed
below. “data” is an array loaded with the input sequences
(one in each column). “width” is the number of sequences
loaded in the data array. “max𝐾 ” is cutoff for the maximum
distance between 𝑗-𝑖 pairs. A max 𝐾 of 7 was used for this
paper, although other values for max𝐾 gave very similar
results.

Consider

% calculate Length vectors for each column
𝐿 = zeros(max𝐾, width);
for 𝑘 = 1 :max𝐾,
data2 = circshift(data, 𝑘);
data2 = abs(data2 − data);
data2 (1 : 𝑘, :) = 0; % remove end effects
𝐿(𝑘, :) = sum(data2)/𝑘/𝑘∗(height−1)/(height−𝑘);

end

% calculate slopes (FDs)
slope = zeros(1, width);
for 𝑖 = 1 : width,
temp = 1 : 1 : max𝐾;
log 𝑘 = log (1./temp);
𝑋 = [ones(size(log 𝑘)) log 𝑘];
𝑌 = log(𝐿(:, 𝑖));
𝑎 = 𝑋 \ 𝑌;
FD(𝑖) = 𝑎(2);

End
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Figure 1: The fractal dimension correlation of the APP, APOE,
PSEN1, and PSEN2 CDSs versus mRNAs in Alzheimer’s disease
is displayed with 𝑅2 of 0.969 (𝑁 = 15 Series1). The 𝑦-axis
represents the fractal dimension (FD) of the CDSs, and the 𝑥-axis
represents the FD of the mRNAs. Deletion of PSEN2 Variant 1
(1.9793, 1.9748) andVariant 2 (1.9791, 1.9743) where CDSs have lower
fractal dimension values as compared to the mRNA sequences,
which would give 𝑅2 of 0.979,𝑁 = 13.
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Figure 2: The fractal dimension correlation of the differentially
expressed MAPK signaling pathway long noncoding intronic RNA
in pancreatic cancer cells with a correlation of 𝑅2 = 0.771 (𝑁 = 9
Series1). The 𝑦-axis represents the fractal dimension (FD) of the
CDSs, and the 𝑥-axis represents the FD of the mRNAs. Deletion of
MAP3K1 (1.9945, 1.9929), MAP3K14 (1.9822, 1.9768), and RAPGF2
(1.9835, 1.982) where CDSs have lower fractal dimension as com-
pared to themRNAsequenceswhichwould give𝑅2 of 0.950 (𝑁 = 6).
The sequence GenBank accession numbers have been listed in [11].

3. Results of Fractal Analysis

The ratio of CDS length to mRNA length ranges from 0.23 to
0.78 in the studied Alzheimer’s disease sequences. A negative
correlation with 𝑅2 of 0.61 was found for fractal dimension
and the ratio of CDS length to mRNA length, using the 10
variant sequences in APP mRNA. The increase of fractal

dimension with decreasing ratio could be related to some
systematic properties in mRNA variant formation in the APP
gene. It would appear that increasing the lncRNA length
portion relative to the CDS length portion would correlate
with increasing fractal dimension in theAPPmRNAvariants.

The fractal dimension correlation of the CDSs versus
mRNAs in Alzheimer’s disease is displayed in Figure 1 with
𝑅
2 of 0.969 (𝑁 = 15). All of the studied Alzheimer’s

disease sequences show higher fractal dimensions in the
CDSs as compared to the mRNAs, except for the PSEN2
Variant 1 and Variant 2. Similarly, a comparative study
of the differentially expressed MAPK signaling pathway of
long non-coding intronic RNA in pancreatic cancer cells is
displayed in Figure 2 with a correlation of 𝑅2 = 0.771 [11].
The MAPK signaling pathway has been reported to involve 9
mRNAs in differential expression of longnon-coding intronic
RNA in [11]. They are ARRB1, ATF2, MAPK1, MAP2K5,
MAP3K1, MAP3K14, PPP3CB, RAPGF2, and TGFbR2. The
CDSs of MAP3K1, MAP3K14, and RAPGF2 have lower
fractal dimension values as compared to the mRNAs.

The systematic selection of higher fractal dimension
CDSs could be indicative of certain characteristic interaction
of the Alzheimer’s gene products APP, APOE, and PSEN1
where a correlation with 𝑅2 of 0.979 (𝑁 = 13) was obtained.
Hypocretin (orexin) loss in Alzheimer’s disease patients has
been reported [15]. A brain scan study on a group of young
adults has revealed 1/3 of them are PSEN1 E280A mutation
carriers, an accepted hallmark for Alzheimer’s disease [16].
The inclusion of hypocretin sequences (where all CDSs have
higher fractal dimension values than mRNAs in HCRT,
HCRT-R1, and HCRT-R2) in the APP, APOE, and PSEN1
sequence analysis would improve the correlation (𝑅2 =
0.985, 𝑁 = 16) as shown in Figure 3. Erythropoietin EPO
has been shown to have interaction with dopamine pathways
[17–19] and offer protection for neuronal injury [20, 21].
The inclusion of erythropoietin (where all CDSs have higher
dimension thanmRNA in EPO and EPOR) in the correlation
of APP, APOE, and PSEN1 would suppress the correlation
(𝑅2 = 0.953, 𝑁 = 15).

4. Discussion

The regression intercepts in Figures 1, 2, and 3 are negative,
while the slopes are all greater than 1. This indicates selection
pressure driving up CDS fractal dimension or a selection
pressure against high FD in lncRNA. Whether the negative
intercept value would suggest a minimum fractal dimension
threshold in mRNA for containing a functional CDS in
the studied set of Alzheimer’s disease genes needs further
investigation. The exploratory hypothesis that the lncRNA
sequences embedded in the transcribed mRNAs would
exhibit correlation in Alzheimer’s disease genes receives
supporting evidence in a comparative fractal dimension
model of mRNA sequences versus coding DNA sequences
(CDSs).

The correlation results suggest a hypothesis where HCRT,
a neurotransmitter only produced in the hypothalamus and
related to the wake/sleep cycle, could be a relatively more
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Figure 3: The fractal dimension correlation of the APP, APOE,
PSEN1, HCRT, HCRT-R1, and HCRT-R2 CDSs versus mRNAs in
Alzheimer’s disease is displayed with 𝑅2 of 0.985 (𝑁 = 16 Series1).
The 𝑦-axis represents the fractal dimension (FD) of the CDSs, and
the 𝑥-axis represents the FD of the mRNAs.
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Figure 4: HCRT Receptor-2 expression level distribution in the
brain regions (168 regions for each patient) using the 4-patient
data from Allen Brain Atlas. The expression level 𝑧-score values are
displayed in the 𝑥-axis. The displayed line is used as a visual guide.
The Skewness of the distribution has been computed to be = 0.91.
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Figure 5: EPO Receptor expression level distribution in the brain
regions (168 regions for each patient) using the 4-patient data from
Allen Brain Atlas. The expression level 𝑧-score values are displayed
in the 𝑥-axis. The displayed line is used as a visual guide. The
Skewness of the distribution has been computed to be = 0.04.
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Figure 6: HCRT expression level distribution in the brain regions
(168 regions for each patient) using the 4-patient data from Allen
Brain Atlas. The expression level 𝑧-score values are displayed in the
𝑥-axis. The displayed line is used as a visual guide. The Skewness of
the distribution has been computed to be = 2.2.

−10

0
10
20
30
40
50
60
70
80
90

100

−4 −2 2 4 60

Figure 7: EPO expression level distribution in the brain regions (168
regions for each patient) using the 4-patient data from Allen Brain
Atlas.The expression level 𝑧-score values are displayed in the 𝑥-axis.
The displayed line is used as a visual guide. The Skewness of the
distribution has been computed to be = 1.1.

important candidate as a blocker or promoter when com-
pared to EPO, a glycoprotein hormone produced by kidney
and liver, for targeting drug development with application
to Alzheimer’s disease clinical trials. The HCRT hypothesis
would be consistent with MRI brain scans (168 regions) con-
taining microarray array expression level data from the Allen
Brain Atlas database.The brain scan data analysis has showed
higher Skewness value in HCRT Receptor-2 expression level
distribution (Figure 4) in the brain as compared to EPO
Receptor distribution (Figure 5). The reasoning follows the
fact that hypocretin Receptor expression level distribution
would have a positive long tail representing high expression
level and high demand for HCRT in the brain as compared
to EPO receptor expression level distribution. The Skewness
value would be 0.91 for HCRT Receptor-2 (Figure 4) versus
0.04 for EPO Receptor (Figure 5), a factor difference of about
20. The HCRT and EPO expression level distributions in
the brain are displayed in Figures 6 and 7, respectively. The
Skewness value would be 2.2 for HCRT (Figure 6) versus 1.1
for EPO (Figure 7), a factor difference of about 2. The large
factor difference in receptor expression level in the brain
would influence the selection of targeted receptors in drug
development.
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Figure 8: A plot of fractal dimension versus entropy for HCRT
CDSs in human, mouse, and zebrafish is displayed with 𝑅2 of
0.9998 and an adjusted 𝑅2 of 0.9996 (Series1 diamonds). The fractal
dimension is represented on the𝑥-axis, and the dinucleotide entropy
is represented on the 𝑦-axis. Rat HCRT CDS would be viewed as
an outlier (square) from the regression analysis of human (highest
fractal dimension), mouse and zebrafish (lowest fractal dimension).
GenBank information: mouse Mus musculus HCRT has Gen-ID-
15171, rat Rattus norvegicus HCRT has Gen-ID-25723, and zebrafish
Danio rerio HCRT has Gen-ID-613239.

Mouse model has become a popular choice in drug
development since evolution has been a corner stone for the
understanding of biology. A plot of fractal dimension versus
entropy for HCRT CDSs in human, mouse, and zebrafish is
displayed in Figure 8 with an adjusted 𝑅2 of 0.9996, and rat
HCRTCDSwould be viewed as an outlier from the regression
analysis of human, mouse, and zebrafish. The regression
result would be consistent with an evolutionary trend where
the human HCRT has the highest fractal dimension, and
zebrafish HCRT has the lowest fractal dimension. Similar
fractal dimension entropy plot on HCRT-R2 is displayed in
Figure 9 with an adjusted 𝑅2 of 0.965, and rat HCRT-R2 CDS
would be viewed as an outlier. The regression result would
be consistent with an evolutionary trend, where the human
HCRT-R2 has the lowest fractal dimension, and zebrafish
HCRT-R2 has the highest fractal dimension.The high fractal
dimension human HCRT combination of low fractal dimen-
sion human receptor HCRT-R2 would be consistent with a
docking complimentary relationship as discussed above in
terms of the significance of fractal dimension as an associated
parameter for roughness matching in a zipper analogy for
the understanding of transcription and translation. The
folding of lncRNA could be important for further studies
of docking and regulation in terms of sequence fractal
dimension computation, and metal controlled folding RNA
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Figure 9: A plot of fractal dimension versus entropy for HCRT-
R2 CDSs in human, mouse, and zebrafish is displayed with 𝑅2
of 0.982 and an adjusted 𝑅2 of 0.965 (Series1 diamonds). The
fractal dimension is represented on the 𝑥-axis, and the dinucleotide
entropy is represented on the 𝑦-axis. Rat HCRT-R2 CDS would
be viewed as an outlier (square) from the regression analysis of
human (lowest fractal dimension), mouse and zebrafish (highest
fractal dimension). GenBank information: mouse Mus musculus
HCRT has Gen-ID-387285, rat Rattus norvegicus HCRT has Gen-
ID-25605, and zebrafish Danio rerio HCRT has Gen-ID-561260.

could serve as a starting platform with UV Circular Dichro-
ism and Synchrotron based X-ray absorption spectroscopy
structural data [22]. In any event, when a fractal dimension
entropy map is used as a tool for evolutionary pressure
study beyond simple classification, a strong correlationwould
lend quantitative support to the choice of mouse model and
zebrafish model in HCRT drug development. Extension of
fractal dimension computation and correlation analysis to the
recently published dataset of expressed lncRNAs in zebrafish
embryogenesis would help HCRT drug development [23].

Recently the R47H variant of TREM2 was reported to
be associated with Late-onset Alzheimer’s disease (LOAD)
[24, 25]. The human TREM2 is known as an innate immune
receptor and signals through TYROBP (agonist with 4
mRNA variants and 4 CDS variants) to clear the dam-
aged tissue and reduce inflammation. The fractal dimension
computation and correlation is displayed in Figure 10 with
𝑅
2
= 0.999, 𝑁 = 5. The BLASTN comparison of TREM2

(lowest left corner data point in Figure 10) shows 𝐸 =
0.11, given a CDS of 693-nucleotide sequence versus a 366-
nucleotide sequence within the mRNA obtained by adding
the beginning and ending non-coding regions together. Sim-
ilar BLASTN comparison of TYROBP Variant 1 (uppermost
right corner data point in Figure 10) had returned a null
result, given a CDS of 342-nucleotide sequence versus a 266-
nucleotide sequence within the mRNA obtained as described
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Figure 10: The fractal dimension correlation of the TYROBP-
Variants 1−4 and TREM2 CDSs versus mRNAs involved in Late-
onset Alzheimer’s disease. 𝑅2 = 0.9992 (𝑁 = 5). Inclusion of
APOE (2.0267, 2.0382) would appear at the uppermost right corner
in contrast to TREM2 at the lowest left corner and would give 𝑅2 =
0.9993, 𝑁 = 6 (adjusted 𝑅2 = 0.99915, 𝑁 = 6). For comparison,
similar correlation analysis on the mouse and Bos taurus TYROBP,
TREM2, and APOE would give 𝑅2 values of 0.89 (𝑁 = 3), and 0.45
(𝑁 = 3) respectively. GenBank information: human TYROBP has
Gen-ID-7305, human TREM2 has Gen-ID-54209, mouse TYROP
has Gen-ID-22177, mouse TREM2 has Gen-ID-83433, mouse APOE
has Gen-ID-11816, Bos taurus TYROP has Gen-ID-282390, Bos
taurus TREM2 has Gen-ID-506467, and Bos taurus APOE has Gen-
ID-281004.

𝑦 = −0.2875𝑥 + 2.5333

𝑅
2
= 0.9495

1.945

1.95

1.955

1.96

1.965

1.97

1.96 1.98 2 2.02 2.04

Series1
Linear (series1)

Figure 11: Fractal dimension versus entropy for TYROBP-Variant
1, TYROBP-Variant 2, TYROBP-Variant 3, TYROBP-Variant 4,
and TREM2 CDSs involved in Late-onset Alzheimer’s disease in
human. The fractal dimension is represented on the 𝑥-axis, and the
mononucleotide entropy is represented on the 𝑦-axis. TYROBP-
Variant 1 has the highest fractal dimension and TYROBP-Variant
2 has the second lowest fractal dimension, and TREM2 has the
lowest fractal dimension. Inclusion of APOE (2.0382, 1.8673) would
suppress 𝑅2 to 0.32.

above. The fact that the CDS and mRNA of the studied
sequences have similar fractal dimension values but show
little or no relationship under BLAST investigation would
suggest a selection process, and the correlation showing 𝑅2
of 0.9992 (𝑁 = 5) among the 4 variants and the receptor
would suggest a systematic selection process, consistent with
the CDSs entropy versus fractal dimension plot having 𝑅2 of
0.949 (𝑁 = 5) in Figure 11.

As [24] pointed out, the apolipoprotein E (APOE) mal-
function still remains as themost important sequence variant
that would be risk of Late-onset Alzheimer’s disease. The
inclusion of APOE in Figure 10 would give 𝑅2 of 0.9993
(𝑁 = 6), suggesting a very stringent regulation in selecting
CDSs from mRNAs in the studied LOAD sequences. For
comparison, similar correlation analysis on the mouse and
Bos taurus TYROBP, TREM2, and APOE would give 𝑅2
values of 0.89 (𝑁 = 3) and 0.45 (𝑁 = 3), respectively. The
BLASTN comparison of human APOE had returned 𝐸 =
0.11, given a CDS of 954-nucleotide sequence versus a 269-
nucleotide sequence within the mRNA obtained by adding
the beginning and ending non-coding regions together. The
inclusion of HCRT and EPO informatics would suppress
the correlation to 𝑅2 values of 0.973 (𝑁 = 9) and 0.927
(𝑁 = 8), respectively, suggesting that HCRT drugs could be
a better choice for treating Late-onset Alzheimer’s disease as
compared to EPO drugs. The inclusion of APOE would give
𝑅
2 of 0.32 in the entropy versus fractal dimension graph in

Figure 11. The APOE sequence has the lowest entropy among
the studied sequences, and all CDSs have lower entropy
than mRNAs in the Late-onset Alzheimer’s disease studied
sequences. The APOE mononucleotide entropy of 1.8673
would suppress very slightly themono-nucleotide correlation
of mRNA versus CDS in Late-onset Alzheimer’s disease
studied sequences from 𝑅2 of 0.9948 (𝑁 = 5) to 0.9944
(𝑁 = 6). The Late-onset Alzheimer’s disease studied mRNAs
and CDSs show very high correlation in fractal dimension
(𝑅2 of 0.999) and entropy (𝑅2 of 0.994), consistent with a
Late-onset Alzheimer’s disease lncRNA hypothesis of high
fractal dimension satisfied by low entropy in CDSs selection
by deleting the lncRNAs with low entropy values about 1.91
except for TREM2 lncRNA having 1.995 bits per nucleotide
type.

High correlation results are also observed in two other
neurodegenerative disease involving TYROBP. The Nasu-
Hakola disease, a disorder affecting both brain and bone,
is known to be related to the malfunctioning of TREM2
or TYROBP [26]. The CSF1R (a microglial receptor) where
malfunctioning is associated with a corticobasal syndrome
called hereditary diffuse leukoencephalopathywith spheroids
was reported to be cosignaling with TYROBP [27]. The
addition of CSF1R in Figure 10 would reduce the correlation
from 0.999 (𝑁 = 5) to 0.992 (𝑁 = 6). The exploratory
study of noncoding RNA by comparing mRNA versus
CDS informatics has revealed regularity. An examination of
Figure 1 with 𝑅2 0.969 (𝑁 = 15) and Figure 10 with 𝑅2
0.999 (𝑁 = 6 including APOE) would suggest that the
noncoding RNA assembly process in Late-onset Alzheimer’s
disease would involve relatively highly systematic process or



Computational and Mathematical Methods in Medicine 7

processes as compared to familial early-onset Alzheimer’s
disease with APP, PSEN1, PSEN2, and APOE.The project has
used 𝑅2 differences in the order of 0.02 to be the demarcation
in the lncRNA investigation by comparing mRNAs versus
CDSs in a cluster of disease related sequences. The mRNA
versus CDS informatics comparative method could be a
supplement to the well-accepted BLAST method. Further
investigations using fractal analysis for neurodegenerative
disease sequences and currently targeted receptors would be
productive.

5. Conclusions

The long noncoding RNAs (lncRNAs) within the mRNA
sequences in Alzheimer’s disease genes, namely, APP, APOE,
PSEN1, and PSEN2, have been analyzed in terms of fractal
dimension computation and correlation analysis. The results
show that APP, APOE, and PSEN1 CDSs select slightly higher
fractal dimensions as compared to the mRNA sequences
with a pattern evidenced by correlation coefficient of 𝑅2 =
0.979 (𝑁 = 13 including variants). Inclusion of the 2 variants
in PSEN2 where CDSs have lower fractal dimension values
than mRNAs would yield 𝑅2 of 0.969 (𝑁 = 15). The
systematic selection of higher fractal dimension CDSs could
be indicative of characteristic interaction of Alzheimer’s
gene products APP, APOE, and PSEN1. The inclusion of
hypocretin sequences would improve the correlation (𝑅2 =
0.985, 𝑁 = 16) but inclusion of erythropoietin would
suppress the correlation (𝑅2 = 0.953, 𝑁 = 15), suggesting
that HCRT could be a relatively more important candidate as
a blocker or promoter when compared to EPO for targeting
in drug development with application to Alzheimer’s disease
clinical trials.TheHCRThypothesis would be consistent with
MRI brain scan containing microarray expression level data
from the Allen Brain Atlas database that shows higher Skew-
ness value in HCRT receptor expression level distribution as
compared to EPO receptor expression level distribution in
the brain. Study of sequence fractal dimension and entropy
correlation has provided quantitative supporting evidence,
consistent with evolutionary studies, for using zebrafish
model together with mouse model, in HCRT drug develop-
ment. The TREM2 and TYROBP mRNAs reported recently
in Late-onset Alzheimer’s disease also yield a correlation of
𝑅
2 of 0.999 (𝑁 = 6) using similar informatics analysis, but

HCRT informatics inclusion would suppress the correlation
slightly as compared to the EPO informatics inclusion.
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The structures of the seven transmembrane helices of G-protein-coupled receptors are critically involved in many aspects of these
receptors, such as receptor stability, ligand docking, and molecular function. Most of the previous multitemplate approaches have
built a “super” template with very little merging of aligned fragments from different templates. Here, we present a parallelized
multitemplate approach, patGPCR, to predict the 3D structures of transmembrane helices of G-protein-coupled receptors.
patGPCR, which employs a bundle-packing related energy function that extends on the RosettaMem energy, parallelizes eight
pipelines for transmembrane helix refinement and exchanges the optimized helix structures from multiple templates. We have
investigated the performance of patGPCR on a test set containing eight determined G-protein-coupled receptors. The results
indicate that patGPCR improves the TM RMSD of the predicted models by 33.64% on average against a single-template method.
Compared with other homology approaches, the best models for five of the eight targets built by patGPCR had a lower TM RMSD
than that obtained from SWISS-MODEL; patGPCR also showed lower average TM RMSD than single-template and multiple-
template MODELLER.

1. Introduction

G-protein-coupled receptors (GPCRs) are among the most
heavily investigated drug targets in the pharmaceutical indus-
try [1] because activatedGPCRs trigger a cascade of responses
inside the cell. Although about 800 GPCRs in the human
genome still await determining, the annual revenue in the
market for human therapeutics based on the currently avail-
able receptors is in excess of $40 billion, andmore than 50%of
modern drugs are related to GPCRs [2]. On the other hand, it
is still a very difficult problem to determine the conformation
of GPCRs in vivo. The lipid environment in which the
receptors are embedded blocks the two major techniques,
nuclear magnetic resonance (NMR) spectroscopy and X-ray
crystallography, that are used to determine protein structures.

It is really exciting that the Nobel Prize in Chemistry was
awarded in 2012 to two researchers studying the structure of
GPCRs.
Fortunately, as demonstrated by recent publications [3, 4],

in silico methods for deducing the three-dimensional struc-
ture of GPCRs have been increasingly successful. However,
the development of computational approaches to predicting
the structure of GPCRs remains a challenging task [5].
A lot of effort has been put into modeling the structures
of the full-chain and the loop sections of GPCRs [6–8]
and of membrane proteins [9, 10], whereas comparatively
little research has been done on building more accurate
models of the transmembrane helix sections of GPCRs,
because the transmembrane helical bundles are commonly
regarded as a conserved domain that can be easily duplicated
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from templates. In fact, the accuracy of the models of the
transmembrane helix sections is still far away from the
native structures, and it cannot meet the requirements for
subsequent full-chain prediction and the modeling of ligand
docking. For the GPCR Dock 2010 assessment [3] targets
CXCR4/CVX15, CXCR4/IT1t, andD3, the averages of the TM
RMSD values (the root mean square deviation of the back-
bone of the transmembrane helices) of all models submitted
by the participants were 3.56 Å, 9.75 Å, and 2.55 Å, respec-
tively, which are not high-resolution values (<2.0 Å). How
can one build high-resolution models of the conformations
of full-length GPCRs without an accurate transmembrane
helical bundle? This paper addresses this problem using a
parallelized multitemplate homology approach.
The classification of methods for the prediction of the

three-dimensional structure of GPCRs in silico into homol-
ogy modeling, threading, and ab initio folding follows the
classification ofmethods for protein structure prediction.The
homology method builds models starting from one or more
template structures with a high sequence similarity. When
the sequence identity between target and template is more
than 50%, near-native models tend to be generated. When it
is less than 30%, the accuracy of themodels decreases sharply.
SWISS-MODEL [11], Sybyl [12], Prime [13], MODELLER
[14], NEST [15], SEGMOD/ENCAD [16], 3D-JIGSAW [17],
and Builder [18] are widely used, stable, reliable, and accurate
systems for homologymodeling.The threadingmethod oper-
ates by “threading” (i.e., placing and aligning) each amino
acid (or amino acid segment) in the target sequence into a
position in the three-dimensional structure and evaluating
how well the target fits the template. Zhang et al. [6] used
TASSER to generate structure predictions for all 907 putative
GPCRs in the human genome. Based on a benchmarked
confidence score, approximately 820 of the predicted models
should have the correct folds. Ab initio prediction of protein
structure involves modeling the dihedral angles for each
residue based on the minimum-free-energy principle, with-
out the use of any experimentally solved structures. Baker’s
group [19, 20] was successful in the recent CASP (the Critical
Assessment of protein Structure Prediction) challenge and
designed a membrane-environment-related energy function
to guide membrane protein folding.
Homology approaches can be divided into two categories,

namely, single-template and multiple-template, depending
on the number of templates employed in modeling. Single-
template homology approaches cannot always achieve the
best results, owing to difficulties in detecting the best
template, particularly when remote homology is detected
[21]. Multitemplate approaches can effectively combine more
reasonably aligned regions than the single-template approach
Cheng [22] reported that a multitemplate combination algo-
rithm improved the GDT-TS scores of the predicted models
by 6.8% on average for 45 CASP7 comparative-modeling
targets. Liu et al. [23] took into account the information rep-
resented by multiple templates and alignments at the three-
dimensional level by mixing and matching regions between
different initial comparative models, and the multitemplate
approach produced conformational models of higher quality
than the individual starting predictions. MODELLER [14]

modeled 3D conformations by optimally satisfying spatial
restraints derived from the alignment and expressed as prob-
ability density functions for the features restrained.NEST [15]
produced a model by taking a sequence alignment of a target
to one or multiple template PDB files as input. 3D-JIGSAW
[17] used a convergence of algorithms for comparative mod-
eling which led to more reliable structures by superimposing
multiple known structures from a protein family. In our
opinion, previous multitemplate approaches have generally
built a “super” template, which might ignore the flexibility
of aligned structures from different templates. The long-
distance homology information from different templates
should be exchanged in each iteration rather than directive
merging structures.
This paper proposes a parallelized multitemplate ap-

proach, inspired by our previous method pacBackbone [24,
25], for the prediction of the three-dimensional structure
of the transmembrane helices of GPCRs. The system pro-
posed here is referred to as “patGPCR” (parallelized multi-
template approach to GPCR transmembrane helix structure
prediction). Parallelization not only accelerates the running
speed but also provides a novel and effective mechanism
to exchange homology regions between templates softly. We
have exploited our method to predict tertiary structures
for all eight determined GPCRs published on the GPCR
Network website (http://gpcr.scripps.edu/index.html). Com-
pared with other homology approaches, the best models
for five of the eight targets built by patGPCR had a lower
TM RMSD than was obtained from SWISS-MODEL, patG-
PCR showed lower average TM RMSD than single-template
MODELLER, and patGPCR showed only one higher average
TM RMSD target compared with multiple-template MOD-
ELLER.

2. Materials and Methods

2.1. Parallelized Framework of patGPCR. GPCRs share a sim-
ilar structural topology, composed of seven transmembrane
(TM) helices packed into a 7-TM helical bundle, with three
intracellular (icls) and three extracellular loops (ecls) [26].
Thus, single helical refinement should be paralleled in inde-
pendent threads. The parallelized framework for patGPCR is
depicted in Figure 1. At the beginning of patGPCR, top 2–
4 templates were examined for sequence identities using the
Protein Data Bank (http://www.rcsb.org/pdb), which were
used as starting template conformations. Eight parallelized
pipelines which involve independent subprocedures (or
threads) were used to randomly select starting conformations
of the templates. Each pipeline containing TM refinement
and loop refinement optimized an adjacent helix pair region.
The first and the last pipelines optimized only one helix and
one terminus. To use reasonable structural regions within
different templates, TM helix crossing step and elite pool
were introduced into the parallelized framework at the end
of the pipelines. In the crossing step, each pipeline shared
the best-so-far helix with other pipelines. If lower energy
was obtained by helix crossing, the helix substitution was
accepted; otherwise, it was rejected. Optimized conforma-
tions are conserved in the elite pool prepared for the next
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(1) Input: 𝑃 is starting conformation, TM[] is the set of residue numbers for TM
regions, Loop[] is the set of residue numbers for loop regions.
Output: conformation after TM refined
𝐸
𝑚
is the Rosetta membrane energy function with S.

𝐸
𝑠𝑐𝑜𝑟𝑒3

is the Rosetta score3 energy function.
(2)

⃗
𝑑
𝑇𝑀
[] = getHelixAxis();

(3)
⃗

𝑑
𝑀
= getMembrane();

(4) for 𝑖 = 1 to STAGE2 CYCLES do
(5) 𝑃

 = transferHelix(P, TM[], RND(−5, 5), RND(−5, 5), RND(−5, 5));
(6) if (𝐸

𝑚
(𝑃

) < 𝐸
𝑚
(𝑃)) 𝑃 ← 𝑃

;
(7) end for
(8) for 𝑖 = −180 to 180 do
(9) 𝑃

 = spinHelix(P, TM[], ⃗
𝑑
𝑇𝑀
[], 𝑖);

(10) if (𝐸
𝑚
(𝑃

) < 𝐸
𝑚
(𝑃)) 𝑃 ← 𝑃

;
(11) end for
(12) for 𝑖 = 1 to STAGE4 CYCLES do
(13) 𝑃

 = tiltGaussianHelix(P, TM[], ⃗
𝑑
𝑀
, 30, 6);

(14) if (𝐸
𝑚
(𝑃

) < 𝐸
𝑚
(𝑃)) 𝑃 ← 𝑃

;
(15) end for
(16) LoopModelRandomly(Loop[], 𝐸

𝑠𝑐𝑜𝑟𝑒3
)

(17) P = crossHelices(P, TM[]);
(18) Output: 𝑃;

Algorithm 1: Refinement by single pipeline (P, 𝑇𝑀[], 𝐿𝑜𝑜𝑝[]).

iteration.Thus, the crossing step and elite pool are two critical
mechanisms of patGPCR to identify reasonable structures
from multiple templates to pipelines and iterations.

2.2.Multiple Templates for EightGPCRTargets. patGPCRwas
evaluated by using blind prediction testing the set of the eight
determined GPCRs published on the GPCR network. Amino
acid sequence was the only input used for blind prediction,
which is commonly employed in GPCRDock2008/2010 and
CASP exercises. This is the largest set used for directly
evaluating prediction results. patGPCR employed 2–4 tem-
plates (column 4 in Table 1) for each target in the test set.
The top three or four templates were selected by standard
protein BLAST based on default parameters. Most sequence
similarities between the templates and targets were lower
than 50% and average sequence similarity for the templates
was 36% (column 6 in Table 1). In some cases, the templates
have high-sequence identity. There are two reasons why we
did not remove these cases from benchmark. First, we are
interested in validating the modeling ability of patGPCR
based on various templates with different sequence identities.
Second, patGPCR, SWISS-MODEL, and MODELLER used
the same templates in the comparing experiments, so the
results we presented are fair for these methods, no matter
high- or low-sequence identity the templates is.

2.3. TM Refinement Protocol. The 7-TM helical bundle is the
primary topology of GPCRs, which comprises approximately
75% of amino acids in the entire protein chain. The TM
helix has been conserved throughout evolution [5]. However,
in a recent GPCRDock2008/GPCRDock2010 study, average
TM RMSDs of CXCR4/CVX15, CXCR4/IT1t, and D3 were

3.56 Å, 9.75 Å, and 2.55 Å. The accuracy of predicting TM
regions can be improved, and the correct TM position and
orientation ensure that loop regions are properly oriented.
TM refinement protocols employed using patGPCR are based
on 7-TMgeometrical topology reflecting the bundle structure
using a set of geometrical parameters. Topologically, each
TM helix is regarded as a rigid body, and relative positions
of internal atoms remain fixed when moving or rotating the
rigid body.
TM refinement is divided into four stages. In the first

stage, patGPCR was used to identify TM boundaries by
averaging the results of six existing methods: TopPred [27],
UniProt [28], TMpred [29], HMMTOP [30], TMHMM [31],
and OCTOPUS [32]. In the second stage, translation of each
rigid body along, or perpendicular to, the axis of the helix
was used to optimize the relative positions of seven helices.
In the third and fourth stages, spin angels and tilt angles were
refined, respectively.

2.4. Loop Refinement Protocol. patGPCR, which involves
an entirely predictive approach for GPCRs, combines two
Rosetta loop modeling protocols. Due to high flexibility in
loop regions, ab initio methods typically involve calculation
of possible loop conformations with the help of various
energy functions and minimizations [33–35]. patGPCR par-
alleled two Rosetta loop modeling protocols, including CCD
[36] and KIC [37] modeling with Rosetta energy function
score3. Each pipeline was used to randomly choose a loop
movement to refine the loop section.

2.5. The Algorithm Executed by Single Pipeline. Algorithm 1
executed by single pipeline contains TM and loop refinement
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Figure 1: Parallelized framework of patGPCR.

at lines 2–15 and line 17, respectively. In the 2nd line, function
𝑔𝑒𝑡𝐻𝑒𝑙𝑖𝑥𝐴𝑥𝑖𝑠() gets the direction vector of the axis of

the helix
→

𝑑
𝑇𝑀
[]. In the 3rd line, function 𝑔𝑒𝑡𝑀𝑒𝑚𝑏𝑟𝑎𝑛𝑒()

gets the normal vector of the membrane plane
→

𝑑
𝑀
. The

4th–7th lines execute second TM refinement stage and
function 𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟𝐻𝑒𝑙𝑖𝑥(𝑃, 𝑇𝑀[], 𝑅𝑁𝐷(−5, 5), 𝑅𝑁𝐷(−5, 5),
𝑅𝑁𝐷(−5, 5)) randomly translates the helix from current
position along x-, y-, or z-axis ranging from −5 Å to 5 Å.
The new helix position would be accepted if the new energy
𝐸
𝑚
is lower than the energy before translating. The 8th–11th

lines execute the third TM refinement stage and function

𝑠𝑝𝑖𝑛𝐻𝑒𝑙𝑖𝑥(𝑃, 𝑇𝑀[],

→

𝑑
𝑇𝑀
[], 𝑖) spins the helix from −180 to 180

degrees and validates the new position using energy function
𝐸
𝑚
. The 12th–15th lines execute the fourth TM refinement

stage and function 𝑡𝑖𝑙𝑡𝐺𝑎𝑢𝑠𝑠𝑖𝑎𝑛𝐻𝑒𝑙𝑖𝑥(𝑃, 𝑇𝑀[],

→

𝑑
𝑀
, 30, 5)

samples the tilt angles between the helix and the normal
plane of transmembrane according to gaussian distribution
(expected value is 30 and the variance is 6). In the 16th line,
function 𝐿𝑜𝑜𝑝𝑀𝑜𝑑𝑒𝑙𝑅𝑎𝑛𝑑𝑜𝑚𝑙𝑦() refines the loop regions
using Rosetta KIC or CCD remodel protocol randomly. In
the 17th line, function 𝑐𝑟𝑜𝑠𝑠𝐻𝑒𝑙𝑖𝑐𝑒𝑠() exchanges the helixes
among pipelines.

2.6. Energy Item for Evaluating the Helical Bundles. Devel-
oping an appropriate energy function remains a challenge
in predicting GPCR 3D structures. An accurate energy
function can be used to distinguish near-native models from
candidates, while an imprecise energy function may not
recognize near-native models even if they have been sampled
by using an accurate search algorithm. patGPCR improves
the Rosetta membrane energy function [19] by including a
novel energy item 𝐸

 for evaluating rigid helix packing. After

S1

S2 S3

S4
S5

S6S7

Figure 2: Parallelized framework of patGPCR.

projecting helices onto the membrane plane, Figure 2 was
constructed to show 𝑆1–𝑆7, which is the area of triangles
constituted by the center point𝑂 and two intersection points
of adjacent helix axes with the membrane plane. In (1), 𝑆
is the sum of 𝑆1–𝑆7 and 𝑆min and 𝑆max are the maximum
and minimum values of 𝑆 in known structures of GPCRs.
A smaller 𝐸 indicates a tighter 7-TM helical bundle, while
a greater 𝐸 indicates a looser bundle. Detection of collisions
between residues is included in the Rosettamembrane energy
function.Thus, the Rosettamembrane energy functionwhich
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Table 2: Comparison with GPCRDocking2010 participants.

Number Group name CXCR4 TM RMSD Group name D3 TM RMSD
1 UMich-Pogozheva 2.05 UMich-Zhang 1.26
2 UMich-Zhang 2.08 Monash-Hall 1.35
3 VU-MedChem 2.14 WUStL 1.35
4 Monash-Sexton-1 2.18 Monash-Sexton-2 1.37
5 UMich-Zhang 2.18 WUStL 1.37
6 patGPCR 2.165 patGPCR 0.930

includes an additional item 𝐸
 is employed by the patGPCR

TM refinement algorithm:

𝐸

=

{
{
{
{
{
{
{
{
{
{
{

{
{
{
{
{
{
{
{
{
{
{

{

(𝑆 − 𝑆min)
2

𝑆
2

min
, 𝑆 < 𝑆min,

0, 𝑆min < 𝑆 < 𝑆max,

(𝑆 − 𝑆max)
2

𝑆
2

max
, 𝑆 < 𝑆max,

(1)

3. Results

3.1. The Contribution of TM Refinement Protocol Employed
by Single Pipeline. The contributions of TM refinement
protocols were investigated on the comparison with mod-
els submitted by GPCRDOCK2010 participants. GPCR-
DOCK2010 exercise is a community-wide assessment for
GPCR homology-modeling and docking. The participants
submitted the best five candidates of targets CXCR4 and
D3. We executed patGPCR to optimize the helical bundles
starting from the submitted conformations downloaded from
GPCRDOCK2010 official website. The TM RMSD of the
best model after refining and top 5 models published on
GPCRDOCK2010 are listed in Table 2. For CXCR4 (D3)
target, the TM RMSD of the best model after refining is
2.165 Å (0.93 Å), which ranks 4th (1st) among 161 (168)
submitted models.

3.2. The Contribution of Parallelized Multitemplate. We
examined the contributions of multiple-templates versus a
single-template of patGPCR with the same settings. The
number of templates used by the patGPCR ranged from two
to four. Average of sequence identities between the templates
and targets was 36%. Compared to multitemplate patGPCR,
single-template patGPCR employed only one template and
did not utilize the helix crossing step.
Full-length RMSD (FL RMSD) of GPCR and TM RMSD

comparisons are plotted in Figure 3; dots with higher RMSD
values (>15 Å) are not included. The average improvement in
TMRMSDusing themultiple-template patGPCRwas 33.64%
(raw TM RMSD increase 1.57 Å, columns 4 and 8 in Table 1).
Multiple-template patGPCR yielded a higher number

of low TM RMSD conformations than the single-template
patGPCR in most cases (five out of eight targets), including
CXCR4 (Figure 3(a)), D3 (Figure 3(d)), A2A (Figure 3(e)),
KOR3 (Figure 3(g)), and Beta2 (Figure 3(h)). In other cases,

the multitemplate approach showed similar performance
with single-template patGPCR, including KOR1, HH1R, and
S1P1 in Figures 3(b), 3(c), and 3(f). For KOR1, the narrow
sampling space in the single template may have resulted from
similar performance between multiple-template and single-
template patGPCR. For HH1R and S1P1, both multiple-
template and single-template patGPCR appeared to show
bottlenecks. One reason for this may be that the trans-
membrane refining protocol employed by multiple-template
and single-template approaches failed in some cases. Further
analysis is described in Section 4.3.

3.3. Comparison of patGPCR to Homology Approach SWISS-
MODEL. The SWISS-MODEL [16] is a widely used homol-
ogy modeling approach which provides online prediction
and manual template specification. We executed the SWISS-
MODEL to predict eight targets using the same templates
as used in patGPCR (Table 1). Three predictions that failed
using the SWISS-MODEL are indicated as “×” in column 9
in Table 1.
For each decoy (set of conformations of the predicted

result) predicted by patGPCR, the top 400 conformations in
terms of TM RMSD were reserved, while the others were
eliminated from the decoy. Thus, we simplified selection of
the nearest native prediction from the decoys. We depicted
the comparison of decoys from the SWISS-MODEL results
using a box-and-whisker plot (Figure 4). Prediction accuracy
was expressed as the RMSD in angstroms, which was cal-
culated after superimposing the corresponding coordinates
of alpha-carbons determined by prediction and those of the
native structure. To accurately determine transmembrane
helices, the best model of five targets (CXCR4, KOR1, D3,
A2A, and Beta2) yielded by patGPCR showed lower TM
RMSD values than those determined using the SWISS-
MODEL. patGPCR showed similar transmembrane accuracy
on two targets (HH1R and S1P1); another target (KOR3),
patGPCR, was inferior to the target identified using the
SWISS-MODEL. In Figure 4, the accuracy of full-length
chain and loop regions is shown. For four of the eight targets
(KOR1, HH1R, KOR3, and Beta2), the best models predicted
by patGPCR showed lower full-length RMSD values than
those generated using the SWISS-MODEL. It is not surpris-
ing that only three targets (KOR1, KOR3, and Beta2) for
patGPCR were more accurately predicted compared to the
SWISS-MODEL regarding the accuracy of loop regions since
patGPCR places emphasis on helix optimization, whereas
relatively little emphasis is placed on loop optimization and
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Figure 3: Continued.
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Figure 3: Comparison of multiple-template and single-template patGPCR for eight GPCR targets.The x- and y-axes indicate TMRMSD and
FL RMSD, respectively. Results generated using the multitemplate approach are shown in red and those generated using the single-template
version of patGPCR are shown in green, blue, and purple. For five out of eight targets, CXCR4 (a), D3 (d), A2A (e), KOR3 (g), and Beta2
(h), the multitemplate approach yielded a higher number of conformations with lower TM RMSD values than the single-template approach.
For KOR1 (b), the narrow sampling space in any single template may have resulted in similar performances for the multiple-template and
single-template approaches.

the loop regions were excluded in the crossing step. Next,
statistical properties of the representative solutions, the top
400 conformations regarding TM RMSD, for each decoy set
were investigated. For each result decoy, Figure 5 shows the
1-percentile average (x-axis) and standard deviation (error
bars of symbols) for every test instance, calculated from 50-
fold bootstrap estimation using the BioShell package [38].We
choose the 1 percentile compared with the SWISS-MODEL
results (y-axis) since only some of the decoys will be retained
for further analysis, such as side chain refinement, ligand
docking, and virtual screen. In Figure 5, patGPCR showed
14, 16, and 11 better results (below the line) for a total of 20
symbols on TM, FL, and loop RMSD values, respectively. In
Figure 5, the lower deviations of the error bars indicate that
patGPCR exhibits robust performance in most cases.

3.4. Comparison of patGPCR to Homology Approach MOD-
ELLER. MODELLER [14] is a well-known tool used for
single-template and multiple-template homologies or com-
parative modeling of protein three-dimensional structures.
We conducted single-template and multiple-template exper-
iments using MODELLER on the same Linux system and
hardware as was used for patGPCR. For a reasonable compar-
ison, single-template MODELLER generated 1300 predicted
conformations, which was similar to the average predicted
number of 1358.75 conformations generated by patGPCR,
for each target and each template. Multiple-template MOD-
ELLER was also used to generate 1300 prediction confor-
mations for each target. MODELLER also employed the
same templates as patGPCR listed in Table 1. MODELLER
aligning commands, including align2d() and salign(), which
reportedly take into account structural information from the

template when constructing an alignment, were used to align
templates to the targets.
MODELLER experimental results are tabulated in col-

umns 10 and 11 in Table 1.The 10th column shows the average
and standard deviation of TM RMSD of conformations
generated using the single-template MODELLER, and the
11th column shows the average and standard deviation of
TM RMSD of conformations generated by the multiple-
template MODELLER. For six out of eight targets, patG-
PCR showed lower average TM RMSD than single-template
MODELLER, and patGPCR showed only one higher average
TM RMSD target compared with multiple-template MOD-
ELLER. Multiple-template patGPCR yielded a larger number
of lower TM RMSD conformations than the single-template
patGPCR for most cases (five out of eight targets), including
CXCR4, D3, A2A, KOR3, and Beta2. However, no target was
improved by usingmultiple-templateMODELLER.The aver-
age TM RMSD values for conformations generated by using
multiple-templateMODELLERwere nearly two times higher
than those generated using single-template MODELLER.
The lower standard deviation in column 11 indicates that a
narrow structural sampling strategywas adopted bymultiple-
template MODELLER, which may have led to the multiple-
template MODELLER being trapped by an unaligned region.
Finally, a direct visual comparison of conformations

yielded by native, patGPCR, SWISS-MODEL, and MOD-
ELLER are depicted in Figure 6.

4. Discussions

4.1. Complexity Analysis of patGPCR. Since patGPCR does
not synchronize the exchange of helices between pipelines,
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Figure 4: A box-and-whisker plot comparing FL, TM, and Loop RMSD between patGPCR and the SWISS-MODEL. The maximum,
minimum, 1st quartile, 3rd quartile, mean (shown by +), and average (shown by ×) of RMSD (y-axis in angstrom) of FL, TM, and loop
RMSD values are shown in red, black, and green for each target (x-axis). The results of the SWISS-MODEL are marked as blue circles in the
corresponding box. The left-top panel is a detailed illustration in the range from 0.5 Å to 10 Å.

the complexity of patGPCR depends on that of a single
pipeline repeating Algorithm 1 𝑇 times. For a GPCR target
with 𝑛 amino acid residues, the functions 𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟𝐻𝑒𝑙𝑖𝑥(),
𝑠𝑝𝑖𝑛𝐻𝑒𝑙𝑖𝑥(), and 𝑡𝑖𝑙𝑡𝐺𝑎𝑢𝑠𝑠𝑖𝑎𝑛𝐻𝑒𝑙𝑖𝑥() execute a movement
of each residue in the helices, so these three functions have
the same time complexity, 𝑂(𝑛). Therefore, the complexity
of the TM refinement contained in the three stages from
the fourth to the 15th line of Algorithm 1 is 3 × 𝑂(𝑛

2
).

The function 𝑐𝑟𝑜𝑠𝑠𝐻𝑒𝑙𝑖𝑐𝑒𝑠() exchanges the residues in each
pair of helices and has complexity 𝑂(𝑛2). The complexity
of 𝐿𝑜𝑜𝑝𝑀𝑜𝑑𝑒𝑙𝑅𝑎𝑛𝑑𝑜𝑚𝑙𝑦() is determined by that of the
Rosetta CCD and KIC refinement protocols, which are both
composed of two-layer iterations repeating 𝑜𝑢𝑡𝑒𝑟 𝑐𝑦𝑐𝑙𝑒𝑠 and
𝑖𝑛𝑛𝑒𝑟 𝑐𝑦𝑐𝑙𝑒𝑠 (Rosetta parameters). Moreover, we generally
set the parameters 𝑇, 𝑆𝑇𝐴𝐺𝐸2 𝐶𝑌𝐶𝐿𝐸𝑆 (in the fourth
line of Algorithm 1), 𝑆𝑇𝐴𝐺𝐸4 𝐶𝑌𝐶𝐿𝐸𝑆 (in the 12th line of
Algorithm 1), 𝑜𝑢𝑡𝑒𝑟 𝑐𝑦𝑐𝑙𝑒𝑠, and 𝑖𝑛𝑛𝑒𝑟 𝑐𝑦𝑐𝑙𝑒𝑠 in a way that is
linearly dependent on 𝑛. In summary, the time complexity
of the parallelized patGPCR is eight times of that of a single
pipeline, which is 𝑛 × (3 × 𝑂(𝑛2) + 𝑂(𝑛2) + 𝑂(𝑛2)) = 𝑂(𝑛3).
The space complexity of patGPCR is mainly determined

by the elite conformation pool shown in Figure 1, the set of

residue numbers for the transmembrane regions 𝑇𝑀[], and
the set of residue numbers for the loop regions 𝐿𝑜𝑜𝑝[]. The
pool is designed to store the coordinates of four backbone
atoms of the elite conformations with the same size of
template, so it requires 4 × 3 × 𝑛 × 𝐹 space, where 𝐹 is the
number of available templates for the corresponding GPCR
targets. 𝑇𝑀[] and 𝐿𝑜𝑜𝑝[] obviously require 𝑂(𝑛) space. The
space complexity of patGPCR is then𝑂(4 × 3 × 𝑛 × 𝐹) + 2 ×

𝑂(𝑛) = 𝑂(𝑛).

4.2. Why Does the patGPCR Approach Work in General?
The following factors may contribute to the improvement
in transmembrane helix structural prediction. First, a multi-
template approach can effectively combine more reasonably
aligned regions than a single-template approach. Single-
template approaches use the top-ranked template and its
alignment with the target protein to model the structure.
These approaches cannot always achieve the best results,
owing to difficulties in detecting the best template, partic-
ularly when remote homology is detected between targets
and templates [39]. Because most of the sequence similarities
among GPCRs are less than 50%, it is unreliable to attempt to
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green, and blue show the comparison on TM, FL, and loop RMSD
values, respectively. Points below the line represent targets where
patGPCR yields higher accuracy, and above the line the SWISS-
MODEL yields higher accuracy.

obtain high-resolution models using only a single template.
We believe that each template, even if it has lower sequence
similarity (<30%), contains a reasonable structure for the
targets overall. Multiple-template approaches can not only
increase the alignment coverage but also broaden the con-
formation search space by extracting aligned fragments from
different templates.
Second, the parallelized approach enables an effective

schema for exchanging reasonable regions among multiple
templates. Previous multitemplate approaches [22, 40] have
generally built a “super” template by methods that involve
very little merging of aligned fragments from different
templates, whereas the parallelized schema of patGPCR
includes a soft resolution for introducing aligned regions and
exchanges the reasonable helices between different pipelines
at the end of an iteration. Therefore, the contribution of
aligned regions from different templates will not only influ-
ence the beginning of the algorithm but also be preserved
in subsequent iterations. Fortunately, because the helices that
the GPCRs have in common are conserved, the transmem-
brane refinement protocol (see Section 2.3) will improve the
accuracy of the aligned regions by moving the coordinates
of the atoms toward lower free energy. This also helps the

parallelized schema to broadcast the reasonable regions to the
elite conformation pool.
Third, the additional energy item 𝐸 related to the helical

bundles (see Section 2.6) can reasonably guide the helices
toward assembling into a tighter bundle, although not per-
fectly.The combination of theRosettamembrane scorewith𝐸
based on the GPCR targets is effective in patGPCR, as shown
in our experiments.

4.3. Limitations of patGPCR. On the other hand, patGPCR
can also be improved in some respects. First, owing to the
inadequately known structures of GPCRs, we could only
validate the strengths and weaknesses of patGPCR on eight
determined cases published on the GPCR Network website.
These eight targets are the largest test data set for GPCRs
at present. Therefore, the question of whether the current
results of our experiments are occasional instances or have
some universality cannot be answered immediately. Second,
patGPCR seemingly encountered a bottleneck in some cases
(in Figures 3(c) and 3(f)); it was difficult for patGPCR to
obtain an accuracy results than single-template approach.
The bottleneck may have two reasons: (a) the energy term
in (1) improves the Rosetta energy function, but it is still
not good enough to distinguish between the near-native
conformations and (b) in patGPCR, the helix is treated as a
rigid body, unlike real helices, which have disorder, irregular
regions, and flexibility. The coordinates of the atoms in the
interior of the helix are likely to cause a loss of precision.
Third, although patGPCRgenerates a higher quality of decoys
in the transmembrane regions, the difficulty of building
accurate models of loop regions with high flexibility is a
consequence of the difficult issues of the GPCR structure
prediction problem.

4.4. Ability of New Energy Item. The ability of the new energy
item 𝐸

 was investigated for six GPCR targets, including
CXCR4, KOR1, D3, A2A, KOR3, and Beta2, whose aver-
age TM RMSDs were lower than 5 Å. The relatively lower
average TM RMSD values gained by using both patGPCR
and MODELLER indicate that the accuracy of these targets
depend on the energy functions. In Table 3, the top quarter of
conformations in terms of TM RMSD values from the decoy
of multiple-template patGPCR were chosen to compare how
many conformations could be predicted usingMEM (Rosetta
membrane score) and 𝐸 (new energy item). For four targets
(KOR1,D3, A2A, andKOR3),𝐸 identifiedmore nearly native
conformations than MEM. Only one target (CXCR4) was
identified to have fewer conformations than MEM.

5. Conclusion

In this paper, we have presented a parallelized multitem-
plate approach, patGPCR, to predicting the 3D structure of
the transmembrane helices of G-protein-coupled receptors.
patGPCR, which employs a bundle-packing-related energy
function that improves on the RosettaMem energy, paral-
lelizes eight pipelines for the refinement of transmembrane
helix structures and exchanges the optimized helix structures



Computational and Mathematical Methods in Medicine 11

A2A

(a)

CXCR4

(b)

Figure 6: Superimposition of conformations yielded by native (red), patGPCR (green), SWISS-MODEL (blue), and MODELLER (cyan).
The four red cycles indicate that patGPCR (green) backbones in the TM region are closer to native (red) than those predicted using the
SWISS-MODEL (blue) and MODELLER (cyan) in targets A2A (a) and CXCR4 (b).

Table 3: Comparison of MEM and 𝐸.

Target
names Numbera Neitherb Only 𝐸c Only MEMd Bothe

CXCR4 232 137 8 87 0
KOR1 304 107 86 52 59
D3 444 249 82 75 38
A2A 520 72 192 133 123
KOR3 352 172 84 74 22
Beta2 224 77 42 42 63
aThe number of top quarter conformations in terms of TM RMSD from the
decoy.
bThe number of conformations that was neither in top quarter conforma-
tions in terms of MEM nor in top quarter conformations in terms of 𝐸.
cThe number of conformations that was only in top quarter conformations
in terms of 𝐸.
dThe number of conformations that was only in top quarter conformations
in terms of MEM.
eThe number of conformations that was both in top quarter conformations
in terms of MEM and in top quarter conformations in terms of 𝐸.

among multiple templates. We have investigated the perfor-
mance of patGPCR on a test set containing eight determined
GPCRs published on the GPCR Network website.The results
indicate that our multitemplate algorithm improves the TM
RMSD values of the predicted models by 33.64% on average
against a single-template method. Compared with other ab
initio and homology approaches, patGPCR yielded more
predicted conformations with high-resolution structures of
the transmembrane helices. The best models for five of the
eight targets built by patGPCR had a lower TM RMSD than
had the models obtained from SWISS-MODEL, and half of
them had a lower full-length RMSD. For six out of eight

targets, patGPCR showed lower average TM RMSD than
single-templateMODELLER, and patGPCR showed only one
higher average TM RMSD target compared with multiple-
template MODELLER.
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Kawasaki disease (KD) is a complex disease, leading to the damage of multisystems. The pathogen that triggers this sophisticated
disease is still unknown since it was first reported in 1967. To increase our knowledge on the effects of genes in KD, we extracted
statistically significant genes so far associated with thismysterious illness from candidate gene studies and genome-wide association
studies. These genes contributed to susceptibility to KD, coronary artery lesions, resistance to initial IVIG treatment, incomplete
KD, and so on. Gene ontology category and pathways were analyzed for relationships among these statistically significant genes.
These genes were represented in a variety of functional categories, including immune response, inflammatory response, and cellular
calcium ion homeostasis. They were mainly enriched in the pathway of immune response. We further highlighted the compelling
immunepathway ofNF-AT signal and leukocyte interactions combinedwith another transcription factorNF-𝜅B in the pathogenesis
of KD. STRING analysis, a network analysis focusing on protein interactions, validated close contact between these genes and
implied the importance of this pathway. This data will contribute to understanding pathogenesis of KD.

1. Introduction

KD is a systemic vascular disease preferentially occurring
in infants and children [1, 2]. It is characterized by the
development of coronary artery aneurysms (CAA) which
may result in fatal thrombosis and sudden cardiac failure.
Clinical manifestations of KD include prolonged fever (1-2
weeks, mean 10-11 days), conjunctival infection, oral lesions,
polymorphous skin rashes, extremity changes, and cervical
lymphadenopathy, all of which comprise diagnostic criteria
[3]. However, great majority of children failed to manifest
typical characteristics. In addition to the diagnostic criteria,
there are a broad range of nonspecific clinical features, includ-
ing irritability, uveitis, aseptic meningitis, cough, vomiting,
diarrhea, abdominal pain, gallbladder hydrops, urethritis,
arthralgia, arthritis, hypoalbuminemia [4], liver function
impairment, and heart failure [5, 6]. The peaked incidence
at 9 to 11 months of age coincides with fading of maternal
immunity, and symptoms partly similar to other infectious

disorders suggest that some microorganisms may trigger
this disease. Despite great efforts to identify the cause for
nearly a half a century, the etiology of KD still remains
unknown [7]. However, the role of genetic susceptibility to
KD has long been evident through its striking predilection
for children of Japanese ethnicity regardless of their country
of residence; compared with Caucasian children, Japanese
children have a relative risk of KD that is 10 to 15 times
higher [8–10]. Siblings of KD children have a relative risk
that is 6 to 10 times greater than that of children without a
family history, and the parents of Japanese children with KD
are twice as likely to have had KD themselves as children
than other adults in the general Japanese population [11–
14].

Candidate gene studies and genome-wide studies have
been successively applied to explore the association between
genetic effect and thismysterious disease [15, 16].Many suspi-
cious genes related to innate and acquired immune functions
or to vascular remodeling have been studied [15, 17–19].
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Genetic studies of KD were conducted not only to clarify
the genetic background but also in the hope of providing
clues about its etiology and pathogenesis. However, none of
these studies have analyzed the internal association between
these significant association genes and explored the possible
pathogenic process in KD from overall level.

In this paper, we aim to extract statistically significant
genes associated with KD (Up to September 2012, from all
English databases) to explore their association and analyze
their function in the pathogenesis of KD. This study is a
systematic summary of previous research. Further studies on
clinical validation will be summarized in our next study.

2. Methods and Materials

2.1. Extracting Genes with Statistical Significance. We per-
formed a computerized search of Ovid, Google Scholar,
and PubMed databases up to September 2012 and reviewed
cited references to identify the relevant studies. Citations
were screened at the title/abstract level and retrieved as full
reports. Search keywordswere “Kawasaki disease,” “Kawasaki
syndrome,” “lymph node syndrome,” “mucocutaneous lymph
node syndrome” combined with “polymorphism,” “gene,”
“genetic,” “allele,” and “genotype”. The inclusion criteria of
genes were those who have significant association with KD
contributed to susceptibility, vascular lesions, resistance to
initial IVIG treatment, late diagnosis of KD, and incomplete
KD.

2.2. Data Analysis. DAVID (http://david.abcc.ncifcrf.gov/,
version: 6.7) was used to process the bioinformatics analysis
of these candidate genemarkers, including gene classification
(based on Biological Process Ontology and Molecular Func-
tionOntology, resp.), enrichment analysis for significant gene
ontology categories, KEGG (Kyoto Encyclopedia of Genes
and Genomes) pathway mapping, and significant pathway
computing. GeneGo MetaCore (http://www.genego.com/,
version: 6.5) was used to analyze the pathways of these
significant genes. The association between these statisti-
cally significant genes were analyzed using STRING (http://
string-db.org/), a database of known and predicted protein
interactions.

3. Results

3.1. Extracting Genes with Statistical Significance. The char-
acteristics of the genes are presented in Table 1 (candidate
genetic studies) and Table 2 (genome-wide studies).

3.2. Gene Ontology Analysis. Genes with statistical signif-
icance were submitted to functional analysis using DAVID
software. Defense response, response to wounding, and
inflammatory response were identified as significantly
enriched (Enrichment Score = 15.91). Furthermore, DAVID
analysis identified clusters of genes with annotations related
to cellular calcium ion homeostasis, cell chemotaxis (enrich-
ment Score: 3.75), and positive regulation of immune sys-
tem process (Enrichment Score: 3.58) which is involved in

autoimmune thyroid disease (hsa05320), asthma (hsa05310),
type I diabetes mellitus (hsa04940), and allograft rejection
(hsa04672). The functional annotation table can be available
in supplementary material available online at http://dx.doi
.org/10.1155/2013/989307.

3.3. Enrichment Analysis. Enrichment analysis consists of
matching genes in functional ontologies by GeneGo Meta-
Core (Figure 1). The probability of a random intersection
between a set of gene list with ontology entities was estimated
with the “𝑃” value of the hypergeometric intersection. A
lower “𝑃” value means higher relevance of the entity to the
dataset, which appears in higher rating for the entity. All
maps were drawn by GeneGo. The height of the histogram
corresponded to the relative expression value for a particular
gene.

The most significant GeneGo Pathway Maps were (1)
immune response: HSP60 and HSP70/TLR signaling path-
way; (2) immune response: Inflammasome in inflammatory
response; (3) cell adhesion: plasmin signaling; (4) immune
response: NF-AT signaling and leukocyte interactions. In
addition, there are other pathways including Role of HMGB1
in dendritic cell maturation and migration; histamine sig-
naling in dendritic cells: plasmin signaling in cell adhe-
sion; cross-talk between VEGF and angiopoietin 1 signaling
pathways; regulation of epithelial-to-mesenchymal transition
(EMT); TGF-beta-dependent induction of EMT via SMADs
in Development; role of IAP-proteins in apoptosis pathway
in apoptosis and survival, and so forth. Meanwhile, immune
system process, defense response, and response to stress
were the most significantly enriched GO processes of these
genes. With the disease folders, representing over 112 human
diseases annotated by GeneGo, these 76 genes were mainly
related to autoimmune diseases and some kinds of vascular
inflammatory diseases.

The abstracted genes involved in significant pathways are
summarized in Table 3.

3.4. STRING Analysis. Now specifically, we are interested
in finding functional associations among these genes. We
broadcast our data to STRING (a database of known and
predicted protein interactions), which responds by displaying
a network of nodes (proteins) connected by colored edges
representing functional relationships.

Figure 2 summarizes the network of predicted associa-
tions between proteins encoded by these genes. The results
indicate that CASP3, IL18, BLK, FCGR2B, FCGR2A, CRP,
CCR5, CCL5, CCR3, CCL3L1, TNFRSF1A, TNF, IL4, ERAP1,
LTA, CD40, NOD1, CTLA4, NLRP1, TGFBR2, SMAD3,
TGFB2, VEGFA, KDR, andCCR2 are associated according to
experimental evidence, with involvement in many signaling
pathways; TNF was the key of nodes, linking to CRP, IL-4,
CD40, CD40LG, IL-18, IL-10, and so on.They linked tomany
immune and inflammatory responses. All of these proteins
(encoded by genes) are interrelated, forming a large network.
However, many proteins are not linked to others, indicating
that their functions are unrelated or unknown.
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Table 1: Candidate gene studies identified genes associated with KD.

Symbol Region Phenotype Country Reference

CD40 20q12-q13.2 KD Taiwan [20]
CAL Taiwan [20]

CD209 19p13 KD Taiwan [21]

RETN 19p13.2 Incomplete KD China [22]
KD United States [23]
CAL Japan [24]

FCGR3B 1q23 IVIG nonresponse United States [23]
NOD1 7p15-p14 KD Japan [25]
NLRP1 17p13.2 KD Japan [25]

ITPKC 19q13.1
KD Taiwan; Japan; China [26–28]
CAL Japan [29]

IVIG nonresponse Japan [29]

TGFBR2 3p22

KD European descent; Korea [30, 31]
CAL European descent; Korea [30, 31]

IVIG nonresponse European descent [30]
aortic root dilatation, European descent [30]

ABO 9q34.2 CAL Japan [32]
PELI1 2p13.3 CAL Korea [33]

SMAD3 15q22.33

KD European descent; Taiwan [30, 34]
CAL European descent [30]

IVIG nonresponse European descent [30]
aortic root dilatation European descent [30]

TGFB2 1q41

KD European descent; Taiwan [30, 34]
CAL European descent [30]

IVIG nonresponse European descent [30]
aortic root dilatation, European descent [30]

CASP3 4q34 CAL Taiwan; Japan [29, 35]
IVIG nonresponse Japan [29]

ANGPT1 8q23.1 KD Netherlands [36]

VEGFA 6p12 KD Netherlands; Taiwan; The Netherlands. [36–38]
CAL Japan [39]

MICB 6p21.3 KD Taiwan [40]
CAL Taiwan [40]

MICA 6p21.33 KD Taiwan [40]
CAL Taiwan [41]

BAG6 6p21.3 KD Taiwan [40, 42]
CAA Taiwan [42]

MSH5 6p21.3 KD Taiwan [40]
VWA7 6p21.33 KD Taiwan [40]
FCGR2B 1q23 IVIG nonresponse Pacific Northwest [43]

IL10 1q31-q32 KD Taiwan [44, 45]
CAL China; Korea; Taiwan [18, 46, 47]

CCL5 17q11.2-q12 CAL India [48]
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Table 1: Continued.

Symbol Region Phenotype Country Reference
TNFRSF1A 12p13.2 KD China [49]
CTLA4 2q33 CAL (particularly in female patients) Taiwan [50]
MMP3 11q22.3 CAL Korea; US-UK, tested in Japan [51, 52]
MMP12 11q22.3 CAL US-UK, tested in Japan [52]
FGB 4q28 CAL China [53]

CCL3L1 17q21.1 KD USA; Japan [54, 55]
IVIG nonresponse Japan [55]

CCR5 3p21.31
KD USA; The Netherlands (Dutch Caucasian);

Korea [54, 56, 57]

CAL Japan [55]
IVIG nonresponse Japan [55]

PRRC2A 6p21.3 KD Taiwan [42]
CAL Taiwan [42]

ABHD16A 6p21.3 KD Taiwan [42]
CAL Taiwan [42]

ITPR3 6p21 CAL Taiwan [58]

COL11A2 6p21.3 KD Taiwan [59]
CAL Taiwan [59]

MBL2 10q11.2
KD China; Japan [60, 61]
CAL The Netherlands; The Netherlands [62, 63]

Arterial stiffness China [64]

MMP11 22q11.23 KD Korea [65]
MIF 22q11.23 CAL Italy [66]
IL1B 2q14 IVIG nonresponse Taiwan [17]

BTNL2 6p21.3 KD Taiwan [67]
CAL Taiwan [67]

TPH2 12q21.1 CAL Korea [68]
PDCD1 2q37.3 KD Korean [69]
IL18 11q22.2-q22.3 KD Taiwan [70, 71]

HLA-E 6p21.3 KD Taiwan [72]
CAL Taiwan [72]

TIMP4 3p25 CAL Korea [73]
HLA-G 6p21.3 KD Korea [74]

CRP 1q21-q23 KD China [75]
Carotid stiffness and carotid intima-media thickness China [75]

TNF 6p21.3

KD China [75]
CAL white [76]

Intima-media thickness China [75]
IVIG nonresponse China [46]

MMP13 11q22.3 CAL Japan [77]
HLA-B 6p21.3 KD Korea [78]
HLA-C 6p21.3 KD Korea [78]
CCR3 3p21.3 KD Netherlands (Dutch Caucasian) [56]
CCR2 3p21.31 KD Netherlands (Dutch Caucasian) [56]
TIMP2 17q25 CAL Japan [79]
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Table 1: Continued.

Symbol Region Phenotype Country Reference

ACE 17q23.3
KD Taiwan; Korea [80, 81]

Coronary artery stenosis Japan [82, 83]
Myocardial ischemia Japan [82]

PLA2G7 6p21.2-p12 IVIG nonresponse Japan [84]
IL1RN 2q14.2 KD Taiwan [85]
IL4 5q31.1 KD USA [86]
KDR 4q11-q12 CAL Japan [39]
CD40LG Xq26 CAL: males affected Japan [87]
AGTR1 3q24 Coronary artery stenosis and myocardial ischemia Japan [82]
CD14 5q31.1 CAL Japan [88]
SLC11A1 2q35 KD Japan [89]
LTA 6p21.3 KD white [76]
MTHFR 1p36.3 CAL Japan [90]
HP 16q22.2 late diagnosis of KD Taiwan [90]
KD: kawasakidisease;CAL: coronary artery lesions; CAA: coronary artery aneurysms.

Table 2: Susceptibility genes for KD identified with association at genome-wide significance.

Gene Locus Methods Reference
FCGR2A 1q23 GWAS [91]
BLK 8p23-p22 GWAS [92, 93]
CASP3 4q34 Genome wide Linkage analysis [94]
ITPKC 19q13.1 Genome wide Linkage analysis; linkage disequilibrium mapping [94, 95]
CD40L Xq26 Genome wide Linkage analysis [94]
CD40 20q12-q13.2 GWAS [92, 93]
HLA-DQB2 6p21 GWAS [92]
HLA-DOB 6p21.3 GWAS [92]
NFKBIL1 6p21.3 GWAS [92]
LTA 6p21.3 GWAS [92]
NAALADL2 3q26.31 GWAS [96]
ZFHX3 16q22.3 GWAS [96]
DAB1 1p32-p31 GWAS [97]
PELI1 2p13.3 GWAS [97]
COPB2 3q23 GWAS [98]
ERAP1 5q15 GWAS [98]
IGHV 14q32.33 GWAS [98]
ABCC4 13q32 Genome-wide linkage and association mapping [99]
GWAS: genome-wide association study.

4. Discussion

4.1. Immune Response in the Pathogenesis of KD. KD has long
been considered as an abnormal immune disease.The activa-
tion of immune system and the cascade release of inflamma-
tory factors are the important features in KD. A large number
of T cells (increased activated CD4 T cells, depressed CD8 T
cells andCD4+CD25+ regulatoryT cells), largemononuclear
cells, macrophages and plasma cells, with a smaller number
of neutrophils, are observed in various organ tissues of
fatal cases of acute KD [102–106]. Additionally, various
inflammatory cytokines and chemokines [107, 108], matrix

metalloproteinases, nitric oxide production [109], autoanti-
body production [110, 111], and adhesive molecule expression
[112, 113] are also overactivated in the acute stage of KDwhich
are considered to facilitate vascular endothelial inflammation
and then participate in the pathogenesis of KD and CAL
formation. Go processes and DAVID analysis revealed that
these genes are significantly enriched in immune responses
which have the parallel results with clinical and labora-
tory findings. In addition, these genes are widely involved
in other immune systemic and inflammatory diseases,
for example, autoimmune thyroid disease, asthma, type I
diabetes mellitus, allograft rejection, inflammatory bowel
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Figure 1: Enrichment analysis of the genes by GeneGoMetaCore: (a) GO Processes, (b) Go PathwayMaps, (c) Go Diseases (by Biomarkers).
MetaCore version 6.11 build 41105.

disease, vasculitis, arthritis, and rheumatic disease. Fur-
thermore, the signal pathway produced in GeneGo contains
many immune response pathways that participate in inflam-
mation, apoptosis, injury, and remodeling process, which
have been listed in Table 3.

4.2. ECM-Remodeling and Plasmin Signaling Pathway in the
Pathogenesis of KD. In addition to the signal pathway of the
immune response, ECM-remodeling and plasmin signaling
pathway associated with cell adhesion were enriched in
GeneGo MetaCore software (FDR < 0.01, 𝑃 < 0.005).



Computational and Mathematical Methods in Medicine 7

Table 3: Pathways analyzed by GeneGo Meta core.

Pathway categories Pathways Functions Enrichment genes

Immune response

(1) HSP60 and HSP70/TLR signaling
pathway
(2) Inflammasome in inflammatory
response
(3) NF-AT signaling and leukocyte
interactions
(4) Role of HMGB1 in dendritic cell
maturation and migration
(5) Histamine signaling in dendritic
cells
(6) CD16 signaling in NK cells
(7) MIF in innate immunity response
(8) Th1 andTh2 cell differentiation
(9) HMGB1 release from the cell
(10) PGE2 signaling in immune
response
(11) Histamine H1 receptor signaling in
immune response
(12) Role of DAP12 receptors in NK
cells

Pro-inflammatory response and
anti-inflammatory response;
cellular and humoral immune
response; NO production; apoptosis
and antiapoptosis; secretion of
leukotrienes and prostaglandins;
proliferation and differentiation of
eosinophils; chemotaxis;
proliferation, differentiation,
activation of T cell; cell necrosis;
smooth muscle construction;
vascular permeability; blood
coagulation; cytoskeleton
remodeling

CD14, HSP70, IL-10, TNF-𝛼, IL-1𝛽,
CD40, MHC class I, IL-4, NOD1,
CARD7, IL-18, TNF-R1, CD40L,
IP3receptor, CCL5, HLA-E, PLA2,
MIF, CCR5, MMP13, HLA-C,
HLA-B, HLA-G, HLA-E,
Stromelysin-1

Cell adhesion Plasmin signaling
ECM remodeling Fibrinolysis; cell viability

TGF-𝛽 2,VEGF-A, TGF-𝛽 receptor
type 2, VEGFR-2, Fibrinogen,
MMP-13, TIMP2, Stromelysin-1,
MMP-13, MMP-12

Development

(1) Cross-talk between VEGF and
Angiopoietin 1 signaling pathways
(2) Regulation of
epithelial-to-mesenchymal transition
(EMT)
(3) TGF-𝛽-dependent induction of
EMT via SMADs
(4) PEDF signaling
(5) Glucocorticoid receptor signaling

Leukocyte-endothelial adhesion;
epithelial-to-mesenchymal
transition; proteasomal
degradation; inhibition of
angiogenesis; immune response

VEGF-A, VEGFR-2, Angiopoietin 1,
IP3 receptor, TGF-𝛽 2, IL-1𝛽,
TNF-𝛼, TNF-R1, TGF-𝛽 receptor
type 2, SMAD3, TGF-𝛽, HSP70,
MMP13

Apoptosis and survival
(1) Role of IAP-proteins in apoptosis
(2) Anti-apoptotic TNFs/NF-kB/Bcl-2
pathway

Caspase dependent and
independent apoptosis; apoptosis
and antiapoptosis

TNF-𝛼, TNF-R1, HSP70, caspase3,
CD40L, CD40

Transcription NF-kB signaling pathway Activate the transcription of target
genes TNF-𝛼, TGF-𝛽, TNF-R1, CD14

FDR = 0.01.

Numerous studies suggest that they participated in the
pathophysiological process of KD. Activation of the fibri-
nolytic system, vascular injury, and remodeling were the
prominent outcome in these pathways. Activated plasmin
in the plasmin signaling pathway which is a major fibri-
nolytic protease can directly degrade fibrinogen, laminin,
and fibronectin [114]. On the cell surface, plasmin can
activate a number of matrix metalloproteinases (MMPs)
MMP1, MMP13 [115]. Other MMPs (MMP-9 and so on) were
subsequently activated. Moreover, IL-1 𝛽, IL-6, TNF-𝛼,
and IFN-𝛾 can stimulate the endothelial cells to produce
more MMP-9. These MMPs degrade extracellular matrix
proteins and components of basal membranes leading to the
disruption of the internal elastic lamina and the trilaminar
structure of the vascular wall [116–118]. Many examina-
tions have showed that many MMPs were highly expressed
in the acute stage of KD. MMPs are prominent during

the remodeling process, contributing to the formation of
coronary artery lesions [119], and consequently the intima
proliferates and thickens, while in rare cases the vessel wall
becomes stenotic or occluded by either stenosis or throm-
bosis. Endogenous tissue inhibitors of metalloproteinases
(TIMPs) such as TIMP1, TIMP2, and TIMP3 can reduce
excessive proteolytic ECM degradation by MMPs. The bal-
ance between MMPs and TIMPs controls the extent of ECM
remodeling [120, 121]. One study indicated that MMPs and
TIMPs were in a state of imbalance in KD patients [122].
Therefore, ECM-remodeling and plasmin signaling pathway
may have played a certain role in the vascular damage in
KD.

4.3. NF-AT Signaling and Leukocyte Interactions. NF-AT sig-
naling and leukocyte interactions (𝑃 value = 2.28 × 10−5)
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Figure 2: STRING analysis of the relationship between genes.The network nodes represent the proteins encoded by the genes. Seven different
colored lines link a number of nodes and represent seven types of evidence used in predicting associations. Among these significant genes,
VWA7, PRRC2A, andABHD16Awere not identified.A red line indicates the presence of fusion evidence; a green line represents neighborhood
evidence; a blue line represents cooccurrence evidence; a purple line represents experimental evidence; a yellow line represents text mining
evidence; a light blue line represents database evidence [100, 101] and a black line represents coexpression evidence.

in the immune response cause our great concern. In this
pathway, the activation of NFAT proteins is induced by the
engagement of receptors that are coupled to the calcium/
calcineurin signals, such as the antigen receptors that are
expressed by T cells (TCR) and B cells (BCR), the Fc-epsilon
receptors (e.g, Fc epsilon R1) that are expressed by mast cells
and basophil cells or receptors coupled to heterotrimeric G-
proteins (e.g., CCR3 on eosinophils) [123, 124] (Figure 3).

TheNFAT signal is activated inT cell and can promote the
expression of the immune-related genes. Antigen presenting
cells present antigenic peptides to the T helper cell via
major histocompatibility complex, class (II) (MHC class II).
MHC class II can upregulate the expression of CD4+T cells
and downregulate the expression of CD8+T cells which has
been confirmed in acute phase of KD. Then, MHC class II
peptides activate the T-cell receptor (TCR alpha/beta-CD3

complex) that starts a signal leading to the increase in
cytosolic Ca(II) through both the transient release of calcium
from intracellular stores and the influx of calcium through
Ca(II) channels. That leads to activation of the calcium-
regulated phosphatase, Calcineurin A. The activated Cal-
cineurin A cleaves an inhibitory phosphate residue from
the transcription fator NF-AT (e.g., NF-AT1 and NF-AT2).
Consequently, NF-AT is transported into the nucleus, where
it cooperates with other transcription factors for promoter
binding and thereby induces the expression of cytokines
and many other T-cell-activation-induced proteins. NF-AT
in T cells is critical for the expression of a number of
immunologically important genes, including IL-2, IL-4, IL-
5, and IL-13, as well as several related membrane-bound
proteins such as CD40 Ligand (CD40L) and Fas Ligand (Fasl)
[125–127].
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Figure 3: NF-AT signaling and leukocyte interactions have been enriched by GeneGo.

IL-4 plays an important role in cell-to-cell activa-
tion to activate NFAT signal to release leukotrienes and
prostaglandins. Activated by NFAT signal in T cell, IL-4 acti-
vates nearby B cells that express corresponding receptor, IL-
4R. In conjunction with BCR, IL-4 signaling pathway leads
to the activation of several transcription factors, including
nuclear factor kappa-B(NF-𝜅B), signal transducer, and acti-
vator of transcription 6 (STAT6), that regulate immunoglob-
ulin class switching and the production of immunoglobulin
E (IgE) by some B cells [128–130]. IgE in turn activates NF-
AT1 translocation and function in mast cells and basophils
through the IgE receptor (Fc epsilon R1) leading to produc-
tion of an array of cytokines, including IL-4, IL-5, and IL-
13 [131, 132]. Fc epsilon R1 pathway also leads to activation
of the cytosolic phospholipase A2 (Cpla2) that contributes
to the secretion of leukotrienes and prostaglandins, the
main mediators of inflammatory response [133]. IL-4 and
IL-13, in turn, activate epithelial cells and/or fibroblasts to
release eosinophil-activating cytokines, such as chemokine
ligand 11 (Eotaxin).These cytokines recruit eosinophils to the
inflammatory focus in the tissue and induce intracellular sig-
naling, mainly via chemokine receptor 3 (CCR3) activation,

which leads to the leukotrienes and prostaglandins synthesis
and also can use NF-AT1 transcription complex to activate
cytokines and chemokines. IL-4 plays an important role in the
interaction between the leukocytes and induces the release of
variety of inflammatory mediators.

Additionally, CD40L activates nearby B cells that express
corresponding receptor CD40. IL-2 binds to IL-2 receptors at
the T Cells surface to drive clonal expansion of the activated
cell that induces autocrine proliferation [124]. Fasl activates
the adjacent T Cells via binding to its receptors; FasR (CD95)
[134] mediates apoptosis through the FAS signaling cascades
(apoptosis). Fas-Fas ligand system has been considered to be
involved in inducing apoptosis in KD resulting in marked
decrease of peripheral blood lymphocytes [135].

4.3.1. What Is the NFATs? NFATs are nuclear factors of
activated T cells. The NFAT family consists of five mem-
bers: NFAT1, NFAT2, NFAT3, NFAT4, NFAT4, and NFAT5.
Four (except NFAT5) of these proteins are regulated by
calcium signaling and four (except NFAT3) are expressed
in the immune system [124]. They are initially identified as
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Ca2+-sensitive transcription factors that regulate gene tran-
scription in response to intracellular Ca2+signals. NFAT fam-
ilymembers are expressed by almost every cell type, including
the immune system and nonimmune cells, contributed to the
regulation of immune response, as well as development and
differentiation. In the immune system, NFATs have pivotal
roles in the development and function of immune organs
and regulate numerous physiological processes. With the
best described effects on T cell activation and phenotype,
NFATs also regulate gene expression in other immune cells
such as B cells [136], mast cells [137, 138], eosinophils
[139], basophils [140] and NK cells [141], macrophage [142],
and dendritic cells [143]. They can regulate the release of
various cytokines in immune cells. In nonimmune cells,
they regulate development and differentiation in a variety
of organ systems [134]. It has been examined that they
control gene expression during remodeling and are acti-
vated by growth factors [144, 145] or histamine [146] in
the endothelium, contributing to cell growth, remodeling
of smooth muscle cells [147–149], and vascular develop-
ment and angiogenesis [150–152] (including the isoforms
c1 and c3) and are activated in response to inflammatory
processes [153] and high intravascular pressure [154] in
the vascular system. The isoforms NFATc3 and NFATc4
are active during pathophysiological conditions that affect
the cardiovascular system, including atrial fibrillation [155,
156] and hypertrophy [157]. Loss of specific NFAT isoforms
has been found to result in cardiovascular, skeletal muscle,
cartilage, neuronal, or immune system defects [158–162].
Therefore, we can conclude that the Ca2+/NFAT pathway
plays a wide range role in inflammatory processes, immune
responses, and the remodeling of vascular tissues. All of
these physiological processes occur in KD. It is suggested
that the Ca2+/NFAT pathway may involve in the pathological
processes of KD.

4.3.2. The Upstream Adjustment Signals of NFAT Signal.
NFATs are mainly Ca2+-sensitive transcription factors that
regulate gene transcription in response to intracellular Ca2+
signals. Four (except NFAT5) of these proteins are regulated
by calcium signaling. Activity of NFATs is regulated by
phosphorylation. Inactive NFATs are highly phosphorylated
and localized in the cytoplasm. Intracellular Ca2+ signals
activate the calmodulin-dependent serine/threonine phos-
phatase calcineurin (CaN), which dephosphorylates NFATs
and induces translocation to the nucleus.

Inositol-trisphosphate 3-kinase C (ITPKC) is a negative
regulator of the Ca2+/NFAT pathway. NF-AT signaling was
first mentioned to be associated with regulation of ITPKC in
the KD. ITPKC is a kinase of inositol 1,4,5-triphosphate (IP3)
which is a second messenger molecule that releases calcium
from the endoplasmic and sarcoplasmic reticulum. First
identified by genome-wide study and following confirmation
by candidate genetic studies in both Japanese, Taiwanese and
US children, ITPKC was considered to be associated with
KD which confers both susceptibility to KD and the risk
for CAL and IVIG resistance [26, 94, 95, 163], which has
been thought to be involved in the Ca2+-dependent NFAT

signaling pathways in T cells. It has been considered that
C allele of rs28493229 in ITPKC can reduce the splicing
efficiency of the ITPKCmRNA, inducing the hyperactivation
of Ca2+-dependent NFAT signal in T cells, leading to a
reduction in the phosphorylation of IP3 to IP4, resulting in
the increase of IP3 levels. This would result in an increase of
calcium levels and excessive activation of the NFAT signal,
thus leading to immune dysregulation.

Caspase-3 (CASP3) is a key molecule of activation-
induced cell death (AICD) [164]; it is profoundly related
to the apoptosis of immune cells. It has also been reported
to cleave the inositol 1,4,5-triphosphate receptor, type 1
(ITPR1) in apoptotic T cells (ITPR1 is a receptor for inositol
1,4,5-trisphosphate (IP3), a substrate for ITPKC in T cells
[165]). Thereby, it is a positive regulatory factor of NFAT
signal. Additionally, the mutation of CASP3 (rs113420705)
can reduce the binding of NFAT to the DNA surrounding the
SNP. Its gene variant (4q34-35, rs113420705) has been iden-
tified contributing to KD susceptibility in Euro-American
triads and Taiwanese [35, 166]. Other studies [167, 168] also
stated that CASP3 plays an important role in the execution
phase of apoptosis of immune cells in KD.

Calcineurin inhibitors (e.g., CsA, FK506) have been
extensively used as immunosuppressive agents to improve
graft survival and to treat autoimmune diseases [127]. They
act by blocking calcineurin enzymatic activity. CsA has been
an effective [169–171] therapeutic drug in the treatment of
IVIG resistance patients in KD.

4.3.3. The Downstream of Adjustment Signals of NFAT Sig-
nal: NF-𝜅B (Nuclear Factor Kappa-B). NF-𝜅B is another
transcription factor of eukaryotes, which is evolutionarily
related to the NF-AT family of transcription factors. It is
activated in response to signals that lead to cell growth,
differentiation, apoptosis, and other events. It takes part in
expression of numerous cytokines and adhesion molecules
which are critical elements involved in the regulation of
immune responses.

NF-𝜅B plays pivotal roles in the immune and inflam-
matory responses by regulating the interaction between
CD40 and CD40L in T cells and B cells. NF-𝜅B can be
activated by IL-4 signaling pathway in B cells to induce
the expression of CD40 which has been illustrated above.
CD40 plays a crucial role as a costimulatory molecule in the
cooperation between T and B cells. It is important in the
pathogenesis of autoimmune diseases in humans and animal
models such as autoimmune thyroiditis, inflammatory bowel
disease, psoriasis, systemic lupus erythematosus, allergic
encephalomyelitis, multiple sclerosis, rheumatoid arthritis,
collagen-induced arthritis, and autoimmune type of diabetes
mellitus [172–174]. CD40 signaling leads to isotype switching
and autoantibody production in B cells and in T-cell priming,
altering TCR expression through the expression and nuclear
translocation of recombinases, which increases the risk of
developing autoimmunity [173]. CD40 engagement in both T
or B cells leads to the production of cytokines, such as IL-12,
IL-2, TNF-𝛼, IFN-𝛼, and CD80, developing an environment
which is conducive to autoimmune diseases [172–174].
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Additionally, the interaction between CD40 and CD40L
regulated by NF-𝜅B can regulate the expression of numerous
biomolecules in other cells. They can enhance the expression
of cytokines (such as IL-2, IL-6, IL-10, TNF-𝛼, lymphotoxin-
𝛼, and transforming growth factor-𝛽 by B cells; the synthesis
of granulocyte macrophage colony-stimulating factor (GM-
CSF) by dendritic cells and eosinophils and the synthesis of
TNF-𝛼, IL-1, IL-6, and IL-8 by peripheral blood mononu-
clear cells), chemokines (monocyte chemotactic protein-1
(MCP-1), IL-8, MCP-1, matrix metalloproteinases (MMP-
1,-2,-3,-9,-11, and -13) by peripheral blood mononuclear
cells, macrophages, endothelial and smooth muscle cells
endothelial), adhesion molecules (E-selectin, vascular cell
adhesion molecule-1 (VCAM-1) and intercellular adhesion
molecule-1 (ICAM-1) in endothelial cells and fibroblasts),
platelet-activating factor [175], prostaglandin E2 [176], vascu-
lar endothelial growth factor [177, 178], and NO [172]. which
are involved in the pathophysiology of inflammatory and
autoimmune diseases.

NF-𝜅B may participate in the pathogenesis of vasculitis
of KD in acute stage. Some studies have indicated that
NF-𝜅B is excessively activated in the acute phase of KD
and the inhibition of NF-𝜅B can reduce the generation
of inflammatory cytokines which plays important roles in
vascular damage of KD [179, 180]. NF-𝜅B signaling pathway
is a complex system; it perhaps involves in immune damage
of KD in different levels. Activation of NF-𝜅B can be used
as the trigger of key links of the inflammatory response and
induce the cascade release of inflammatory response factor,
eventually leading to inflammatory pathological damage.

4.4. The NF-AT Signaling and Leukocyte Interactions and NF-
𝜅B Signaling Together May Be Involved in the Pathogenetic
Process of KD. Given the important role of NFAT signaling
and NF-𝜅B signaling in the activation of immune system
and the regulating of vascular remodeling, we speculate that
the interaction betweenNFAT signaling andNF-𝜅B signaling
together may also be involved in the pathogenesis of KD.

Initially due to exposure to some inflammatory stimuli or
certain pathogens, antigen presenting cells present antigenic
peptides to the T-cell receptors via MHC class II leading
to the stimulation of PLC-gamma 1 and hydrolyzation of
PIP2. The second messengers IP3 in the T cells start a
signal leading to the increase in cytosolic Ca(II) through
both the transient release of calcium from intracellular stores
and influx of calcium through Ca(II) channels. The high
calcium levels lead to activation of the calcium-regulated
phosphatase, Calcineurin A. The activated Calcineurin A
cleaves an inhibitory phosphate residue from the transcrip-
tion fator NF-AT (e.g., NF-AT1 and NF-AT2). Consequently,
NF-AT is transported into the nucleus, where it cooperates
with other transcription factors for promoter binding and
activates T cells inducing the expression of a number of
immunologically important genes including IL-2, IL-4, IL-
5, IL-13, CD40 Ligand (CD40L), and Fas Ligand (Fasl).
Through the leukocyte interactions, other immune cells were
activated and release other inflammatory cytokines, such as
leukotrienes and prostaglandins. In B cells and T-cell, CD40

signaling leads to isotype switching, autoantibody produc-
tion, and altering TCR expression. CD40 signaling can also
enhance the expression of cytokines, chemokines, matrix
metalloproteinases, adhesion molecules, platelet-activating
factors, prostaglandin E2, vascular endothelial growth factor,
and NO. in other cells. The combined effect of these factors
causes the vascular damage and formation of coronary artery
lesions inKD.Theprocess ofNFAT signal in regulating devel-
opment and differentiation was also excessively induced by
the pathological damage of vasculature and then contributed
to the remodeling of vascular system.

IL-4, CD40, and CD40L, which are enriched in the path-
way of NF-AT signaling and leukocyte interactions and play a
crucial role in the immune response and remodeling process,
are located in the center position of the network (analysed
by STRING) and are closely linked with the other factors. It
further demonstrate the importance of this pathway.

5. Conclusions

KD is a complex disease. Many studies have shown that it
is associated with a variety of gene polymorphism. Through
GeneGo and DAVID analysis, we speculated that NF-AT
signaling and leukocyte interactions combined with another
transcription factor NF-𝜅B may play an important role in
pathological damage of KD. Their importance needs our
follow-up clinical validation.
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The segmentation and quantification of cell nuclei are two very significant tasks in the analysis of histological images. Accurate
results of cell nuclei segmentation are often adapted to a variety of applications such as the detection of cancerous cell nuclei
and the observation of overlapping cellular events occurring during wound healing process in the human body. In this paper,
an automated entropy-based thresholding system for segmentation and quantification of cell nuclei from histologically stained
images has been presented. The proposed translational computation system aims to integrate clinical insight and computational
analysis by identifying and segmenting objects of interest within histological images. Objects of interest and background regions
are automatically distinguished by dynamically determining 3 optimal threshold values for the 3 color components of an input
image. The threshold values are determined by means of entropy computations that are based on probability distributions of the
color intensities of pixels and the spatial similarity of pixel intensities within neighborhoods. The effectiveness of the proposed
system was tested over 21 histologically stained images containing approximately 1800 cell nuclei, and the overall performance of
the algorithm was found to be promising, with high accuracy and precision values.

1. Introduction

Analysis of microscopy images is one of the most funda-
mental goals in the realm of immunohistochemistry. The
primary tasks involved in the analysis of histologically stained
tissue sections are cell nuclei counting, detecting abnormal
cell nuclei, and the presence of antigens within the target
cells. Results derived from these analyses are most frequently
used in the clinical setting to help diagnose a wide spectrum
of pathologies. In the past, pathologists accomplished most
of these tasks by the means of manual measurements; for
example, the quantification of total cells and abnormal
cells was performed through manual hand counting. These
manualmethods are not only time consuming, but the results
they yield are often susceptible to inconsistency due to human
error. However, as the result of recent advancements in
microscopic imaging technology and computational image
processing techniques [1], there has been significant growth

of research towards translational computational systems that
can detect, analyze, classify, and quantify cell nuclei from
microscopic images. Adapting to robust automated image
processing techniques for primary tasks such as cell nuclei
segmentation and quantification will not only prove to be
time efficient for pathologists, but these techniques will also
be capable of producing consistent results.

In recent years, numerous image processing techniques
have been proposed for cell nuclei segmentation [2]. While
some techniques only perform the task of cell nuclei segmen-
tation and quantification, techniques that are capable of fur-
ther detecting and classifying abnormal tumors (cell nuclei)
that cause various types of cancer have also been proposed.
A cell nuclei segmentation algorithm incorporating unsuper-
vised color clustering, morphological operations, and local
thresholding has been proposed to distinguish the cancerous
and noncancerous areas in histologically stained images and
then segment the clustered cell nuclei [3]. K-means clustering
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is implemented as unsupervised color clustering technique
for cell nuclei segmentation in [4]. Another technique that
uses contour detection and contour optimization combined
with local gradient information and color deconvolution has
been used to detect the optimal threshold values for nuclei
segmentation [5]. Entropic-based thresholding methods for
cell nuclei segmentation are proposed by Wang and Gudla
et al. [6, 7].

A popular technique in the realm of image processing
known as region growing is combined with a graph-cuts-
based algorithm that incorporates Laplacian of Gaussian
(LoG) filtering to detect cell nuclei [8]. Stained endocrine cell
nuclei are segmented by a sequential thresholding algorithm
that uses a Support Vector Machine (SVM) type of artificial
neural network [9]. An adaptive-attention-window-(AAW-)
based cell nuclei segmentation technique that exploits
quadtree decomposition is proposed by Ko et al. [10]; the
size of the AAW dynamically adapts to the region of interest
in the input image, and the final cell nuclei segmentation
is performed within each AAW. Histogram analysis and
optimal local thresholding are followed by morphological
procedures to segment a variety of cell nuclei found within
the bladder and skin tissue [11]. Watershed segmentation
and adaptive thresholding methods are also widely used to
achieve automated segmentation of cell nuclei [12–15]. Singh
et al. propose the use of a feedforward backpropagation
neural network for the classification of the segmented cell
nuclei into two categories: benign and malignant breast
tumor (nuclei); the proposed neural network is also capable
of classifying the detectedmalignant breast tumor in terms of
type 1, type 2, and type 3 [15].

The selection of the above publications exemplifies the
wide range of image processing techniques and practi-
cal diagnostics applications that encompass the realm of
cell nuclei segmentation in immunohistochemistry. The
well-established cell nuclei segmentation and differential
immunostaining techniques that have proven to be so valu-
able in the cancer field are now being applied to the field
of wound healing research [16]. It is of interest to note
that many of the characteristics and cell functions that are
manifest in cancer are also found during wound healing [3].
New research strategies to explore human wound healing are
now available and allow for the in-depth investigation of the
specific cell types that participate in the highly orchestrated
events that occur during tissue injury and repair [4, 17].
Development of such translational computation medical
systems has been and will be providing invaluable insight
into understanding the complex nature of the wound healing
process [18, 19].

The vast amount of research in this realm also emphasizes
on the need for automated computational systems for cell
segmentation techniques that produce accurate and repro-
ducible results. However, the task of cell segmentation is
still one of the most challenging tasks in biomedical image
processing mainly because the histological specimens that
are used for the image acquisition process are 2-dimensional
sections of 3-dimensional tissue samples [8]. Images acquired
from 2-dimensional histological specimen often contain cells
with uneven distribution of color intensities, weak edges, and

even incomplete nuclei. These are some key characteristics
of microscopic histology images due to which the develop-
ment of robust automated cell segmentation techniques still
remains a challenge. Marker-based watershed segmentation
techniques rely on automated detection of marker positions
to perform accurate segmentation, however, the task of
detecting the number of markers and their positions is not
trivial, and over segmentation is often evident in the results.
Simple edge detection-based techniques perform well in
regionswith strong edges but tend to cause over segmentation
in regions with weak or poorly defined edges. Active contour
or snake methods perform better on cell nuclei with weak
edges, but these techniques often require supervision or
optimized configuration files with priori information for
parameter settings [20]. Hence, there is a need for an auto-
mated segmentation system that extracts cell information
without requiring any user input.

Thresholding techniques are fairly simple but still effec-
tive; they are widely used for the segmentation of histological
images because the regions of interest within these images
are distinguishable from the other components by visual
features such as color and texture [21, 22]. The entropy-
based thresholding algorithm presented in this paper uses
the color intensity information of pixels and the spatial
correlation between pixel intensity values to segment cell
nuclei.Theproposed technique segments a histological image
by classifying it into object (cell nuclei) and background
regions; all pixels with intensity values greater (or lesser) than
a global threshold value are grouped as the objects, while
the remaining pixels are classified as the background. Most
of the aforementioned techniques usually perform the cell
nuclei segmentation on histological images stained by the
Hematoxylin & Eosin (H&E) stain, whereas the proposed
entropy-based thresholding algorithm segments cell nuclei
from images stained by H&E and three more immunostains
for specific cell phenotypes. Endothelial lineage cells were
identified by the presence of platelet endothelial cell adhesion
molecule cluster of differentiation 31 on the cell surface
(CD-31); macrophage functional cells were identified by
the presence of a specific cytoplasmic granule found in
macrophages called CD-68; and contractile functioning cells
were characterized by the presence of intracellular alpha-
smooth muscle actin (SMActin).

The following section explains the image acquisition and
histological procedures involved in the preparation of the
testing dataset. Section 3 thoroughly explains the methods
and mathematical formulae involved in the computation
of the proposed technique. Section 4 presents the results
that were obtained by testing the proposed segmentation
technique on a dataset of 21 immunohistochemically stained
images, and finally conclusions and future work are briefly
discussed in Section 5.

2. Data Preparation

The dataset used in the testing of the proposed algorithm
consists of 21 immunohistochemically stained images. The
images in the dataset were acquired from human tissue
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sections derived from PTFE (expanded polytetrafluoroethy-
lene) tubes that were removed at 5, 7, and 14 days after implan-
tation [5]. The image acquisition process was performed in
the described timely manner to characterize the 4 distinct
overlapping phases: hemostasis, inflammation, proliferation,
and remodeling that occur during the healing process of
simple acute wounds. The 4 phases are associated with
biological markers and some distinct but overlapping cellular
events that can be observed through change in features, such
as number of cell nuclei and size of the average nuclei in a
tissue section.

The tissue collection and histological staining procedures
involved in the preparation of the data set are as follows.
Using alcohol and povidone-iodine topical antiseptic, the
site of implantation was sterilized and anesthetized using
3 cc lidocaine (1%) without epinephrine. Five, 6.0 cm, of
high-porosity PTFE (polytetrafluoroethylene Custom Profile
Extrusions, Tempe, AZ) tubes were implanted subcuta-
neously into the inner aspect of the upper arms of a healthy
volunteer subject. Standardized placement was made by a
5.5 cm cannulation of the subcutaneous tissue in a proximal
direction. Using a sterile 14-gauge trochar containing PTFE
tubing, the skin was punctured, and the trochar was inserted
subcutaneously arising through the skin 5.5–6.0 cm away.
The trochar was then removed, and the proximal and distal
ends of the PTFE tubing were sutured to the skin using a
single 5.0 nylon suture. The implantation site was covered
with antibiotic ointment and a transparent surgical dressing.
On day 14, the PTFE tube was removed and stored in
10% formalin. The wound tissue contained within the fixed
PTFE tube was then processed and embedded in paraffin,
and 5 micron sections were prepared using standardized
histologic techniques. Positive and negative control sections
were included to ensure reproducible staining. Hematoxylin
& Eosin (H&E) stain was used to highlight the cellular
components, and standard immunostaining techniques were
used to identify endothelial cells (CD-31), macrophages (CD-
68), and contractile cells (𝛼-SMActin).

The derived tissue sections were examined using a Zeiss
LSM 510 NLO Meta confocal/multiphoton laser scanning
microscope. For confocal imaging, the 488, 561, and 633 nm
laser lines were used for sample imaging. Images were
collected using sequential illumination (i.e., one laser per
channel) to avoid signal cross-talk amongst channels. The
images were collected using a 63x/1.4 n.a. oil immersion lens
(for single photon confocal imaging) or a 63x/1.2 n.a. IRwater
immersion objective (for multiphoton imaging). The human
study was carried out under the approval of the Institutional
Review Board of Virginia Commonwealth University, School
of Medicine (IRB number 11087).

3. Methodology

This section provides an in-depth explanation of the pro-
posed entropy-based image segmentation technique. The
flowchart in Figure 1 illustrates the steps involved in the
cell nuclei segmentation process. The proposed algorithm is
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Figure 1: Overview of the proposed algorithm.

composed of four steps; image preprocessing, entropy-based
thresholding, post-processing, and cell nuclei quantification.

3.1. Preprocessing. The preprocessing of an immunohisto-
chemically stained input image 𝐼 begins with a background
removal process.The background removal process eliminates
all the white space (background) that is captured in image 𝐼
due to the empty spaces present on microscopic slides.

Although there are several options with respect to color
spaces wherein the processing of the image can be performed,
for this project the cell extraction is primarily performed in
the RGB color space. Other color spaces such as YCbCr, LAB,
andHSVwere tested, and in comparison the RGB color space
consistently provided the best results. This is because the
objective is to extract cell structures based on the color infor-
mation present within the image, hence distinguishing the
different biological objects within the image.The background
removal process starts by separating the RGB color image 𝐼
into its red, green, and blue color components to produce 3
color component images 𝐼

𝑟
, 𝐼
𝑔
, and 𝐼

𝑏
, respectively. The local

range of the component images 𝐼
𝑟
, 𝐼
𝑔
, and 𝐼

𝑏
is then computed

by finding range values for each individual pixel contained
in 𝐼
𝑟
, 𝐼
𝑔
, and 𝐼

𝑏
. The result of this operation yields three

output images 𝐽
𝑟
, 𝐽
𝑔
, and 𝐽

𝑏
, in which the value of each output

pixel is its local range value, that is, the difference between
the maximum and the minimum pixels values within a 3-
by-3 neighbourhood surrounding the output pixel. Next,
the images 𝐽

𝑟
, 𝐽
𝑔
, and 𝐽

𝑏
are multiplied together, and the

resulting image is then converted to a binary mask 𝐵. The
pixels with value 1 in mask 𝐵 represent the region of interest,
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and the pixels with value 0 represent the eliminated white
space in the input image. Image 𝐵 typically contains noisy
components of isolated pixels that are eliminated by median
filtering. Finally, the image 𝐵 is individually multiplied to 𝐼

𝑟
,

𝐼
𝑔
, and 𝐼

𝑏
to produce the three color component images 𝐾

𝑟
,

𝐾
𝑔
, and𝐾

𝑏
.The RGB image composed of images 𝐾

𝑟
,𝐾
𝑔
, and

𝐾
𝑏
represents only the stained tissue section containing the

cell nuclei.The results of the background removal process are
illustrated in Figure 2.

A popular histogram equalization technique called Con-
trast Limited Adaptive Histogram Equalization (CLAHE) is
then used in its orignal form to enhance the local contrast in
the color component images 𝐾

𝑟
, 𝐾
𝑔
, and 𝐾

𝑏
. Lighting and

illumination conditions are very crucial in the acquisition of
microscopic images and these conditions are not necessarily
the same in every microscopic setup. Different levels of
lighting conditions can usually cause differences in the gray-
level distribution of pixels in images [23, 24], and therefore,
CLAHE is used in the proposed algorithm to uniformly
equalize the varying gray-level distributions in any stained
immunohistochemical input image.

In CLAHE, contrast enhancement is performed locally in
small regions called “tiles”, each tile’s histogram is equalized
to provide a better overall visual distinction between target
objects (cell nuclei) and background (intercellular matter).
Additionally, the use of CLAHE ensures that the stained
cell nuclei in the tissue section are enhanced uniformly,
thereby providing accurate recognition of cell nuclei irrespec-
tive of the influences of different staining procedures. The
histograms derived from the operation of CLAHE are chosen
to maintain a uniform shape. The computation of entropy
in the proposed algorithm is based on Shannon’s entropy,
for which the net information values are calculated within
5-by-5 neighbourhoods throughout the image; the number
of tiles for CLAHE’s operation is chosen to be close to the
total number of 5-by-5 neighbourhoods present in the input
image. Once the contrast enhancement is performed on 𝐾

𝑟
,

𝐾
𝑔
, and𝐾

𝑏
, a series of probability and entropy computations

are performed on each component image to determine its
optimal threshold value for cell nuclei segmentation.

3.2. Entropy-BasedThresholding. After CLAHE is performed
on the 3 color component images, the thresholding tech-
nique described below is applied to each component image.
The proposed entropy-based thresholding method has 3
steps: computation of the color component level spatial
correlation (CCLSC) histogram, computation of object and
background probabilities, and the computation of object
and background entropies. Threshold values for each color
component image are obtained once all the calculations are
performed.Themathematical computations involved in each
step are described in the following sections.

3.2.1. Computation of CCLSC Histogram. The entropy-based
thresholding technique relies on theCCLSChistogramwhich
is a modified version of the Grey-level spatial correlation
histogram presented in [25]. Two probability distributions
are required for the computation of the CCLSC histogram,

a histogram distribution of each color component image and
a distribution of similarity indices within pixel neighbour-
hoods that is defined below.

Let 𝐹 denote a color component input image of size 𝑃×𝑄
which has a color intensity value 𝑓(𝑥, 𝑦) for a pixel located
at coordinate (𝑥, 𝑦) in image 𝐹. The set of all color intensity
values is denoted by the set𝐺 = {0, 1, . . . , 255}. The similarity
index 𝑔(𝑥, 𝑦) for a pixel located at (𝑥, 𝑦) is computed by
determining the number of surrounding pixels that have
intensity values within an 𝜖 difference of that pixel’s intensity
value 𝑓(𝑥, 𝑦). Similarity indices are computed within𝑁 ×𝑁

pixel neighbourhoods, where 𝑁 is a positive odd number
and 𝜖 is a number between 0 and 𝑁 × 𝑁. The choice of
values for 𝑁 and 𝜖 depends on characteristics of the input
images. Smaller values for𝑁 and 𝜖 work well on images with
lower magnifications such as 10x or 20x, and bigger 𝑁 and
𝜖 values work better on images with higher magnification.
Values for 𝑁 and 𝜖 are both empirically chosen to be 5 for
the implementation of this algorithm. The similarity index
uses spatial correlation information of pixel intensity values
to preserve important image information such as the edges
of cell nuclei. The objects and background regions often tend
to have high similarity indices, whereas the features such as
edges produce discontinuities in the image’s neighbourhoods
and are therefore associated with lower similarity indices.

The similarity index is then computed within every pixel
neighbourhood, and the degree of similarity is based on the
difference of intensity values between the pixel located at
the center of the 5 × 5 neighbourhood and all other pixels
in the neighbourhood. The lowest similarity count that any
neighbourhood can have is 1, that is, a neighbourhood with
no other pixel values within an 𝜀 difference of the center
pixel’s intensity value will have a similarity index of 1. In
any 𝑁 × 𝑁 neighbourhood where 𝑁 is an odd number, the
color intensity value of the pixel located at the center of that
neighbourhood can be denoted by

𝑓(center) = 𝑓(𝑁 + 1

2

,

𝑁 + 1

2

) . (1)

The similarity index 𝑔(𝑥, 𝑦) for a𝑁 × 𝑁 neighbourhood
is mathematically expressed as

𝑔(𝑥, 𝑦) =

𝑁

∑

𝑖=1

𝑁

∑

𝑗=1

{

1, if 

𝑓(𝑖, 𝑗) − 𝑓(center)


≤ 𝜖,

0, if 

𝑓(𝑖, 𝑗) − 𝑓(center)


> 𝜖.

(2)

The CCLSC histogram is then computed by combining
the probability distribution of the histogram of the color
component image and the probability distribution of the
similarity indices of neighbourhoods.The CCLSC histogram
ℎ(𝑘,𝑚) is mathematically defined as

ℎ(𝑘,𝑚) = Prob(𝑓(𝑥, 𝑦) = 𝑘, 𝑔(𝑥, 𝑦) = 𝑚) , (3)
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(a) (b)

(c) (d)

Figure 2: Results from background removal process. (a), (c) Input images. (b), (d) Resulting images composed of 𝐾
𝑟
, 𝐾
𝑔
, and 𝐾

𝑏
color

component images.

where 𝑘 is a value in the set 𝐺 and𝑚 is a similarity index that
can have values in the range {1, . . . , 𝑁 × 𝑁}. The normalized
CCLSC histogram ̂

ℎ(𝑘,𝑚) is then computed by

̂
ℎ(𝑘,𝑚) =

No. of pixels with 𝑓(𝑥, 𝑦) = 𝑘

𝑃 × 𝑄

∗

No. of neighbourhoods with 𝑔(𝑥, 𝑦) = 𝑚

Total no. of neighbourhoods
.

(4)

Once the CCLSC ̂
ℎ(𝑘,𝑚) has been computed, it is used to

determine the object and background entropies of the color
component image. Figure 3 shows the surface plot of an
instance of the CCLSC histogram.

3.2.2. Object and Background Probability Distributions. The
calculation of object and background entropies require prob-
ability distributions associated with an image’s object and
background regions that are derived in the following way.
A threshold value 𝑡 is needed to segment an image’s object
from its background, 𝑡s value is chosen such that it partitions
the set of color intensities 𝐺 into 2 subsets, 𝐺

𝑂
and 𝐺

𝐵
. Let

𝐺
𝑂
= {0, 1, 2, . . . , 𝑡} be the set of pixel values that represent

the objects, and let𝐺
𝐵
= {𝑡+1, 𝑡+2, . . . , 255} be the set of pixel
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Figure 3: Surface plot of the CCLSC histogram.

values that represent the background region. The probability
distribution for the image’s object is expressed as

[

̂
ℎ(0, 1)

𝑃
𝑂
(𝑡)

, . . . ,

̂
ℎ(0,𝑁 × 𝑁)

𝑃
𝑂
(𝑡)

,

̂
ℎ(1, 1)

𝑃
𝑂
(𝑡)

, . . . ,

̂
ℎ(1,𝑁 × 𝑁)

𝑃
𝑂
(𝑡)

, . . . ,

̂
ℎ(𝑡,𝑁 × 𝑁)

𝑃
𝑂
(𝑡)

] ,

(5)
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and the distribution associated with the background is given
by

[

̂
ℎ(𝑡 + 1, 1)

𝑃
𝐵
(𝑡)

, . . . ,

̂
ℎ(𝑡 + 1,𝑁 × 𝑁)

𝑃
𝐵
(𝑡)

,

̂
ℎ(𝑡 + 2, 1)

𝑃
𝐵
(𝑡)

, . . . ,

̂
ℎ(255,𝑁 × 𝑁)

𝑃
𝐵
(𝑡)

] ,

(6)

where

𝑃
𝑂
(𝑡) =

𝑡

∑

𝑘=0

𝑁×𝑁

∑

𝑚=1

̂
ℎ(𝑘,𝑚) ,

𝑃
𝐵
(𝑡) =

255

∑

𝑘=𝑡+1

𝑁×𝑁

∑

𝑚=1

̂
ℎ(𝑘,𝑚) ,

𝑃
𝑂
(𝑡) + 𝑃

𝐵
(𝑡) = 1.

(7)

3.2.3. Computation of Object and Background Entropies. The
probability distributions described in the previous section
are used to compute the object and background entropies.
According to the principle of Shannon’s entropy, the mea-
sure of uncertainty from a source equals the net value of
information obtained from the source. Features such as noise
and edges are associated with higher entropy values because
they produce discontinuities between the object and the
backgroundwhich producemore uncertainity in images, that
is, net information. As noted in Section 3.2.1, the background
and object regions often have higher similarity index values
(𝑚), whereas edges often have values that lie in the mid range
of the set {1, . . . , 𝑁 × 𝑁}. A weight function is used in the
computation of entropy to assign higher weights to the range
of similarity indices that often represent edges of cell nuclei.
The weight equation is

weight (𝑚,𝑁) = 5𝑒−(𝑚−(𝑁×𝑁/2))
2
/32
, (8)

where𝑁 is a positive odd number and 𝑚 is a number in the
set {1, . . . , 𝑁 × 𝑁}. Figure 4 illustrates the weight function’s
emphasis in the calculation of the object and background
entropy values.

The object entropy𝐻
𝑂
(𝑡,𝑁) is computed as

𝐻
𝑂
(𝑡,𝑁) = −

𝑡

∑

𝑘=0

𝑁×𝑁

∑

𝑚=1

̂
ℎ(𝑘,𝑚)

𝑃
𝑂

ln[
̂
ℎ(𝑘,𝑚)

𝑃
𝑂

]weight(𝑚,𝑁) ,

(9)

and the background entropy𝐻
𝐵
(𝑡,𝑁) is computed as

𝐻
𝐵
(𝑡,𝑁) = −

255

∑

𝑘=𝑡=1

𝑁×𝑁

∑

𝑚=1

̂
ℎ(𝑘,𝑚)

𝑃
𝐵

× ln[
̂
ℎ(𝑘,𝑚)

𝑃
𝐵

]weight(𝑚,𝑁) .

(10)

After the computation of entropies the functionΦ(𝑡,𝑁) is
maximized to yield the optimal threshold value 𝑇 that will be
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Figure 4: Graph of weight function weight (𝑚, 5).

used to segment the input image’s target objects (cell nuclei)
from the background. The functionΦ(𝑡,𝑁) is expressed as

Φ(𝑡,𝑁) = 𝐻
𝑂
(𝑡,𝑁) + 𝐻

𝐵
(𝑡,𝑁) , (11)

and 𝑇 is given by

𝑇 = maximum(Φ(𝑡,𝑁)) . (12)

3.2.4.Thresholding-Based Segmentation. Performing the pro-
cedures described in previous section on the preprocessed
images 𝐾

𝑟
, 𝐾
𝑔
, and 𝐾

𝑏
yields 3 output threshold values

𝑇
𝑟
, 𝑇
𝑔
, and 𝑇

𝑏
. The 3 threshold values are used to segment

the red, green, and blue color pixel components representing
cell nuclei in the images 𝐼

𝑟
, 𝐼
𝑔
, and 𝐼

𝑏
, respectively.

It was experimentally observed that the pixels repre-
senting cell nuclei in histologically stained images are com-
posed of lower intensity values in the red and green color
component images and higher intensity values in the blue
component color image. Therefore, all pixels in 𝐼

𝑟
and 𝐼
𝑔
that

have intensity values below the output threshold values𝑇
𝑟
and

𝑇
𝑔
are considered to represent cell nuclei, whereas all pixels in

𝐼
𝐵
that have intensity values greater than 𝑇

𝐵
are considered to

represent the cell nuclei. In the process of segmentation, three
binary images 𝐵

𝑟
, 𝐵
𝑔
, and 𝐵

𝑏
are constructed in which all

pixels that are considered as objects in 𝐼
𝑟
, 𝐼
𝑔
, and 𝐼

𝑏
, are valued

as 1 at their respective locations within the binary images.
The background regions are represented by pixels with value
0. The binary images 𝐵

𝑟
, 𝐵
𝑔
, and 𝐵

𝑏
, are then multiplied

together to produce a binary image 𝐵𝑊 that contains only
the segmented cell nuclei. In order to obtain the resulting cell
nuclei segmentation in its original color, the color component
images 𝐼

𝑟
, 𝐼
𝑔
, and 𝐼

𝑏
, are individually multiplied to the binary

mask𝐵𝑊; the resulting red, green, and blue color component
images are then combined to yield an image 𝑅 in RGB color
space which contains the results of the segmentation process.
The procedures described in this section are illustrated in
Figure 5.
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(d) (e) (f)

Figure 5: (a) Input image 𝐼. (b), (c), and (d) Binary images 𝐵
𝑟
, 𝐵
𝑔
, and 𝐵

𝑏
. (e) Binary mask 𝐵𝑊 = (𝐵

𝑟
∗ 𝐵
𝑔
∗ 𝐵
𝑏
) of segmented cell nuclei. (f)

Segmented cell nuclei in resulting RGB image 𝑅.

(a) (b) (c)

Figure 6: (a) Input image 𝐼. (b) Segmented image 𝑅. (c) Postprocessed image 𝑅.

3.3. Post Processing. The image 𝑅 obtained from the segmen-
tation process contains the extracted cell nuclei, but it also
contains unwanted noise that occurs due to similarities in
color intensities of cellular and other noncellular regions.
The postprocessing procedure attempts to remove most of
the unwanted noise so that the results of the cell nuclei
quantification contain fewer false positives. The process
consists of 2 steps, firstly, a morphological technique called
fill-holes is applied on all 3 color component images of 𝑅.The
fill-holes operation is useful in maintaining some structural
details of cell nuclei that may have been lost during the
process of segmentation.

The second step in the postprocessing of image 𝑅 is
median filtering. Median filtering is a nonlinear operation
that is widely used to reduce salt and pepper noise in images.
Median filtering is performed on each color component layer
of 𝑅. After the median filtering, the image 𝑅 is denoised and
is ready for cell nuclei quantification. Results of the fill-holes
and median filtering operations can be observed in Figure 6.

3.4. Cell Nuclei Quantification. In order to quantify the cell
nuclei, the postprocessed image 𝑅 is first converted to a
greyscale image and then to a binary image using Otsu’s
thresholdingmethod [26].The conversion to grayscale allows

the image to be represented in a bimodal fashion so as to
obtain Otsu’s threshold values. Each connected component
of pixels representing a cell’s nucleus in the resulting binary
image is then counted to yield a total cell nuclei count
within an image. The results obtained from the testing of the
proposed algorithm are presented in the following section.
Figure 7 illustrates the results of the preprocessing, entropy-
based thresholding, and postprocessing steps on an input
image.

4. Results

The results obtained by testing the proposed automated
segmentation technique on a dataset of 21 immunohisto-
chemically stained images are presented in Table 1.

The testing dataset consisted of 21 images belonging to
a single patient that were stained using either Hematoxylin
& Eosin (H&E) stain, cluster of differentiation 31 (CD-31),
cluster of differentiation 68 (CD-68), or alpha-smoothmuscle
actin (𝛼-SMActin). The cell nuclei from 21 test images were
manually hand-counted by a pathologist, and the results that
were obtained from the manual procedure were compared
to the results generated by the automated segmentation
technique. The qualitative and quantitative effectiveness of
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 7: (a) Input image 𝐼. (b) Background less input image. (c) Red component thresholded at 90 to create image 𝐵
𝑟
. (d) Green component

thresholded at 104 to create image 𝐵
𝑔
. (e) Blue component thresholded at 97 to create image 𝐵

𝑏
. (f) Binary image 𝐵𝑊 = (𝐵

𝑟
∗ 𝐵
𝑔
∗ 𝐵
𝑏
) of

segmented cell nuclei. (g) Image 𝑅 of cell nuclei with minimal noise. (h) Postprocessed image 𝑅 with no noise. (i) Binary mask of output
image 𝑅.

the proposed algorithm’s performance is presented by means
of its precision, accuracy, sensitivity, and specificity. Images
acquired using 40x magnification usually contain more noise
components, that is, small groups of connected pixels that do
not represent cell nuclei, than the images that are acquired
using a 60x magnification.This is due to the fact that the 40x
images present a larger area of the tissue section in which
the color of the stain is often expressed on small noncellular
regions as well. The additional noise affects the precision of
the segmentation technique, and this effect can be observed
in Table 1 for some 40x images stained by CD-31 and
CD-68. Therefore, it is ideal to use images captured at higher
magnifications with the proposed algorithm, as they will

obtain results with higher accuracy and precision. The true
negatives in this study, that is, number of correctly identi-
fied noise components, were determined by the difference
between the total number of cell nuclei quantified in an image
before and after the postprocessing step.The overall accuracy
and precision of the proposed segmentation algorithm based
on the total number of cell nuclei identified are 95.55%
and 91.27%, respectively. The high sensitivity, 96.45%, and
the specificity value, 95.07%, achieved by the segmentation
technique’s performance suggests that the proposed method
is effective at segmenting most cell nuclei while accurately
identifying, distinguishing, and removing high volumes of
noise from the segmented images.
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Table 1: Results of automated segmentation performance on 21 test images.

Stain ID/magnification
Manual

quantification
(cells)

Automated
quantification

(cells)

Accuracy
(%) Precision (%) Sensitivity

(%)
Specificity

(%)

SMActin

Day 5–40x 101 100 92.96 91 90.01 94.67
Day 5–60x 59 60 91.82 88.33 89.83 93
Day 7–40x 166 187 93.55 85.56 96.38 92.19
Day 7–60x 87 94 93.96 89.24 95.40 93.10
Day 14–40x 85 88 92.75 89.77 92.94 92.62

H&E

Day 5–40x 86 86 100 100 100 100
Day 7–40x 141 138 99.05 100 97.87 100
Day 7–60x 66 71 95.10 90.14 96.96 94.06
Day 14–40x 105 108 98.69 97.22 100 97.6
Day 14–60x 42 38 95.28 100 88.095 100

CD-31

Day 5–40x 76 77 99.38 98.70 100 98.85
Day 5–60x 52 49 97.43 100 94.23 100
Day 7–40x 140 188 94.32 77.77 97.22 93.66
Day 7–60x 61 59 97.61 100 95.08 100
Day 14–40x 98 104 97.97 94.23 100 97.97
Day 14–60x 67 67 100 100 100 100

CD-68

Day 5–40x 99 96 91.36 76.19 96.96 89.39
Day 5–60x 68 66 95.13 84.61 97.05 94.54
Day 14–40x 143 138 98.55 100 96.50 100
Day 14–60x 69 70 99.49 98.57 100 99.23

Total 1811 1884
Average 95.55 91.27 96.45 95.07

In comparison to a related method for cell segmenta-
tion based on shape stability [20], the proposed method
outperforms the quality of cell extraction and the precision
of count for all cases with the given dataset. To ensure
that the proposed system performs well on datasets that
have been stained using different procedures, the system
was also tested on additional immunohistochemically stained
images of cancer cells hosted on the web by groups engaged
in biomedical imaging research [27]. The segmentation
results closely matched the accuracy and precision that were
achieved in the results presented above.

5. Conclusion and Future Work

A novel translational computation system for automated cell
nuclei segmentation and quantification has been proposed
in this paper. Cell nuclei segmentation is a task that has
several medical motivations ranging from the detection of
malignant cell nuclei (tumor) in cancerous tissue images to
the observation of cell nuclei for the characterization of the
wound healing process within the human body.Theproposed
system uses an entropy-based thresholding technique to yield
3 optimal threshold values that are used to segment cell
nuclei from images in the RGB color space. The entropy-
based computations were based of the concepts introduced
in [25]; however, the proposed algorithm introduces new
methods such as the background removal preprocessing

step, a noise removal postprocessing step, and a modified
CCLSC histogram. The proposed technique is consistent in
producing highly accurate and precise results of cell nuclei
quantification; the technique overcomes the limitations of the
existing time-consumingmanual cell quantificationmethods
and has great potential for use amongst pathologists. Future
work will be directed towards improving the accuracy and
precision of the proposed algorithm as well as towards
the identification and classification of the various types of
cell nuclei such as fibroblasts, and macrophages, which are
segmented from the immunohistochemically stained images.
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Themain objective of this study is to explore the contribution of complex network together with its different definitions of vertexes
and edges to describe the structure of proteins. Protein folds into a specific conformation for its function depending on interactions
between residues. Consequently, in many studies, a protein structure was treated as a complex system comprised of individual
components residues, and edges were interactions between residues.What is the proper time for representing a protein structure as
a network? To confirm the effect of different definitions of vertexes and edges in constructing the amino acid interaction networks,
protein domains and the structural unit of proteins were described using this method. The identification performance of 2847
proteins with domain/domains proved that the structure of proteins was described well when 𝑅C𝛼 was around 5.0–7.5 Å, and the
optimal cutoff value for constructing the protein structure networkswas 5.0 Å (C

𝛼
-C
𝛼
distances) while the ideal community division

method was community structure detection based on edge betweenness in this study.

1. Introduction

Protein structure comparison and classification are a difficult
but important task since structure is a determinant for
molecular interaction and function [1]. Protein folds into a
specific conformation for its function depending on inter-
actions between residues. Consequently, a protein structure
can be treated as a complex system comprised of individual
components residues. The method of complex network has
been widely applied in various types of fields such as disease
[2–4], drug target [5], drug design [6]. Network analysis
facilitates the characterization of such complex system and
its individual components [7, 8]. This provides novel insights
into understanding the protein folding mechanism [9, 10],
stability [11], function [9, 12, 13], and dynamics [14] and,
more specifically, the study of protein structures. Viewing the
protein structure as the an intricate network of interacting
residues, metastructure analysis was proved to be an effective
tool for large-scale (genome-wide) protein sequence analysis
target selection for structural genomics and the identification
of intrinsically unstructured (unfolded) proteins [15]. Analy-
sis of the protein structure graphs showed that the aromatic

residues along with arginine, histidine, and methionine act
as strong hubs at high interaction cutoffs, which are found to
play a role in bringing together different secondary structural
elements in the tertiary structure of the proteins [11].Through
transforming the protein structure into residue interaction
graphs, active site, ligand-binding, and evolutionary con-
served residues were found to have high closeness values
typically. This property will then be used to identify key
protein residues [16]. Moreover, software tools were pre-
sented for the automatized generation, 2D visualization, and
interactive analysis of residue interaction networks, which
proved that residue networks are crucial for understanding
structure-function relationships [17]. A novel web server,
RING, was presented to construct physicochemically valid
residue interaction networks interactively from PDB files
for subsequent visualization in the Cytoscape platform [18].
The application ofCytoscape plug-ins,NetworkAnalyzer [19],
and RINalyzer [17] were demonstrated for the standard and
advanced analyses of network topologies [20].

In these studies, different strategies were used to define
a vertex in literature: (a) only the C

𝛼
[9, 10, 15, 21–23] or

C
𝛽
[21, 24] of an amino acid; (b) the center of the side
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chain [11]; (c) all atoms in a residue were taken into account
[16, 25]. Moreover, definition of edge also appears crucial
in the construction of such networks. The characterization
of protein structure is sensitive to the threshold for edges
such as 5 Å (distances between two atoms from two amino
acid residues) [25], 8 Å (C

𝛼
-C
𝛼
distances) [15], 8.5 Å (pairs

of amino acids) [9], and a strict cutoff value of 7 Å [9, 10,
15, 21–23] based on the discovery that representing amino
acids by C

𝛼
atoms may introduce bias for cutoffs below 6.8 Å

[23].
Which strategy is more reasonable among all these

choices? Studies have been made to find the answer. Three
models were compared to prove the effects of the anisotropic
nature of the side chain on the identification of the contact
amino acid pairs [26]. The main objective of this study is to
explore the contribution of complex network togetherwith its
different definitions of vertexes and edges to describing the
structure of proteins. Automatic decomposition of protein
structures into domains remains a challenging problem
[27], and numbers of computer algorithms have been pro-
posed [27–30]. Since domains can be considered as semi-
independent structural units of a protein capable of folding
independently [31, 32], consequently, the identification of
protein domains is an efficient way to present whether a
method can describe the protein structure well. In addition,
the connections between the residues are dense within these
structural units, which are similar to the connections between
communities of the complex networks, expressing the com-
munity properties of such network well. To facilitate the
understanding of such complex systems, community division
was used to analyze these amino acid interaction networks.
The purpose of this method is to divide the vertexes of the
networks into groups, within which the connections between
the vertexes are dense and the connections between which
are sparser in the same time [33]. Moreover, a number of the
methods based on community have been published in many
fields [34–39].

In this study, protein structures were represented by
complex networks, in which a vertex is a residue and an
edge is an interaction between residues. Here, different cutoff
values and strategies used for defining a vertex were tested.
For a dataset of 2847 proteins with domain/domains, the
identification performance in this study was assessed by
accuracy (Acc), whichwas defined as the proportion of amino
acids correctly identified in the certain domain regions of
the query sequences according to the information of protein
structures in SCOP [40]. For example, suppose the domain
regions of the query sequence have 100 amino acids; if 90
of which were correctly identified as belonging to domain
regions while the other 10 were misjudged as sequence
regions, then the Acc will be 90%. It was observed that when
the community divisionmethod was based on edge between-
ness, the Acc (𝑅C

𝛼

) was stable at ∼86% when 𝑅C
𝛼

was around
5.0–7.5 Å, and Acc (𝑅C

𝛼

) achieved the highest value of 86.68%
when 𝑅C

𝛼

was 5.0 Å. In addition, when the community
division method was based on random walks, the Acc (𝑅C

𝛼

)
was ∼81% when 𝑅C

𝛼

was around 6.5–7.5 Å, and Acc (𝑅C
𝛼

)
achieved the highest value of 81.87% when 𝑅C

𝛼

was 7.0 Å and

Table 1: The composition of proteins contained in the dataset.

Number of domains 1 2 3 4 5 6 7
Number of proteins 1450 1077 230 66 19 3 2

the step size was 10. The identification performance proved
that the optimal cutoff value for constructing the protein
structure networks was 5.0 Å (C

𝛼
-C
𝛼
distances), while the

ideal community division method was community structure
detection based on edge betweenness in this study.The results
suggested that the amino acid interaction networks are an
efficient method for describing the structure of proteins,
and the different definitions of vertexes and edges do have
important effect in this process.

2. Materials and Methods

2.1. Data Collection and Data Set Construction. The infor-
mation on domains in proteins in this study were collected
from ASTRAL SCOP [40] version 1.75 database. Protein
domains in SCOP are grouped into species and hierarchically
classified into families, superfamilies, folds, and classes [41].
This database organizes proteins hierarchically according to
their families and folds, which is generally considered as the
standard for protein structure classification [42]. In order to
ensure the nonredundancy of the data, only these proteins
with a pairwise sequence identity ≤30% were downloaded,
and only those in which the structures were solved by X-ray
crystallography with resolution ≤2.5 Å were kept for the clear
structure of the proteins. Finally, the remaining 2847 proteins
were left for this research. The compositions of the dataset
were listed in Table 1.

2.2. Protein Structure Network. Protein structures can be
represented as complex networks where amino acids are
the nodes and their interactions are the edges [43]. In this
study, each protein was considered a small self-governed
network system. The structure of proteins was transformed
into a complex network by taking amino acid residues as
the vertexes and the interactions between the amino acid
residues as edges. Various protein structure networks were
constructed to investigate the protein structure and the
influence of different strategies in building them.

Here, edges are defined in three ways, and from which
the optimal cutoff value was finally chosen. Two amino acid
residues have a connection if (a) the distance between C

𝛼

(defined as 𝑅C
𝛼

) is 3–10 Å (step size of 0.5 Å, 15 different
numerical values in all); (b) the distance between the centers
of the side chains (defined as 𝑅cent) is 3–10 Å (step size of
0.5 Å, 15 different numerical values in all); (c) the distance
between any atoms of the amino acid residues (defined as
𝑅atm) is 0–6 Å (step size of 0.5 Å, 13 different numerical
values in all).The semidiameters of the atoms were taken into
consideration. The amino acid residues interaction networks
defined in this study are as shown in Figure 1, 3D structure of
which is quite distinct.



Computational and Mathematical Methods in Medicine 3

Side view Top view

Upward view

PDB code: 1BZ7
Chain: A

Figure 1: The amino acid residues interaction network. PDB code 1BZ7, chain A.The 3D structure of which is shown above together with its
side, top and upward view. Here, the vertex is defined as C

𝛼
, and the edge is C

𝛼
-C
𝛼
distances which is set at 7.5 Å. Each point in the figure

represents an amino acid in the chain, which is also the vertex of the network. Ligatures between the vertices are the edge of the network,
which illustrate the interaction between the amino acids. For contrasting the figure of community division with this complex network, each
vertex is colored based on its identity in SCOP. Here, reddish purple and blue represent different domain regions in this chain.

2.3. Community Division. Tools for network analysis are
firmly grounded on the results in graph theory [44], including
which network community structure plays an important role
in organizing and understanding the complex networks. The
network communities were identified as dense groups of the
network, whose nodes have a much stronger influence on
each other than on the rest of the network [35]. Moreover,
the connections between the residues are dense within
domains, which express the community properties of such
network well. Based on this characteristic, in this study,
the community division methods were used to divide the
whole sequences into potential domain regions. Two different
methods were employed here: community structure detec-
tion based on edge betweenness and community structure via
short random walks, and between which the more ideal one
was finally choosen.

2.3.1. Community Structure Detection Based on Edge Between-
ness. Algorithms based on betweenness have been widely
applied in various types of networks such as email messages,
animal social networks, collaborations of jazz musicians,
metabolic networks, and gene networks [33, 45–49]. Formore
detailed description of this method, refer to papers [45, 50].
The principle of the community structure detection based
on edge betweenness is that it seems that all the shortest
paths from one module to another must traverse through the
edges connecting separate modules, which have high edge
betweenness in that case.

As a result, this algorithm is performed by calculating
the edge betweenness of the graph and removing the edge
with the highest edge betweenness score gradually in order to

obtain a hierarchical map.This rooted tree is the dendrogram
of the graph, the leaves are the individual vertices, and the
roots represent the whole graph. Finally, a numeric matrix is
constructed using this algorithm.

2.3.2. Community Structure via Short Random Walks. Algo-
rithms based on random walks have been applied in various
researches of networks [50, 51]. This algorithm tries to
find densely connected subgraphs which are also known
as communities in a graph via short random walks. The
principle of this algorithm is that short random walks are
likely to stay in the same community. It takes every single
node as an independent community at first, then those of
which tally with certain rules were incorporated together step
by step. It introduces 𝑟 as a distance between the vertices,
which shall be small if the two vertices are in the same
community and large if they are not.

3. Results and Discussion

3.1. Community Division Based on Edge Betweenness. In
this section, community division method based on edge
betweenness was applied on complex networks, and the
effect of different cutoff values of edges for constructing
complex networks was analyzed. Then, an optimized cutoff
value was identified. The flowchart of these two steps, amino
acid interaction network together with community division
methods, is shown in Figure 2.

For the fairness of the contrast, all complex networks
constructed by different cutoff values were analyzed by
community divisionmethod, which insures themost optimal
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(a) (b)

(c) (d)

PDB code: 1BZ7
Chain: A

(e)

Figure 2: The flowchart of the amino acid interaction network together with community division method. PDB code 1BZ7, chain A. Each
point in the figure represents an amino acid in the chain, which is also the vertex of the network. Ligatures between the vertices are the edge of
the network, which illustrate the interaction between the amino acids. Here, the reddish purple and blue represent different domain regions
in this chain based on the identity in SCOP. Firstly, an amino acid complex network was constructed with the vertex defined as C

𝛼
, and the

edge as C
𝛼
-C
𝛼
distance which was set at 7.5 Å, as shown in (a). Secondly, community division was based on edge betweenness, and the first

edge with the highest edge betweenness score was removed, as shown in (b). Thirdly, more edges were removed based on the algorithm, and
(c) shows that three edges were removed. Fourthly, the community division was finished when the correct number of edges was removed,
as shown in (d); two different domains have been clearly separated, and five edges were removed for this protein. Finally, if the community
division is taken continually, more communities will be found in the complex network. (e) shows the result of community division for chain
A of protein 1BZ7 after removing 500 edges in this complex network, and many more communities illustrate the wrong results according to
the identity in SCOP.

results. In order to obtain the best prediction performance,
different cutoff values were evaluated based on multidomain
proteins. 15 different values (3–10 Å) of the 𝑅C

𝛼

and the 𝑅cent
(step size of 0.5 Å) were optimized, respectively, and so were
other 13 different distance values (0–6 Å) of 𝑅atom (step size
of 0.5 Å).

First, threshold of 7 Å, which has been reported to be
an important distance parameter because all contacts are
complete and legitimate (not occluded) at this distance [23],

was analyzed.The results were obtained after the community
division. The identification performance in this study was
assessed by accuracy, which was defined as the proportion of
amino acids correctly identified in the certain domain regions
of the query sequences.When the 𝑅C

𝛼

and the 𝑅cent were 7 Å,
respectively, the results are 86.21% and 85.16%, respectively.

More cutoff values were tested via different strategies
of vertex. First, the average accuracies for all the proteins
defined by 𝑅C

𝛼

were listed in Table 2. The results indicated
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Table 2:The accuracies of all proteins defined by 𝑅C𝛼 based on edge
betweenness.

Threshold Accuracy
3 Å 2.15
3.5 Å 2.17
4 Å 78.96
4.5 Å 83.42
5 Å 86.68
5.5 Å 86.45
6 Å 85.54
6.5 Å 85.76
7 Å 86.21
7.5 Å 85.92
8 Å 85.21
8.5 Å 84.75
9 Å 84.28
9.5 Å 83.71
10 Å 83.86

Table 3:The accuracies of all proteins defined by𝑅cent based on edge
betweenness.

Threshold Accuracy
3 Å 2.14
3.5 Å 2.59
4 Å 3.79
4.5 Å 7.42
5 Å 33.99
5.5 Å 78.87
6 Å 84.53
6.5 Å 85.04
7 Å 85.16
7.5 Å 85.52
8 Å 84.89
8.5 Å 84.48
9 Å 83.83
9.5 Å 83.56
10 Å 83.40

that when the method was based on the edge betweenness,
Acc (𝑅C

𝛼

) achieved the highest 86.68% when 𝑅C
𝛼

was 5.0 Å.
When 𝑅C

𝛼

was around 5.0–7.5 Å, the accuracies were around
86%, and the bias of the numerical values in this area was
small (∼1%). This illustrated that the cutoff values in this
area reflected protein structure well. Second, the average
accuracies for all the proteins defined by 𝑅cent were listed
in Table 3. The results indicated that Acc (𝑅cent) achieved
the highest 85.52% when 𝑅cent was 7.5 Å. When 𝑅cent was
around 6.5–8.0 Å, Acc (𝑅cent) showed relatively ideal values
around 85%, which illustrated that the cutoff values in this
area reflected protein structure well. However, the bias of the
numerical values was evident for all the numerical values
of 𝑅cent. Acc (𝑅cent) were lower than 10% when 𝑅cent was
around 3.0–4.5 Å, which were generated by the otherness

Table 4: The accuracies of all proteins defined by 𝑅atom based on
edge betweenness.

Threshold Accuracy
0 Å 85.06
0.5 Å 85.36
1.0 Å 85.58
1.5 Å 85.59
2 Å 85.06
2.5 Å 84.39
3 Å 83.73
3.5 Å 83.50
4 Å 83.95
4.5 Å 83.93
5 Å 83.51
5.5 Å 83.45
6 Å 83.31

of the size of side chains. Third, the average accuracies for
all the proteins defined by 𝑅atom were listed in Table 4.
The results indicated that when the distance between any
atoms of the amino acid residues defined as 𝑅atom was taken
into consideration, the superiority of the diversity of the
volume of atoms should also be taken into consideration.
Acc(𝑅atom) achieved the highest value of 85.59% when 𝑅atom
was 1.5Å. When 𝑅atom was around 0.0–2.0 Å, Acc (𝑅atom)
showed relatively ideal values around 85%, and the bias of the
numerical values in this area was small (∼0.6%). When the
cutoff values were bigger than 2.0 Å, Acc (𝑅atom) decreased
monotonically as𝑅atom increased.That is, overlarge𝑅atom will
lead to the incorrect identification of the interactions among
amino acids, which will distort the actual protein structure.

It was observed that when the community division
method was based on edge betweenness, the Acc (𝑅C

𝛼

) was
stable at ∼86%, which illustrated that the network charac-
terization of protein structure would not be limited by its
type. Furthermore, Acc (𝑅cent) was ∼1% lower than that of
Acc (𝑅C

𝛼

), which was generated by the cutoff value. That
is, the side chains of the amino acids have a certain space
volume, and a big cutoff value signifies the space overlap
of the atoms from different amino acids, which is obviously
inappropriate for protein structure. In conclusion, Acc (𝑅cent)
was lower than Acc (𝑅C

𝛼

) and Acc (𝑅atom), which illustrated
that the space specificity of the side chains of amino acids
affects the construction of the amino acids complex networks.
It was observed that the highest accuracy obtained was
86.68% (𝑅C

𝛼

= 5.0 Å). That is, the optimal cutoff value was
5.0 Å (C

𝛼
-C
𝛼
distances) when the ideal community division

method was based on edge betweenness.

3.2. Community Division Based on Random Walks. In this
section, the community division method based on random
walks was analyzed. The same cutoff values were evaluated
here based on multidomain proteins, that is, 15 different
numerical values (3–10 Å) of the 𝑅C

𝛼

and the 𝑅cent (step size
of 0.5 Å) and other 13 different numerical values (0–6 Å) of
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Table 5: Acc (𝑅C𝛼 ) and Acc (𝑅cent) of all proteins based on random
walks under 7 Å of different step sizes.

Step size 3 4 5 6 7 8 9 10
Acc (𝑅C𝛼 ) 77.37 78.56 79.84 80.21 80.93 81.23 81.43 81.93
Acc (𝑅cent) 76.39 77.62 78.56 79.12 79.64 80.05 80.13 80.70

Table 6: The accuracies of all proteins defined by 𝑅C𝛼 based on
random walks.

Threshold Accuracy
3 Å 0
3.5 Å 0
4 Å 67.14
4.5 Å 69.65
5 Å 73.84
5.5 Å 79.87
6 Å 80.39
6.5 Å 81.09
7 Å 81.93
7.5 Å 81.85
8 Å 80.97
8.5 Å 80.48
9 Å 80.46
9.5 Å 79.95
10 Å 79.71

𝑅atom (using a step size of 0.5 Å). In addition, the step sizes
of the community division based on random walks were also
optimized here.

First, threshold of 7 Å [23] was analyzed for all the
proteins. When the 𝑅C

𝛼

and the 𝑅cent were 7 Å, respectively,
the results are listed in Table 5.

It was observed that when the community division
method was based on random walks under the threshold
of 7 Å via different step sizes, the highest Acc (𝑅C

𝛼

) and
Acc (𝑅cent) were 81.93% and 80.70%, respectively. The nume-
ric values of them all were ∼4% lower than that for edge
betweenness, which was generated by the method itself. That
is, the algorithm based on the random walks attempted
to find a given length called step size, which is obviously
inappropriate for domains of different sizes. In large domains,
a short length will not project all the amino acids in the same
community.

More cutoff values were tested via different strategies
of vertex. First, the average accuracies for all the proteins
defined by 𝑅C

𝛼

were listed in Table 6. The results indicated
that Acc (𝑅C

𝛼

) achieved the highest 81.87% when 𝑅C
𝛼

was
7.0 Å and the step size was 10. When 𝑅C

𝛼

was around 6.5–
7.5 Å, the accuracies were around 81%, and the bias of the
numerical values in this area was small (∼1%).This illustrated
that the cutoff values in this area reflected protein structure
well. However, the numeric of Acc (𝑅C

𝛼

) was ∼5% lower than
that for edge betweenness. Second, the average accuracies for
all the proteins defined by 𝑅cent were listed in Table 7. The
results indicated that Acc (𝑅cent) achieved the highest value of

Table 7: The accuracies of all proteins defined by 𝑅cent based on
random walks.

Threshold Accuracy
3 Å 0
3.5 Å 0
4 Å 0
4.5 Å 0
5 Å 0
5.5 Å 5.05
6 Å 59.20
6.5 Å 78.34
7 Å 80.63
7.5 Å 80.63
8 Å 80.77
8.5 Å 80.20
9 Å 79.60
9.5 Å 79.64
10 Å 79.41

Table 8: The accuracies of all proteins defined by 𝑅atom based on
random walks.

Threshold Accuracy
0 Å 80.39
0.5 Å 80.58
1.0 Å 80.82
1.5 Å 80.70
2 Å 80.79
2.5 Å 80.08
3 Å 79.55
3.5 Å 79.35
4 Å 79.24
4.5 Å 78.98
5 Å 78.68
5.5 Å 78.36
6 Å 77.49

80.77% when 𝑅cent was 8.0 Å and the step size was 10. When
𝑅cent was around 7.0–8.5 Å, Acc (𝑅cent) showed relatively ideal
values around 80%, which illustrated that the cutoff values in
this area reflected protein structure well. However, the bias
of the numerical values was evident for all the numerical
values of 𝑅cent, which were generated by the otherness of the
side chains. The numeric of Acc (𝑅cent) was ∼5% lower than
that for edge betweenness, and Acc (𝑅cent) was as low as 0%
when𝑅C

𝛼

was around 3.0–5 Å, whichmay be produced by the
looseness of the complex networks constructed under these
thresholds. Third, the average accuracifes for all the proteins
defined by 𝑅atom were listed in Table 8. The results indicated
that when the distance between any atoms of the amino acid
residues defined as 𝑅atom was taken into consideration, the
superiority of the diversity of the volume of atoms should
also be taken into consideration. Acc (𝑅atom) achieved the
highest value of 80.82% when 𝑅atom was 1.0 Å and the step
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Table 9: The optimal accuracies of each dataset based on edge betweenness.

Dataset 1 2 3 4 5 6 7 8
𝑅C𝛼 7.00 Å 5.50 Å 5.50 Å 5.00 Å 5.50 Å 5.00 Å 5.50 Å 5.50 Å
Accuracy 84.67 89.08 87.07 86.52 87.35 87.26 86.95 86.50
𝑅cent 6.50 Å 7.50 Å 7.50 Å 7.50 Å 7.50 Å 7.50 Å 7.50 Å 7.50 Å
Accuracy 82.51 86.93 86.50 85.74 86.17 86.58 85.85 85.49
𝑅atom 1.00 Å 1.00 Å 0.50 Å 1.00 Å 1.50 Å 1.00 Å 1.00 Å 1.00 Å
Accuracy 82.89 87.54 86.24 86.13 86.94 86.61 85.61 85.80

Table 10: The optimal accuracies of each dataset based on random walks.

Dataset 1 2 3 4 5 6 7 8
𝑅C𝛼 6.00 Å 7.50 Å 7.50 Å 7.50 Å 7.50 Å 7.00 Å 7.50 Å 7.00 Å
Step size 10 10 10 10 10 10 10 10
Accuracy 75.34 85.00 82.46 81.61 83.20 83.39 82.25 81.93
𝑅cent 7.00 Å 7.00 Å 8.00 Å 8.00 Å 8.00 Å 8.00 Å 7.50 Å 7.00 Å
Step size 10 10 10 10 9 10 10 10
Accuracy 74.62 84.95 80.97 80.89 81.84 82.67 80.61 80.79
𝑅atom 0.50 Å 1.50 Å 0.50 Å 1.00 Å 1.50 Å 1.00 Å 1.00 Å 1.00 Å
Step size 10 10 10 9 10 10 10 10
Accuracy 74.85 84.66 81.20 81.11 82.36 82.97 81.45 80.95

size was 10. When 𝑅atom was around 0.0–2.5 Å, Acc (𝑅atom)
showed relatively ideal values around 80%, and the bias of
the numerical values in this area was small (∼1%). However,
the numeric of Acc (𝑅atom) was 5% lower than that for edge
betweenness.

In conclusion, Acc (𝑅cent) was lower than Acc (𝑅C
𝛼

) and
Acc (𝑅atom). It was observed that when the community
division method was based on random walks, the numeric of
the accuracy was lower than that based on edge betweenness
all the while, which indicated that the ideal community
division method for this research was community structure
detection based on edge betweenness. Moreover, the value
of Acc (𝑅cent) was the worst via both the two community
division methods all along. Similar results were obtained in
the study of side chain contact models; three models were
compared and the isotropic sphere side chain (ISS) model
was the worst in accuracy.They proved that the model which
took the spatially anisotropic nature of the side chain into
consideration would eliminate about 95% of the incorrectly
counted contact pairs in the ISS model [26]. However, this
kind of practicalmodels do have lessmoderate computational
cost than the popular representationmodel such as the use of
C
𝛼
atom, which is proved to be effective for the kind of the

data in this study.

3.3. The Stability Analysis of the Method. To verify the
stability of the method, 8 datasets were constructed based on
multidomain proteins. The first dataset was composed of 100
proteins, and every other dataset contained 100 proteinsmore
than the previous one. That is, the 8th dataset contained 800
proteins.

The same operationswere taken based on these 8 datasets.
Different numerical values of 𝑅C

𝛼

(3–10 Å), 𝑅cent (3–10 Å),

and 𝑅atom (0–6 Å) were optimized based on two community
division methods. The highest accuracies for each dataset
were listed in Tables 9 and 10.

It was observed that when the community division
method was based on edge betweenness, Acc (𝑅C

𝛼

) for each
database got the highest results around ∼86%–89% when
𝑅C
𝛼

was ∼5.00–5.50 Å, which were quite close to the result
86.68% when 𝑅C

𝛼

was 5.00 Å. However, results for database
one was a little bit different, 84.67% when 𝑅C

𝛼

was 7.00 Å,
which may be generated by the lack of statistically significant
result in the small amount of the proteins. Acc (𝑅cent) for each
database got the highest results around∼85%-86%when𝑅cent
was 7.50 Å, which were quite close to the result 85.52% when
𝑅cent was 7.50 Å. However, results for database one was a little
bit different, 82.51% when 𝑅cent was 6.50 Å, which may be
generated by the lack of statistically significant result in the
small amount of the proteins. Acc (𝑅atom) for each database
got the highest results around ∼82%–87% when 𝑅atom was
∼0.50−1.50 Å, which were quite close to the result 85.59%
when 𝑅C

𝛼

was 1.50 Å.
When the community division method was based on

random walks, Acc (𝑅C
𝛼

) for each database got the highest
results around∼81%–85%when𝑅C

𝛼

was∼7.00–7.50 Å and the
step size was 10, which were quite close to the result 81.87%
when 𝑅C

𝛼

was 7.0 Å and the step size was 10. Acc (𝑅cent)
for each database got the highest results around ∼80%–84%
when 𝑅cent was 7.00–8.00 Å, which were quite close to the
result 80.77% when 𝑅cent was 8.0 Å and the step size was 10.
Acc (𝑅atom) for each database got the highest results around
∼80%–84% when 𝑅atom was ∼0.50–1.50 Å and the step size
was 10, which were quite close to the result 80.82% when
𝑅C
𝛼

was 1.00 Å and the step size was 10. However, results
for database one was a little bit different under these three
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conditions, whichmay be generated by the lack of statistically
significant result in the small amount of the proteins.

It is observed from the results that the complex networks
together with the community division methods constructed
in this study were stable, which proved the creditability of the
research. On the other hand, it was observed that when the
community divisionmethodwas based on edge betweenness,
the Acc (𝑅C

𝛼

) was stable at ∼86% when 𝑅C
𝛼

was around
5.0–7.5 Å, and the optimal cutoff value for constructing the
protein structure networks was 5.0 Å (C

𝛼
-C
𝛼
distances) in

this study.

4. Conclusion

Themain objective of this study is to explore the contribution
of complex network together with its different definitions of
vertexes and edges to describing the structure of proteins.
When applying ourmethod on a dataset of 2847 proteinswith
domain/domains, it was observed that when the community
division method was based on random walks, the numeric of
the accuracy was lower than that based on edge betweenness
all the while, which indicated that the ideal community
division method for this research was community structure
detection based on edge betweenness. When the commu-
nity division method was based on edge betweenness, the
Acc (𝑅C

𝛼

) was stable at ∼86% when 𝑅C
𝛼

was around 5.0–
7.5 Å, and Acc (𝑅C

𝛼

) achieved the highest value of 86.68%
when 𝑅C

𝛼

was 5.0 Å. The identification performance proved
that the optimal cutoff value for constructing the protein
structure networks was 5.0 Å (C

𝛼
-C
𝛼
distances), while the

ideal community division method was community structure
detection based on edge betweenness in this study.The results
suggested that the amino acid interaction networks are an
efficient method for describing the structure of proteins,
and the different definitions of vertexes and edges do have
important effect in this process. Distance should be taken into
consideration to prevent unnecessary deviation. Moreover,
the optimized network model could be further applied in
future study for the number and position of protein domain
prediction.

Acknowledgments

The authors would like to thank the anonymous reviewers for
their patient review and constructive suggestions. This study
was supported by the Natural Science Foundation of China
(21175095, 20972103).

References

[1] R. C. Penner, M. Knudsen, C. Wiuf, and J. E. Andersen, “An
algebro-topological description of protein domain structure,”
PLoS ONE, vol. 6, no. 5, article e19670, Article ID e19670, 2011.

[2] A. L. Barabási, N. Gulbahce, and J. Loscalzo, “Network
medicine: a network-based approach to human disease,”Nature
Reviews Genetics, vol. 12, no. 1, pp. 56–68, 2011.

[3] O.Magger, Y. Y.Waldman, E. Ruppin, and R. Sharan :, “Enhanc-
ing the prioritization of disease-causing genes through tissue

specific protein interaction networks,” PLoS Computational
Biology, vol. 8, no. 9, article e1002690, 2012.

[4] S. Karni, H. Soreq, and R. Sharan, “A network-based method
for predicting disease-causing genes,” Journal of Computational
Biology, vol. 16, no. 2, pp. 181–189, 2009.

[5] F. Cheng, C. Liu, J. Jiang et al., “Prediction of drug-target inter-
actions and drug repositioning via network-based inference,”
PLoS Computational Biology, vol. 8, no. 5, article e1002503, 2012.
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Although previous studies have shown the successful use of pressure-induced reactive hyperemia as a tool for the assessment of
endothelial function, its sensitivity remains questionable. This study aims to investigate the feasibility and sensitivity of a novel
multiscale entropy index (MEI) in detecting subtle vascular abnormalities in healthy and diabetic subjects. Basic anthropometric
and hemodynamic parameters, serum lipid profiles, and glycosylated hemoglobin levels were recorded. Arterial pulse wave signals
were acquired from the wrist with an air pressure sensing system (APSS), followed by MEI and dilatation index (DI) analyses. MEI
succeeded in detecting significant differences among the four groups of subjects: healthy young individuals, healthy middle-aged
or elderly individuals, well-controlled diabetic individuals, and poorly controlled diabetic individuals. A reduction in multiscale
entropy reflected age- and diabetes-related vascular changes and may serve as a more sensitive indicator of subtle vascular
abnormalities compared with DI in the setting of diabetes.

1. Introduction

Endothelial dysfunction (ED) has been documented as a
sign of the imminent onset of cardiovascular disease (CVD)
including atherosclerosis and CVD-related disorders (i.e.,
diabetes, hypertension) [1–3]. The commonly used noninva-
sive means of assessing ED include flow-mediated dilatation
(FMD) [4–6] and reactive hyperemia peripheral arterial
tonometry (RH-PAT) [7–9]. The principle underlying the
measurement is the induction of transient ischemia through
increased cuff pressure over the upper arm, followed by a
release of pressure. The reperfusion thus produced elicits
reactive hyperemia (RH) in the distal blood vessels through

the release of nitric oxide (NO), which is an indicator of
endothelial integrity [10–12].

Although FMD provides direct information about the
changes in blood vessel diameter, it requires an experienced
operator and expensive equipment. On the other hand,
RH-PAT acquires arterial pulse signals of the index finger
through tonometry and compares them before and after RH
induction. The popularity of its clinical use, however, is also
hampered by the need for experienced personnel and its
costly disposable accessories. As a result, no well-designed
study has investigated ED in elderly and diabetic subjects who
are at high risk of CVD.The importance of early detection of
ED in diabetic patients is further underscored by the finding
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that ED occurs within 10 years of full-fledged diabetes. Early
detection of ED and timely intervention, therefore, are of
utmost importance in the prevention of diabetes and its
associated complications [13–15].

This study was designed to test the sensitivity and validity
of applying a novel multiscale entropy index (MEI) in
evaluating the degree of ED in subjects at risk of CVD. This
was performed by analyzing the dynamical complexity of
arterial pulse waveform signals, obtained through the wrist
before and after induction of RH from 4 different subject
populations using multiscale entropy analysis of biological
signals [16–19].

2. Materials and Methods

2.1. Study Population and Grouping. A total of 70 subjects
were recruited from the diabetes outpatient clinic of Hualin
Hospital between December 2009 and October 2010. In
addition, there were 70 healthy controls recruited from a
health examination program at the same hospital. The 140
study subjects were categorized into the following 4 groups:
group 1, which included healthy young individuals aged
20–30 years, with no known history of CVD, glycosylated
hemoglobin (HbA1c) levels of less than 6%, and fasting blood
sugar levels of less than 126mg/dL; group 2, which included
healthy middle-aged or elderly individuals aged 40–70 years,
with no known history of CVD, HbA1c levels of less than
6%, fasting blood sugar levels of less than 126mg/dL, and
absence of metabolic syndrome according to the ATP III
report [20]; group 3, which included well-controlled diabetic
individuals aged 50–80 years, with an established diagnosis
of type 2 diabetes (i.e., HbA1c levels > 6.5% and fasting sugar
levels > 126mg/dL) [20], HbA1c levels between 6.5% and 8%
and fasting blood sugar levels of more than 126mg/dL at the
time of the present study; group 4, which included poorly
controlled diabetic individuals aged 50–80 years, who fit the
criteria of diabetes with HbA1c levels of more than 8% and
fasting sugar levels of more than 126mg/dL.

2.2. Experimental Procedure. Before initiating the study,
subjects were required to fill out a questionnaire on basic
demographic and anthropometric data as well as information
on lifestyle and personal/family history of CVD. Physicians
also obtained blood samples after 8 hours of fasting for deter-
mination of serum high-density lipoprotein (HDL), low-
density lipoprotein (LDL), triglyceride (TG), fasting blood
sugar, andHbA1c levels. Informed consentwas obtained from
all subjects.

The study subjects were allowed to assume a supine
position and rest in a quiet, temperature-controlled (25∘C)
room for 5 minutes before measurement. Blood pressure was
obtained once over the left armof the supine patients using an
automated oscillometric device (BP3AG1, Microlife, Taiwan)
with a cuff of appropriate size. One pressure cuff of the air
pressure sensing system (APSS) was then put around the left
arm, whereas the other cuff was applied on the left wrist [21,
22].The pressure of the cuff around the wrist was maintained

at 40mmHg throughout the process of measurement, which
took 17 minutes for each subject.

2.3. Dilatation Index (DI) Computation. The structure and
principles of operation of the APSS have been previously
reported [21]. In brief, the APSS system consists of two sets
of pressure cuffs, a piezoresistive sensor, and an endothelial
functionmeasurementmodule board.Thefirst set of pressure
cuffs is placed over the upper arm and triggers the endothelial
function, whereas the second set is placed over the wrist
for data acquisition. The piezoresistive sensor, which is
connected to the second set of pressure cuffs, is used to
detect the pulse wave and record the arterial waveform in
the system. The endothelial function measurement module
board amplifies and filters the captured arterial waveform.
The pressure detected by the piezoresistive sensor was thus
converted into electrical signals which were then amplified
and filtered to obtain the analog signals. The analog signals
were digitized with an analog-to-digital converter (Model
MSP430F449, Texas Instruments, TX, USA) at a sampling
rate of 500Hz and stored in a computer for later analysis
[22]. The total duration of signal acquisition was 17 minutes
(Figure 1), which consisted of 5 minutes of data recording at
a wrist cuff pressure of 40mmHg with the arm cuff deflated
(i.e., the baseline), 3 minutes of blood flow occlusion by
increasing the cuff pressure of the upper arm to 200mmHg
(i.e., the occlusion phase), and 9 minutes of data acquisition
after complete deflation of the pressure cuff over the upper
arm with the pressure of the wrist cuff being maintained
at 40mmHg throughout (i.e., the hyperemic phase). The
amplitude of the signals during the hyperemic phase varied
with the subject’s age and disease status (see Figure 1). The
mean amplitude of signals within a representative one-
minute period between the fifth and tenth minute after
the beginning of data collection was selected from the
baseline and hyperemic phases, respectively, and labeled as
AmpBaseline and AmpRH (see Figure 1). The dilatation index
(DI) [8, 21] of the forearm blood vessel is defined as

DIAmp =
AmpRH

AmpBaseline
× 100%. (1)

In agreement with the results of previous studies [8, 9,
22], our finding (see Figure 1) showed that the value of DI
decreases with advancing age and increasing severity of dia-
betes. In contrast with the calculation of DI, which adopted
1 minute of signals from both the baseline and reactive
hyperemic phases, the present study attempted to utilize the
entire 14 minutes of signals (except for the occlusion phase)
in the calculation of the multiscale entropy index (MEI).This
was performed to provide a sensitive tool for detecting subtle
vascular abnormalities in the elderly and diabetic patients.

2.4. Multiscale Entropy Index (MEI). After deleting the 3
minutes of arterial pulse signal acquired during the occlusion
phase, signals of the baseline and hyperemic phases were
connected for analysis. The footpoint of each waveform
was first marked, followed by the identification of the peak
between two footpoints [23]. The amplitude of the waveform
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(a) A subject in group 1, DIAmp = 110.45%

(b) A subject in group 2, DIAmp = 88.75%

(c) A subject in group 3, DIAmp = 57.43%

Baseline Occlusion Hyperemia

Time (minutes)
0 4 5 8 9 10 17

(d) A subject in group 4, DIAmp = 14.71%

Figure 1: Representative arterial pulse signals from the 4 different
groups, showing variations in the dilatation index (DIAmp). Group 1:
healthy young individuals; group 2: healthy middle-aged or elderly
individuals; group 3: well-controlled diabetic individuals; group 4:
poorly controlled diabetic individuals.
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obtained were plotted versus time (see Figure 2(b)). Since the
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of the multiscale entropy (MSE) calculation, the curve was
detrended with empirical mode decomposition (EMD), as
proposed by a previous study [24–26] (see Figure 2(c)). This
process yielded 1,000 amplitude points {𝑋

1
, 𝑋


2
, . . . , 𝑋



1000
} for

MSE analysis.

2.4.1. Multiscale Entropy (MSE) Computation. MSE was
calculated in accordance with the procedure reported by
Costa et al. [16]. Given a 1-dimensional discrete time series,
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where 𝜏 denotes the scale factor and 1 ≦ 𝑗 ≦ 1000/𝜏.In
other words, coarse-grained time series for scale factor 𝜏were
acquired by taking the arithmetic average of 𝜏 neighboring
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Figure 2: (a) Identification of the footpoint and peak of each
arterial waveform measured from the wrist of a healthy young
subject (group 1) using the air pressure sensing system (APSS), after
connecting the baseline signals (5min) to those at the hyperemic
phase (9min). (b) Plotting of the amplitudes from 1000 waveforms
against time, giving a nonstationary curve. (c) Final curve after
detrending using Empirical Mode Decomposition (EMD).

original values without overlapping. The length of each
coarse-grained time series is 1000/𝜏. For scale 1, the coarse-
grained time series is just the original time series. Sample
entropy (𝑆

𝐸
) [27] for each of the coarse-grained time series

can be obtained and plotted against the scale factor, 𝜏.

2.4.2. Multiscale Entropy Index (MEI) Computation. The
values of 𝑆

𝐸
were then obtained from a range of scale

factors between 1 and 10 using the MSE data analysis method
described above. The values of 𝑆

𝐸
between scale factors 1

and 5 were defined as small scale, whereas those between
scale factors 6 and 10 were large scale [28, 29]. The sum
of 𝑆
𝐸
values between scale factors 1 and 5 was defined as

MEISS, while the sum of 𝑆
𝐸
values between scale factors

6 and 10 was defined as MEILS [28, 29], see (3) below.
By defining and calculating these two indices of multiscale
entropy, the complexity of signals between different time
scales can be assessed and quantified. Using these 2 indices,
the present study attempted to evaluate the differences in
signal complexity of the hyperemic responses elicited by
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temporary ischemia, an index of endothelial function, in
different subject populations,

MEISS =
5

∑

𝜏=1

𝑆
𝐸
(𝜏) ,

MEILS =
10

∑

𝜏=6

𝑆
𝐸
(𝜏) ,

(3)

where 𝑆
𝐸
(𝜏) is the sample entropy for the respective scale

factor.

2.5. Statistical Analysis. Average values were expressed as
mean ±SD. Statistical Package for the Social Science (SPSS,
version 14.0) was adopted. Independent sample t-test and
Pearson’s correlation were used for the determination of
significance between different groups and assessment of
correlations among different parameters, respectively. A 𝑃
value < 0.05 was considered statistically significant.

3. Results

By recording serial changes in 1,000 arterial waveform ampli-
tudes (between scale factor of 1 and 10) and analyzing their
complexity (i.e., multiscale entropy) in 4 different subject
populations of different ages and disease status, significant
changes in 𝑆

𝐸
with different scale factors in the 4 different

groups of subjects were noted (see Figure 3).

3.1. Changes in Sample Entropy, 𝑆
𝐸
, with Scale Factor. The

values of 𝑆
𝐸
decreased significantly from a scale factor of 6

onward in group 1 (healthy young subjects), group 2 (healthy
middle-aged or elderly subjects), group 3 (well-controlled
diabetics), and group 4 (poorly controlled diabetics) (see
Figure 3). No significant difference in the values of 𝑆

𝐸
at lower

scale factors (i.e., 1 to 5) was noted among the 4 groups.

3.2. Comparison between Healthy Young (Group 1) and
Middle-Aged or Elderly (Group 2) Subjects. Remarkable dif-
ferences were noted between healthy young (group 1) and
middle-aged or elderly (group 2) subjects in terms of age,
body height, HbA1c (𝑃 < 0.001), and serum HDL and LDL
levels (𝑃 < 0.05; Table 1). Significant differences (𝑃 = 0.016)
in DI were also noted between group 1 (201.57% ± 43.42%)
and group 2 (164.88% ± 32.33%). No notable difference in
MEISS was noted between the 2 groups (3.43 ± 1.23 versus
2.92 ± 0.89, 𝑃 = 0.343); however, MEILS was significantly
higher in group 1 than in group 2 (4.22±1.41 versus 3.53±0.99,
resp., 𝑃 = 0.025).

3.3. Comparison between Healthy Middle-Aged or Elderly
(Group 2) and Well-Controlled Diabetic (Group 3) Sub-
jects. Table 1 summarizes the demographic, anthropometric,
hemodynamic, and biochemical parameters, MEI, and DI
between group 2 and group 3 (HbA1c < 8%) subjects,
showing notably advanced age, larger waist circumference,
elevated HbA1c, and fasting blood sugar levels in the latter
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Figure 3: Changes in sample entropy (𝑆
𝐸
) with different scale factors

in the four groups of subjects. Symbols represent the mean values of
entropy for each group, and bars represent the standard error (𝑆

𝐸
=

SD/√𝑛), where 𝑛 is the number of subjects. Group 1: healthy young
subjects; group 2: healthy middle-aged or elderly subjects; group 3:
well-controlled diabetic subjects; group 4: poorly controlled diabetic
subjects.

(𝑃 < 0.001). Body weight, body mass index, and systolic
blood pressure in group 3 were significantly higher than that
in group 2. On the other hand, serum LDL and HDL levels
in group 3 were significantly lower than that in group 2
(𝑃 < 0.05). Multiscale entropy analysis revealed significantly
higher MEILS in group 2 than that in group 3 (3.53 ± 0.99
versus 3.02 ± 1.48, resp., 𝑃 = 0.037), whereas there was no
notable difference inMEISS between the 2 groups (2.92±0.89
versus 2.78 ± 1.27 for group 2 and group 3, resp., 𝑃 = 0.452).
In terms of DI, no remarkable difference was noted between
group 2 and group 3 (164.88% ± 32.33% versus 162.08% ±
35.34%, resp., 𝑃 = 0.365). Moreover, a significant negative
correlationwas noted betweenMEILS and fasting blood sugar
levels in the 2 groups (𝑅 = −0.274, 𝑃 = 0.015) (see
Figure 4(a)), whereas no notable correlation could be found
between DI and fasting blood sugar levels between these
groups (𝑅 = −0.172, 𝑃 = 0.132) (see Figure 4(b)).

3.4. Comparison between Well-Controlled (Group 3) and
Poorly Controlled Diabetic (Group 4) Subjects. Although the
subjects in group 3 (HbA1c < 8%) were significantly older
than those in group 4 (HbA1c > 8%), the comparison
between the 2 groups revealed significantly higher HbA1c,
LDL, fasting blood sugar, and triglyceride levels in group
4 (Table 1). There was no significant difference in MEISS
between group 3 and group 4 (2.78 ± 1.27 versus 2.37 ± 0.88,
resp., 𝑃 = 0.118); however, MEILS was remarkably higher in
the well-controlled diabetic subjects (group 3) than that in
the poorly controlled diabetic subjects (group 4) (3.02 ± 1.48
versus 2.34±0.96, resp.,𝑃 = 0.024). A notable difference inDI
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Table 1: Comparison of demographic, anthropometric, hemodynamic and biochemical parameters, MEI, and DI between healthy young
subjects (Group 1), healthy middle-aged or elderly subjects (Group 2), well-controlled diabetic subjects (Group 3) and poorly controlled
diabetic subjects (Group 4).

Parameter Group 1 Group 2 Group 3 Group 4
𝑁 30 40 40 30
Age (years) 24.87 ± 2.69 56.59 ± 8.75

∗∗
64.98 ± 9.26

++
60.03 ± 8.24

𝜀

Body height (cm) 172.63 ± 6.86 161.93 ± 7.44
∗∗

160.55 ± 8.56 163.26 ± 7.16

Body weight (kg) 68.12 ± 10.99 63.31 ± 10.70 68.09 ± 10.28
+

71.41 ± 11.93

Waist circumference (cm) 80.97 ± 9.55 82.11 ± 9.92 93.13 ± 9.37
++

93.06 ± 11.62

BMI (kg/m2) 22.79 ± 3.06 24.11 ± 3.59 26.40 ± 3.39
+

26.98 ± 5.30

SBP (mmHg) 116.18 ± 12.31 118.11 ± 15.19 128.34 ± 17.02
+

126.83 ± 17.66

DBP (mmHg) 71.94 ± 6.18 73.94 ± 10.49 75.04 ± 10.14 74.72 ± 11.19

HbA1c (%) 5.49 ± 0.25 5.67 ± 0.31
∗∗

6.79 ± 0.60
++

9.85 ± 1.81
𝜀𝜀

HDL (mg/dL) 44.81 ± 5.60 52.94 ± 20.64
∗

42.78 ± 16.26
+

43.39 ± 14.65

LDL (mg/dL) 97.0 ± 26.83 122.48 ± 26.78
∗

99.33 ± 25.17
++

117.93 ± 36.23
𝜀

Fasting blood sugar (mg/dL) 92.69 ± 3.19 97.70 ± 15.76 128.06 ± 28.77
++

166.96 ± 59.07
𝜀

Triglyceride (mg/dL) 89.31 ± 60.14 105.09 ± 51.06 110.29 ± 41.71 161.85 ± 53.72
𝜀

Creatinine (mg/dL) 0.92 ± 0.12 0.79 ± 0.22
∗

0.93 ± 0.37 1.24 ± 1.17

Microalbumin (mg/dL) 0.72 ± 0.56 0.64 ± 0.66 16.99 ± 57.99 71.68 ± 222.41

MEISS 3.43 ± 1.23 2.92 ± 0.89 2.78 ± 1.27 2.37 ± 0.88

MEILS 4.22 ± 1.41 3.53 ± 0.99
∗

3.02 ± 1.48
+

2.34 ± 0.96
𝜀

DI (%) 201.57 ± 43.42 164.88 ± 32.33
∗

162.08 ± 35.34 132.72 ± 36.57
𝜀𝜀

Value are expressed as mean ± SD. BMI: body mass index; SBP: systolic blood pressure; DBP: diastolic blood pressure; HbA1c: glycosylated hemoglobin; HDL:
high density lipoprotein; LDL: low density lipoprotein; MEISS: Multiscale Entropy Index with Small Scale; MEILS: Multiscale Entropy Index with Large Scale;
DI: Dilatation Index. ∗𝑃 < 0.05: Group 1 versus Group 2, +𝑃 < 0.05: Group 2 versus Group 3, 𝜀𝑃 < 0.05: Group 3 versus Group 4. ∗∗𝑃 < 0.001: Group 1 versus
Group 2, ++𝑃 < 0.001: Group 2 versus Group 3, 𝜀𝜀𝑃 < 0.001: Group 3 versus Group 4.

Table 2: Correlations of MEILS and DI with anthropometric, hemodynamic, and biochemical parameters.

Parameter DI (𝑁 = 140) MEILS (𝑁 = 140)
Age (years) 𝑅 = −0.168, 𝑃 = 0.062 𝑅 = −0.223, 𝑃 = 0.012

Body height (cm) 𝑅 = 0.113, 𝑃 = 0.144 𝑅 = −0.063, 𝑃 = 0.440

Body weight (kg) 𝑅 = −0.078, 𝑃 = 0.423 𝑅 = −0.127, 𝑃 = 0.147

Waist circumference (cm) 𝑅 = −0.193, 𝑃 = 0.043 𝑅 = −0.143, 𝑃 = 0.117

BMI (kg/m2) 𝑅 = −0.162, 𝑃 = 0.043 𝑅 = −0.092, 𝑃 = 0.309

SBP (mmHg) 𝑅 = −0.183, 𝑃 = 0.054 𝑅 = −0.031, 𝑃 = 0.735

DBP (mmHg) 𝑅 = −0.124, 𝑃 = 0.195 𝑅 = 0.007, 𝑃 = 0.937

HbA1c (%) 𝑅 = −0.223, 𝑃 = 0.013 𝑅 = −0.375, 𝑃 < 0.001

HDL (mg/dL) 𝑅 = 0.034, 𝑃 = 0.730 𝑅 = 0.240, 𝑃 = 0.010

LDL (mg/dL) 𝑅 = −0.070, 𝑃 = 0.478 𝑅 = −0.025, 𝑃 = 0.791

Fasting blood sugar (mg/dL) 𝑅 = −0.169, 𝑃 = 0.074 𝑅 = −0.344, 𝑃 < 0.001

Triglyceride (mg/dL) 𝑅 = −0.165, 𝑃 = 0.091 𝑅 = −0.158, 𝑃 = 0.088

BMI: body mass index; SBP: systolic blood pressure; DBP: diastolic blood pressure; HbA1c: glycosylated hemoglobin; HDL: high density lipoprotein; LDL: low
density lipoprotein.

also existed between group 3 and group 4 (162.08%± 35.34%
versus 132.72% ± 36.57%, resp., 𝑃 < 0.001).

3.5. Correlations of MEI
𝐿𝑆

and DI with Anthropometric,
Hemodynamic, and Biochemical Parameters. Attempts were
made to correlate values of DI and MEILS from all subjects
(𝑁 = 140) with their anthropometric, hemodynamic, and
biochemical risk factors of CVD (Table 2).The results showed
that DI was negatively correlated with waist circumference,
bodymass index, andHbA1c levels. On the other hand, while

MEILS was negatively correlated with age, HbA1c, and fasting
blood sugar levels, it was positively correlated with serum
HDL levels.

4. Discussion

The human body consists of physiological systems of dynam-
ical complexity involving a myriad of interactions and
feedback mechanisms [17]. Recent studies [16–19], which
placed strong emphasis on the quantification of dynamical
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Figure 4: Correlations between (a) small-scale multiscale entropy index (MEILS) and fasting blood sugar levels; (b) dilatation index (DI) and
fasting blood sugar levels in healthy middle-aged or elderly (group 2) and well-controlled diabetic (group 3) subjects.

complexity in healthy human subjects and those with cardio-
vascular diseases, have identified a reduction in dynamical
complexity, defined by MSE, as a common characteristic of
the aged and diseased subsets of the population. Previous
applications of dynamical complexity analysis focusedmainly
on the study of R-R interval time series, in an attempt to
investigate various cardiac diseases. For instance, compared
with healthy subjects regardless of age, patients with conges-
tive heart failure (CHF) have a higher 𝑆

𝐸
for scale 1 [16, 17].

In contrast, a lower 𝑆
𝐸
becomes apparent in subjects with

CHF over scale 1. Analysis of R-R interval time series in
normal subjects and in patients with ventricular arrhythmia
and myocardial infarction revealed that 𝑆

𝐸
decreases with

increasing age in both normal and diseased populations [24].
On the other hand, there is no significant difference in 𝑆

𝐸

between the healthy aged subjects and their counterpartswith
cardiac diseases. Moreover, healthy young subjects have the
highest 𝑆

𝐸
at all scales compared with the aged and diseased

groups [24].
The application of MSE in analyzing heart rate (HR) and

systolic and diastolic blood pressure (BP) in 14 young patients
with type 1 diabetes mellitus was first reported by Trunk-
valterova et al. in 2008 [30]. MSE analysis of HR/BP signals
showed a higher 𝑆

𝐸
value in the healthy subjects than that in

the diabetic subjects on scale 3. Using age-matched healthy
young subjects as normal controls, this study proposed that
MSE is useful in detecting subtle vascular pathology in young
diabetic subjects. However, the paradoxical result of MSE
analysis on HR and diastolic BP in that study, which showed
a higher 𝑆

𝐸
in diabetic patients compared with their healthy

counterparts over scale 6, remains unexplained. The choice
of a suitable physiological parameter is, therefore, essential
in the successful application of MSE to the assessment of the
degree of atherosclerosis and the effect of aging on vascular
function.

Although the application of MSE using R-R interval
time series in analyzing the dynamical complexity of cardiac
diseases has been validated, reports on the use of MSE in
assessing atherosclerotic change of blood vessels and the
impact of age on the vascular system are rare.

Not only is endothelial dysfunction believed to precede
microvascular changes of the cardiovascular system [1], it
is also considered an indicator of atherosclerosis [1–4].
Previous studies have proposed a system of reactive RH-
PAT, performed by the analysis of finger arterial pulse waves
before and after applying pressure on the upper arm, in
assessing vascular endothelial function. The popularity of
its use, however, is restricted by the expensive equipment
and the requirement of well-trained personnel for proper
operation.The present study utilized APSS that we previously
proposed to record the signals of arterial pulsations from
the wrist before and after application of pressure on the
upper arm [21]. After calculation of the DI, we attempted to
assess vascular endothelial function by adopting MSE. We
used it in calculating the dynamical complexity of the signals
acquired from subjects belonging to different age groups and
from subjects with different degrees of diabetic control, since
diabetes and aging are both risk factors of atherosclerosis. In
this manner, the two parameters of MEILS and MEILS were
obtained and compared among the different groups.

Table 1 shows a notable difference in both MEILS and
DI between healthy young (group 1) and middle-aged or
elderly (group 2) subjects, whereas there was no significant
difference in MEISS between the two groups. On the other
hand, although DI did not differ between healthy middle-
aged or elderly subjects (group 2) andwell-controlled diabetic
subjects (group 3), significant difference in MEILS existed
between the 2 groups (Table 1). These results imply that
MEILS can indicate subtle vascular changes even in well-
controlled diabetic subjects, whose endothelial dysfunction
is maintained at a relatively stable condition through lifestyle
modification and medical control [7]. Further investigation
revealed a negative correlation between fasting blood sugar
levels and MEILS, whereas the correlation between fasting
blood sugar levels and DI failed to reach statistical signif-
icance. In term of HbA1c levels, a better correlation was
noted with MEILS (𝑃 < 0.001) than with DI (𝑃 = 0.013)
(Table 2). Taken together, the findings suggest that MEILS
may serve as a better indicator of subtle diabetes-associated
vascular endothelial dysfunction and sugar control than DI,
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indicating the possible use ofMEILS as a sensitive indicator of
vascular endothelial dysfunction that allows early therapeutic
intervention.

When DI and MEILS were compared in terms of their
correlationswith the risk factors of CVD (Table 2), significant
correlations were noted between DI and waist circumference
(𝑅 = −0.193, 𝑃 = 0.043), body mass index (𝑅 = −0.162,
𝑃 = 0.043), and HbA1c (𝑅 = −0.223, 𝑃 = 0.013), whereas
significant correlations existed between MEILS and age (𝑅 =
−0.223, 𝑃 = 0.012), HbA1c (𝑅 = −0.375, 𝑃 < 0.001),
serum HDL (𝑅 = 0.240, 𝑃 = 0.010), and fasting blood sugar
levels (𝑅 = −0.344, 𝑃 < 0.001). The results further suggest
that MEILS may be a more sensitive indicator of endothelial
dysfunction associated with aging and diabetes than DI. The
superiority of MEILS over DI may be due to the fact that the
latter utilizes two segments of representative 1-minute signals
acquired before and after vascular occlusion, whereas the
former analyzes all 14-minute signals from both the baseline
and hyperemic phases using the MSE technique.

This study has unavoidable limitations. First, since the
computation of MEI requires time-consuming detrending
of signals and extensive MSE analysis, immediate informa-
tion cannot be provided for the examinees. This problem
can probably be solved by the development of appropriate
software for data analysis. Second, the current study only
recruited a relatively small number of subjects and focused
on only a single disease. Further investigation is warranted
to include a larger number of patients with diseases related
to endothelial dysfunction, including stroke, angina, limb
ischemia, and erectile dysfunction. Finally, the requirement
for an occlusion pressure of up to 200mmHg over the upper
arm for 3 minutes may not be tolerated by some study
subjects. This was the situation for 3 of our diabetic patients,
who were subsequently excluded from the present study.

5. Conclusion

Using the method of MSE for nonlinear dynamical analysis
of arterial pulse signals from the wrist, this study successfully
detected subtle differences in dynamical complexity of the
acquired signals from the young, the middle-aged or elderly,
well-controlled, and poorly controlled diabetic subjects using
the novel parameter MEI.
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Colorectal cancer is a leading cause of cancer mortality in both developed and developing countries. Transforming basic research
results into clinical practice is one of the key tasks of translational research, which will greatly improve the diagnosis and treatments
of colorectal cancer. In this paper, a translational research platform for colorectal cancer, named crcTRP, is introduced. crcTRP
serves the colorectal cancer translational research by providing various types of biomedical information related with colorectal
cancer to the community.The information, including clinical data, epidemiology data, individual omics data, and public omics data,
was collected through a multisource biomedical information collection solution and then integrated in a clinic-omics database,
which was constructed with EAV-ER model for flexibility and efficiency. A preliminary exploration of conducting translational
research on crcTRP was implemented and worked out a set of clinic-genomic relations, linking clinical data with genomic data.
These relations have also been applied to crcTRP to make it more conductive for cancer translational research.

1. Introduction

Nowadays, cancer is still one of the major diseases that
endanger human life. As American Cancer Society reported,
a total of 1,638,910 new cancer cases and 577,190 deaths
from cancer were projected to occur in the United States in
2012 [1]. Among all kinds of cancer, colorectal cancer is the
second leading cause of cancer death in the United States
and the fifth leading cause in China [2, 3].Though researches
focusing on the molecular mechanism of colorectal cancer
have made great progress, effective clinical measurements
for early diagnoses and treatments are still very scarce due
to the wide gap between laboratory research and clinical
practice. Therefore, it is of great significance to conduct
translational research, which can promote the transforming
of basic research findings on colorectal cancer into clinical
practice [4], for reducing the mortality of colorectal cancer.

Obtaining required data efficiently and conveniently is a
necessity for the smooth conduct of translational research.
However, biomedical data are usually stored in heterogeneous

databases with different terminologies, since they are generin
several domains including clinical practice, epidemiology
survey, and laboratory research by different institutions.
Organizing and managing various types of biomedical data
efficiently and then sharing these data through a public
platform can help researchers surmount difficulties of data
acquisition, which will contribute a lot to colorectal cancer
translational research.

In this study, we developed a translational research
platform, named crcTRP, aiming at accelerating translational
research for colorectal cancer. crcTRP is consisted of a mul-
tisource biomedical information collection solution, a clinic-
omics database, and a web portal. The multisource biomedi-
cal information collection solution focuses on acquiring dif-
ferent types of biomedical information related with colorectal
cancer from different data sources.The clinic-omics database
is developed for integrating various types of data obtained
through the information collection solution reasonably and
effectively. While the web portal aims at sharing the whole
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information we acquired among physicians, molecular biol-
ogists, and other researchers related with colorectal cancer
translational research. Using information provided by crc-
TRP,we then generated a set of clinic-genomic relations based
on UMLS [5], which is a typical example for illustrating
what contributions can be made by crcTRP in translational
research. These relations were then been applied to crcTRP
to make it better for translational research.

2. Methods

First, a multisource biomedical information collection solu-
tion was proposed to collect various biomedical data related
to colorectal cancer, including clinical data, epidemiology
data, individual omics data, and public omics data. Second, a
clinic-omics database was constructed to organize and man-
age the obtained dataset. Third, a web portal was designed
to share the obtained information among various researchers
related with colorectal cancer translational research. Finally,
we proposed a data mining method to map clinic-genomic
relations from crcTRP.

2.1. Acquisition of Multisource Biomedical Information. The
acquisition of multisource biomedical information includes
clinical information collection based on SNOMED CT [6],
epidemiology data collection based on in-house web applica-
tion, individual omics data collection based on MIAME [7],
and public biomedical data collection based on OMIM [8].

2.1.1. Clinical Data Acquisition Based on SNOMED CT.
With the rapid progress of health information technology,
Electronic Medical Records systems (EMR systems) have
been widely used in the hospitals. This way, it is possible
for us to collect clinical data electronically. We designed
a data acquisition interface to collect deidentified clinical
data from these EMR systems. Private information such
as name, date of birth, and medical record ID is removed
so that the patient cannot be directly identified. The same
clinical concept may have different expressions in differ-
ent information systems, which will reduce the efficiency
of data utilization. So we coded the clinical information
standardizedly using SNOMED CT. As a compositional
concept system, SNOMED CT provides a compositional
syntax for building new biomedical concepts. This feature
makes SNOMEDCTpresent complex clinical concepts about
colorectal cancer appropriately. Concepts already included
in SNOMED CT were precoordinated, while concepts not
included were postcoordinated. For example, “severe pain
in the left abdomen” cannot be expressed using concepts in
SNOMED CT directly, but it can be postcoordinated as:

21522001 |abdominal pain|:
272741003 |laterality| = 77710000 |left|,
246113005 |severity| = 24484000 |severe|.

2.1.2. Epidemiology Data Acquisition Based on In-House Web
Application. Epidemiology data can help us gain a com-
prehensive understanding of high-risk population’s dietary

habits, personal medical history, family disease history and
other factors which may cause the disease. We developed a
web-based epidemiology data acquisition system for colorec-
tal cancer. Designed with Browser/Server architecture, this
system can be loaded to several mobile platforms. Moreover,
by using advanced features of HTML5 including novel client-
side storage method and offline web applications [9], this
system can work on mobile devices smoothly even in places
without network connection. Once the system has been
loaded to a mobile device, researchers can collect epidemiol-
ogy data using themobile device at bedsides, communities, or
other areas with highincidence of colorectal cancer (usually
remote mountain areas) without concern about the internet
connection.

2.1.3. Individual Omics Data Acquisition Based on MIAME.
Since translational informatics is ready to revolutionize
humanhealth and healthcare using large-scalemeasurements
on individuals [10], massive individual omics data will
emerge as expected. Biospecimens are the physical sources
of individual omics data. Well-annotated biospecimens will
aid scientists to validate their research and correlate their
findings with the associated pathological and clinical annota-
tions. Collecting specimen through a relatively standardized
procedure can obtain more useful and valid annotation
information. Therefore, we developed an information man-
aging system for biospecimen and individual omics data to
collect personalized genomic data as well as their annotation
information. Our management procedure for specimens was
inspired by caTissue [11], a biospecimen informatics system
of caBIG [12], while the collected individual omics data were
designed to satisfy the MIAME guidelines, which outline the
minimum information about a microarray experiment.

2.1.4. Public Biomedical Data Acquisition Based on OMIM.
With the rapid development of high throughput technology,
massive amounts of molecular biology data such as nucleic
acid data and protein data have emerged. Moreover, owing
to the sharing culture in this field, data are now increasingly
publicly available [13]. However, molecular biology data in
different types are often stored in different database, which
makes it inconvenient for researchers to utilize these data
comprehensively.We proposed a scheme for extracting infor-
mation about colorectal cancer from these databases through
OMIM.OMIM, a comprehensive, authoritative compendium
of human genes and genetic phenotypes, is freely available
and updated frequently. First, we searched for genes related
to colorectal cancer using the keywords combination “(colon
or colorectal or colonic or rectal) and (cancer or carcinoma or
adenoma)” in OMIM.We limited the search fields as title and
allelic variants, considering that content provided by title and
allelic variants field associates with the corresponding theme
most closely [14]. Second, we searched for protein IDs and
article IDs using the obtained gene IDs in files provided by
NCBI [15], which are about the associations between genes
and other biomedical data. Finally, we extracted gene, pro-
tein, and literature information related to colorectal cancer
from public biomedical databases including NCBI Gene [16],
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RefSeq [17], PubMed [18], and Swiss-Prot [19] using IDs
obtained in the first two steps.

2.2. Construction of a Clinic-Omics Database. Data collected
through the multisource biomedical information collection
solution can be categorized into individual information and
public information. Individual information means informa-
tion centering on patients, including clinical data, epidemiol-
ogy data, and individual omics data. Public information refers
to information collected from pubic biomedical database,
including gene, protein, and literature information. Public
information centers on omics data.

To manage all the data in a database efficiently, we ana-
lyzed the characteristics of these data. With the rapid devel-
opment of molecular biology, new attributes of biomarkers
or new biomarkers will be found undoubtedly, which results
in the dynamic nature of individual omics data. Mean-
while, it is impossible for a certain patient to have all the
items of clinical data, suggesting that clinical data such as
symptoms and examinations of colorectal cancer are sparse.
For example, not all patients need an MRI examination,
causing the corresponding data item recording the test to
result in the conventional database being null in most cases.
On the contrary, epidemiology data and public information
we acquired are relatively stable. Traditional ER model is
not suitable for the dynamic and sparse nature of clinical
omics data because of the fixed database schema. The EAV
model, recording data based on entity-attribute-value, is
more flexible and has the advantage of being able to store
dynamic and sparse data efficiently [20]. However, when it
comes to attribute-centered query, the most frequent query
mode in translational research, EAV model is less efficient
than the conventional ER model. Therefore, we introduced
EAV-ER mixed model, which combines advantages of the
above two models, to construct the clinic-omics database.
EAV tables are designed for dynamic and sparse data while
relatively stable data are stored in conventional tables.

Data relationships in the clinic-omics database are illus-
trated as Figure 1. Individual information is organized using
Patient ID, while public information is organized using Gene
ID. Individual information connects with public information
by Gene ID of individual omics data.

2.3. Design of a Web Portal. Sharing comprehensive biomed-
ical information between clinical physicians and basic
researchers does not mean providing data access to them
simply. Reasonable information distribution layout should be
taken into consideration for researchers to find their expected
data quickly. We designed a web portal with framework
shown in Figure 2 to satisfy this requirement.

Homepage gives an overview of the web portal and
links to news reporting the latest research progress in col-
orectal cancer translational research. The information query
engine of crcTRP’s web portal consists of standard query
and advanced query, to satisfy different query requirements.
Besides, since different researchers may focus on different
information items, query results are designed to be config-
urable. Researchers can download data they interested in for

future use. Integrated view of patient information provides
a summary view of the selected patient’s whole information
including clinical information, epidemiology survey results
and personalized molecular biological information. Public
biomedical information library offers researchers with sys-
tematic knowledge of colorectal cancer. Information in the
library can be accessed through two different ways. One is
clicking a certain gene in the gene list. The other is clicking
a certain gene in the chromosome map, which depicts the
distribution of genes highly relative with colorectal cancer
in all chromosomes. Genes in the chromosome map are
extracted fromOMIMusingmethod described in Section 2.1.

2.4. Clinic-Genomic Information Mapping Based on UMLS.
Relations between clinical data and genomic data may build
a bridge between clinical practice and basic research, which
is one of the key tasks of translational bioinformatics [21].
Various kinds of information acquired using the multisource
biomedical information solution can be used for the potential
clinic-genomic relation mining. The UMLS, or Unified
Medical Language System, is a set of files and software that
brings together many health and biomedical vocabularies
and standards. UMLS covers a wealth of biomedical
concepts from both clinical domains and molecular biology
domains. Various relations among these concepts are also
recorded in UMLS, laying foundation for us to implement
the clinic-genomic information mapping. Installing
UMLS locally will yield a series of RRF (Rich Release
Format) files, including MRCONSO.RRF, MRREL.RRF,
MRCOC.RRF, and MRSTY.RRF. MRCONSO.RRF lists
out all concepts; MRREL.RRF contains information about
the relationship between two concepts; MRCOC.RRF
records cooccurring concepts; and MRSTY.RRF contains the
semantic information on the concepts [22]. Two methods,
namely, direct information mapping and indirect infor-
mation mapping via disease, were proposed for information
mapping based on UMLS. Mapping methods are shown in
Figure 3.

Figure 3(a) illustrates direct information mapping
method. First, search MRCONSO.RRF with source concept
to get CUI (Concept Unique Identifier) of the source concept.
Second, search MRREL.RRF and MRCOC.RRF to obtain
concepts related with source concept using obtained CUI.
Finally, search MRSTY.RRF file to obtain the semantic type
of concepts found in the second step and pick out concepts
with the desired semantic type. To this end, source concept
is mapped to the picked out concepts. This method can
be used for various kinds of information mapping. As for
clinic-genomic information mapping, genomic concepts
used here, called G, are genes extracted from OMIM using
method described in Section 2.1. Clinical concepts used here,
called C, are clinical items selected from clinical information
acquired also using method described in Section 2.1. Since
the clinical information we collected has been coded using
SNOMED CT, concepts in C are lots of SNOMED CT codes.

Two kinds of direct informationmapping, mapping from
genomic to clinic or in turn, are distinguished from each
other bymapping direction.When source concept is genomic



4 Computational and Mathematical Methods in Medicine

Patient

Clinical data

Individual
omics data

Epidemiology 
data

Gene

Gene data

Literature 
data

Protein data

Patient ID

Patient ID

Patient ID

Gene ID

Gene ID Gene ID

Gene ID

Individual 
information Public 

information

Figure 1: Data Relationships of the Clinic-omics Database.

Web portal of crcTRP

Clinic-genomic-linked search engine

Public biomedical information libraryIntegrated view of patient information

Standard query Advanced query

Clinical information

Epidemiology survey 
results

Molecular biological
information

Gene information

Protein information

Literature
information

General introduction Interfaces of main
functions Latest news

Homepage

Linked

Clinical
researcher

Basic science
researcher

⋯⋯⋯⋯

Figure 2: Framework of crcTRP’s Web portal.

concept from G, target concepts of direct information map-
ping aslo included in C are mapped to the genomic concept.
Similarly, when source concept is clinical concept from C,
target concepts of direct information mapping also included
in G are mapped to the clinical concept.

Genomic information reflects disease from the micro
side, indicating the mechanism of disease. Meanwhile,

Clinical information reflects disease from the macro side,
recording symptoms or manifestations of disease. Therefore,
disease concepts can be used to relate clinical data with
genomic data. The procedure of indirect mapping via disease
concepts is shown in Figure 3(b). First, disease concepts
mapped to genomic concept, named asU1, are obtained using
direct mapping method by picking out concepts with disease
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semantic type in the last step of direct information mapping.
Second, disease concepts mapped to clinical concept, named
as U2, are also obtained using the same method. Then, if
a disease concept related with colorectal cancer presents
in both U1 and U2, the genomic concept is thought to be
mapped to the clinical concept.

3. Results and Discussions

A translational research platform for colorectal cancer,
named crcTRP, was developed and lots of clinic-genomic
relations were found out based on information provided by
the platform. Several kinds of biomedical data were col-
lected using a multisource biomedical information collection
solution and integrated in a clinic-omics database. crcTRP
serves for colorectal cancer translational research by sharing
these data through a unifiedwebportal.Those clinic-genomic
relationships were out of the preliminary exploration of the
capabilities of the platform and have been used to relate
integrated view of patient’s comprehensive information with
public biomedical information library on the web portal
of crcTRP, which enriched crcTRP in return. Much more
potential research fruits are expected to be gained by users
of crcTRP.

3.1. crcTRP. crcTRP consists of three parts as follows.

3.1.1. A Multisource Biomedical Information Collection Solu-
tion. Based on methods described in Section 2.1, the infor-
mation collection solution is able to collect clinical data,
epidemiology data, individual omics data as well as public
omics data. We have collected comprehensive data of more
than 150 patients with colorectal cancer at present. Besides,
a total of 384 data items related with clinical and epidemi-
ological information have been coded using SNOMED CT.

Epidemiology information collected using our epidemiology
questionnaire system covers patients’ dietary habits, personal
medical history, family disease history, and other risk factors
of cancer. A total of 62 genes related with colorectal cancer
were extracted from OMIM, including BRAF [23] and APC
[24], two important biomarkers of colorectal cancer. In
addition, 54 proteins and 2006 articles related to colorectal
cancer were extracted from public biomedical database by
using the 62 genes.

3.1.2. A Clinic-Omics Database. A database with the capa-
bility of integrating clinical and omics data was constructed.
Data acquired using the multisource information collection
solution were already stored in this database, which
illustrated the integration capabilities of the database well.
With EAV-ER model, the database is flexible enough to
adapt to the dynamic and sparse nature of biomedical data
while guaranteeing the efficiency of attribute-centered query.
For example, biomaterial and biomarker are entities and a
biomaterial may have several biomarkers. We constructed
two tables named “Biomaterial” and “Gene Biomarker” to
stand for biomaterial and biomarker, respectively. Obviously,
“Biomaterial” and “Gene Biomarker” form a typical ER
model. Gene sequence and mutation status are two common
attributes of biomarker. In table “Gene Biomarker,” column
“Sequence” and “Is Mutation” are used to record the
corresponding attributes according to the ER mode, which
is beneficial to the attributed-centered query. However,
with rapid development of molecular biotechnology, new
attributes will be found undoubtedly. In order to record those
new attributes without modifying database architecture, we
designed another two tables, “New Gene Biomarker” and
“New Gene Biomarker Attribute.” “New Gene Biomarker”
was designed to be an EAV table, including three columns
to record entity, attribute and value respectively. New
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attribute can be expressed via referring the primary
key of table “New Gene Biomarker Attribute” by
“New Gene Biomarker.” This way, both ER model and EAV
model are employed, forming the mixed EAV-ER model,
to achieve the best performance as much as possible. The
clinic-omics database was implemented in SQL Server 2008
with a total of 174 data tables, of which 19 for clinical data, 50
for epidemiology data, 99 for individual omics data, and 6
for public biomedical information.

3.1.3. A Web Portal. The web portal was developed
using ASP.NET in Microsoft Visual Studio 2010 and
has been deployed in IIS server. It can be accessed via
http://60.191.25.26:8088/. This web portal is useful for both
clinical researchers and molecular biologists. For clinical
researchers, they can learn the molecular mechanism of
colorectal cancer, which may lead to better understanding
about the diagnosis, therapy, and prognosis of colorectal
cancer. For molecular biologists, they can study the
function and phenotype of genes and molecular pathways.
Figure 4 shows some screenshots of the web portal (red
annotations and blue arrows will be explained later).
Figure 4(a) is the integrated view of a certain patient’s
comprehensive information. Information covering by
the integrated view includes patient basic information,
epidemiology information, clinical information, and
molecular information. Tree view on the left can bring
researchers to the right part quickly. Figure 4(b) shows a
gene list, which is one of the entrances of public information
library. Clicking any one record on the list will come to
the detail information of the selected gene, as shown in
Figure 4(c). Detailed information integrates gene, protein,
literature and other information, giving a systematic
knowledge to researchers.

3.2. A Set of Clinic-Genomic Relations about Colorectal Cancer.
A total of 50 clinical information items and 62 genes selected
from the clinic-omics database, forming C and G mentioned
in Section 2.4, were used for the information mapping.
Using direct mapping method, we detected 170 relations
between clinical data and genomic data, 142 from genomic
to clinic and 28 from clinic to genomic. Using indirect
mapping method, we detected 611 relations. Combining all
these mapping results, we generated a total of 781 candi-
date clinic-genomic relations for colorectal cancer, without
consideration about the overlap between relations generated
from direct method and those from indirect method.

Appearing in the same article, a clinical concept and a
genomic concept can be considered as relating to each other
in some ways. Based on this idea, we proposed a relation
validation method to select more closely linked relations by
searching published articles. PubMed [18] is the most widely
used biomedical literature retrieval system. Most articles in
PubMed are assigned to Medical Subject Headings (MeSH)
[25], a controlled vocabulary thesaurus of indexing terms
arranged in a hierarchy, which provides a consistent way
to find citations, even when authors use different terms for
the same concept [26]. Furthermore, using MeSH has been

Table 1: Representative clinic-genomic relations about colorectal
cancer.

Clinical data items Genes
Abdominal pain FOS, HFE, NRAS, TP53

Blood glucose
BAX, CCND1, CTNNB1, FGFR3, FOS,

PPARG, SRG, TLR2, TP53

Carcinoembryonic
antigen

APC, BAX, CCND1, CEACAM5,
CEACAM7, CEACAM1, CTNNB1, DCC,
EGFR, ERBB2, MLH1, MSH2, PSG2,

SRC, TLR2, TP53

CA19-9 antigen CTNNB1, NRAS, TP53, SRC

Colorectal
neoplasms staging

APC, CCND1, CTNNB1, MTHFR,
PPARG, TP53

Crohn’s disease
APC, BAX, CCND1, CTNNB1, DCC,
MTHFR, NRAS, PPARG, TLR2, TP53

Diabetes mellitus
APC, BAX, CCND1, CHEK2, CTNNB1,
DCC, FGFR3, MTHFR, NRAS, PPARG,

PTPN12, SRC, TLR2, TP53

Dyspepsia PPARG

Intestinal obstruction APC, CCND1, MSH2, PPARG, TLR2

Lymphatic metastases MCC, TP53, APC, BAX, CCND1,
CTNNB1

shown to improve the efficiency of search, which means
retrieving fewer irrelevant citations [26].

Taking the above factors into consideration, specific
scheme of our relation validation method is to search
PubMed online database based on MeSH ontology. The
validation procedure is shown in Figure 5. Given that two
concepts,𝑋 and𝑌, forma relation pairwise (𝑋, 𝑌). To validate
this relation, MeSH terms of 𝑋 and 𝑌, denoted as 𝑋 and
𝑌
, respectively, are extracted by searching MRCONSO.RRF

fromUMLS using CUI of𝑋 and 𝑌. Then, an online literature
search is performed through NCBI E-utilities, a program
provided by PubMed. The search keywords are defined as
“𝑋[MeSH Terms] AND 𝑌[MeSH Terms] AND Colorectal
neoplasms [MeSH Terms].” Term of “Colorectal neoplasms”
guarantees the hit papers are related with colorectal cancer. If
there is at least one article meeting the searching condition,
the relation pairwise (𝑋, 𝑌) is thought to have passed the
validation. While those relations having not passed this
validation are treated as less closely linked relations at current
cognitive level of human.

After validation, a total of 249 relations remained. Rep-
resentative relations are presented in Table 1. Clinical data
items listed in Table 1 cover most types of the focused clinical
information related to treatments for colorectal cancer.These
types of clinical information include symptoms, blood test
results, pathology states, and diseases highly related with
colorectal cancer.

We have successfully utilized these relations on crcTRP
to annotate the collected clinical and omics dataset. Notic-
ing the bold text in Table 1, clinical data item “Colorectal
Neoplasm Staging” is related with six genes, including APC,
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TNM stage CTNNB1

Linked
patients

(a) Integrated view of  a certain patient’s
comprehensive information

(c) Detail information of  CTNNB1

(b) List of  genes associated with colorectal  neoplasma staging

Figure 4: Representative screenshots of crcTRP web portal.
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𝑋
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𝑋 𝑌

𝑋 𝑌

Paper count >0

𝑋, 𝑌

Figure 5: Procedure of PubMed based relation validation.
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CCND1, CTNNB1, MTHFR, PPARG, and TP53. Clicking the
“TNM staging,” another expression of “Colorectal Neoplasm
Staging,” on Figure 4(a), browser will jump to the gene list
page, which lists the six genes associated with “Colorectal
Neoplasm Staging,” shown as Figure 4(b). CTNNB1, the first
record in the gene list, has been proved to play roles in
colorectal cancer [27]. Specifically, tumor CTNNB1 status
has substantial modifying effects on the beneficial prognostic
role of postdiagnosis physical activity [27]. Clicking CTNNB1
on the gene list will bring out the detailed information of
CTNNB1, shown as Figure 4(c). Meanwhile, IDs of patients
who have the clinical items related to gene CTNNB1 are listed
in the “Linked Patient” part of the gene detail information
page. In this way, both clinical researchers and molecular
biologists may benefit from these relations. On one hand,
clinical researchers may gain a clearer understanding of
the mechanism of disease by viewing biology molecular
information related with a certain clinical item. On the other
hand, molecular biologists may discover new roles of genes
from these relations or get new ideas about next research
projects through patient information related with a certain
gene.

More work can be done to make better meaningful use of
these relations. For example, quantifying these relations and
then visualizing the quantified relations using various visu-
alization means will offer researchers with a more intuitive
understanding of these relations, which may lead to another
discovery.

4. Conclusions

Colorectal cancer is the fifth leading cause of cancermortality
in China. Integrating existing clinical, genomic, and pro-
teomic information and sharing these information through
a unified platform will expedite the transformation of basic
research results into clinical practice, and therefore promote
the development of innovative treatment strategies.Themain
contributions of our research are concluded as follows.

First, we developed a platform named crcTRP serving
for colorectal cancer translational research. crcTRP is the
first platform offering various biomedical data to researchers
working for colorectal cancer translational research through
a unified web portal.

Second, we brought out a set of clinic-genomic relations
based on crcTRP and then put these relations into use on
crcTRP to serve for translational research. Not only these
relations themselves are very significant for bridging clinical
data with genomic data, but also the idea of how to take
advantage of crcTRP is worth learning.

We view crcTRP as a good starting point. Much more
work remains to be done to optimize crcTRP or take
advantages of crcTRP. For example, data analysis tools can
be developed and published on the web portal of crcTRP for
online use. Moreover, data provided by crcTRP are excellent
resource for data mining and data analysis, especially for
relationmining owing to the abundant data types. At present,
we are conducting a research about clinic-genomic relation
mining based on large repositories of gene expression data.

Clinical data provided by crcTRP aid us greatly in this
ongoing research.
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�ith recent advances in microarray technology, there has been a �ourish in genome-scale identi�cation of molecular signatures for
cancer. However, the differentially expressed genes obtained by different laboratories are highly divergent. e present discrepancy
at gene level indicates a need for a novel strategy to obtain more robust signatures for cancer. In this paper we hypothesize that
(1) the expression signatures of different cancer microarray datasets are more similar at pathway level than at gene level; (2) the
comparability of the cancer molecular mechanisms of different individuals is related to their genetic similarities. In support of the
hypotheses, we summarized theoretical and experimental evidences, and conducted case studies on colorectal and prostate cancer
microarray datasets. Based on the above assumption, we propose that reliable cancer signatures should be investigated in the context
of biological pathways, within a cohort of genetically homogeneous population. It is hoped that the hypotheses can guide future
research in cancer mechanism and signature discovery.

1. Introduction

Microarray technology has evolved rapidly in the past several
years as a powerful tool for large-scale gene expression
pro�ling [1]. By monitoring changes in gene expression
patterns,microarray technology is widely utilized in search of
molecular signatures for many medical conditions including
cancer. However, evidence is mounting that differentially
expressed gene (DEG) lists detected from different studies
for the same disease are oen inconsistent [2, 3]. One might
attribute the inconsistency to the variation in microarray
platforms, experimental samples, normalization and analysis
methods, and inherent biological uncertainty. Yet this discor-
dance remains even in technical replicate tests using identical
samples as in the case of Ein-Dor et al. [4]. erefore,
signature identi�cation at the level of differential genes
has been challenged about its robustness and reliability. In
light of the inconsistency between DEG lists obtained from

different datasets, we propose herein two hypotheses: (1) the
expression signatures of different cancer microarray datasets
are more similar at pathway level than at gene level; (2)
the comparability of the cancer molecular mechanisms of
different individuals is related to their genetic similarities.
e hypotheses are subsequently veri�ed by case studies of
colorectal cancer and prostate cancer microarray datasets,
respectively. Hopefully, the hypotheses would explain the
inconsistency of the DEG lists derived from multiple experi-
ments and provide novel methods for discovering robust and
speci�c biomarkers of cancer.

2. Materials and Methods

2.1. Data Collection. �e collected 5 gene expression pro�ling
datasets on colorectal cancer and 10 datasets on prostate
cancer from public gene expression data repositories, for
example, Gene Expression Omnibus (GEO), Oncomine



2 Computational and Mathematical Methods in Medicine

T 1: Colorectal cancer gene expression datasets used in the meta-analysis.

Dataset Platform Total genes Total samples Experimental design Statistical method
Normal Tumor

Hong HGU133 54675 22 10 12 𝑡𝑡-test
Sabates-Bellver HGU133 54675 64 32 32 Mann-Whitney test
Galamb1 HGU133 54675 30 11 19 SAM
Galamb2 HGU133 54675 38 8 30 PAM
Graudens cDNA 23232 30 12 18 z-statistics
SAM: signi�cance analysis of microarrays� PAM: prediction analysis of microarrays.

[5] and Supplementary Materials from published litera-
tures. e detailed information of the datasets was summa-
rized in Table 1 for colorectal cancer and Supplementary
Table 1 (see Supplementary Material available online at
http://dx.doi.org/10.1155/2013/909525) for prostate cancer.
ese data were collected from two types of platforms, that
is, cDNA two-channel arrays and Affymetrix microarray
platforms including Human 6800 Affy gene chips, HG-U95A
and HG-U133 series. Each dataset was named aer the �rst
author of the original literature. Only pro�les of normal and
cancer tissues were extracted for further analysis.

2.2. Preprocessing of Raw Data. e images of the cDNA
array were processed using GenePix Pro 5.0.1.24 soware.
Background correction was performed by subtracting the
median background intensities from the median foreground
intensities of all spots in both channels. e raw datasets
measured with Affymetrix chips were analysed via MAS5.0
algorithm in R platform. To eliminate the systematic error
from heterogeneous datasets before the identi�cation of
signatures, we performed Locally Weighted Scatter Plot
Smoothing (LOWESS) method for within-chip normaliza-
tion of cDNA array’s dataset and Median Absolute Devia-
tion (MAD) method for between-chip normalization of all
datasets. In addition, data was �ltered to eliminate bad spots,
and the �lter criterion was de�ned as 60% absence across all
of the samples. All of the data of preprocessing procedures
were performed in R programming environment.

2.3. Determination of the Differentially Expressed Outlier
Genes. Cancer Outlier Pro�le Analysis (COPA) method
was performed for detecting genes that were differentially
expressed between cancer and normal samples. We used
COPA package by MacDonald and Ghosh [6] in R platform.
According to the COPA package guidelines, the data was
centered and scaled on a rowwise basis using median average
difference. e rows of microarray expression data matrix
were genes, and the columns were samples. e COPA
function calculates a “COPA” score from a set of microarrays.
As a preliminary step the function used a percentile for pre-
�ltering the data.enumber of outlier samples for each gene
was calculated, and all genes with a number of outlier samples
less than the percentile (default 95th) were removed from
further consideration. A threshold cutoff for “outlier” status
was set as 1.7 and applied to all genes.

2.4. Functional Enrichment of Outlier Genes. e signi�-
cant outlier genes were subsequently mapped to functional
databases, for example, GSEA [7], KEGG [8], and GeneGO
(GeneGO, Inc.) for the pathway enrichment analysis. GSEA
analysis and KEGG pathway analysis were performed using
Gene Set Enrichment Analysis (GSEA) tool [7] and Onto-
Express [9, 10], respectively. GSEA tool used a collection
of gene sets from molecular signatures database (MSigDB),
which was divided into �ve major collections. In our work,
we used C2 curated gene sets. Enriched GeneGO pathways
were detected by MetaCore (GeneGO, Inc) [11] soware. 𝑃𝑃-
value was used to evaluate the statistical signi�cance of each
candidate pathway. In MetaCore, the statistics signi�cance
(𝑃𝑃-value) was calculated by using hypergeometric distribu-
tion. False Discovery Rate (FDR) adjustment was applied for
multiple test correction.

2.5. Pairwise Overlapping Comparison at Gene/Pathway Level.
e overlapping percentage between two datasets is calcu-
lated as follows:

Overlapping percentage = 𝑚𝑚
𝑛𝑛1 + 𝑛𝑛2 − 𝑚𝑚

× 100%, (1)

where 𝑛𝑛1 is the number of all the data in dataset 1, 𝑛𝑛2 is the
number of all the data in dataset 2, and 𝑚𝑚 is the number of
overlapping data between two datasets.

3. Results

3.1. Outlier Detection Using Novel Statistic Method. Table
1 listed the statistical methods for identifying differentially
expressed genes by the original articles.Most of the prevailing
analytical methods like t-test, SAM, and z-statistic consid-
ered the average value of gene intensities in the cancer sam-
ples. ese statistical methods, however, would fail to �nd
“outlier genes” which are only involved in subsets of the can-
cer samples. Despite their scarcity, outlier genes are nontrivial
and may present a hallmark of potential oncogenes. ese
conventional methods are not suitable for detecting such
subset-speci�c oncogene expression pro�les as proposed by
Tomlins et al. [12] and Lian [13]. rough applications to
public cancer microarray datasets in our previous study [14],
we have demonstrated that some newly developed statistics
showed superior performance than traditional 𝑡𝑡-statistics in
outlier detection. We herein applied Cancer Outlier Pro�le
Analysis (COPA), a novel signi�cant genes analysis method
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T 2:e number of pathway/gene sets enriched by differentially
expressed gene for �ve colorectal cancer datasets.

Dataset Number of enriched
pathways in GeneGO

Number of enriched
gene sets in GSEA

Hong 71 154
Sabates-Bellver 50 303
Galamb1 78 91
Galamb2 36 128
Graudens 149 172

proposed by Tomlins et al. [12], to meta-analyze multiple
cancer datasets.

3.2. Signatures Are More Similar at Pathway Level across
Multiple Colorectal Cancer Datasets. In order to verify our
�rst hypothesis, we performed meta-analysis of 5 colorectal
cancer gene expression pro�ling datasets from independent
laboratories [15–19].

Aer COPA analysis, we identi�ed 3258 genes differ-
entially expressed between normal colorectal and colorectal
tumor samples. e searches in the Entrez PubMed database
showed that only 450 out of 3258 (13.8%) identi�ed genes by
COPA method were associated with colorectal cancer.

e number of overexpressed genes was obviously dis-
crepant across all groups because of the different samples,
arrays, and platforms. To decrease the discrepancy, we tried
to understand the cancer molecular mechanism at systems
biological level. We then mapped the DEGs identi�ed by
COPA using Gene Set Enrichment Analysis (GSEA) and
MetaCore soware for pathway enrichment analysis, respec-
tively. Totally we found 262 enriched pathways in GeneGO’s
database with a 𝑃𝑃 value threshold of 0.05; the detailed list
of the pathways are provided in Supplementary Table 2. In
addition, we performed the gene sets enrichment analysis in
GSEA by using C2 curated �le, which includes 1892 gene
sets/pathway annotation. 111 outlier gene sets with NOM 𝑃𝑃-
value <0.05 and FDR < 0.05 were also found and listed in
Supplementary Table 3. e numbers of signi�cant GeneGO
pathways or GSEA gene sets enriched by the differentially
expressed gene for 5 colorectal cancer datasets were listed in
Table 2.

We performed pairwise comparison between 5 datasets
in terms of DEGs, GSEA’s enriched gene sets, and GeneGO’s
enriched pathways, respectively. For 5 different datasets,
10 pairs of datasets are available for comparison. Figure
1 showed the pairwise overlapping percentage at different
observation levels. A signi�cantly higher overlap at pathway
level than at gene level is observed with 70% of the dataset
pairs by GeneGO and 60% of the dataset pairs by GSEA. is
observation supports our �rst hypothesis that the overlapping
percentage at the pathway level is higher than that at the gene
level.

Moreover, we found 4 GeneGO pathways that were
shared by 4 datasets. ese pathways were considered to be
most overlapped and listed in Table 3. Among them, ECM
remodeling, chemokines, and adhesion pathways, belonging
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to cell adhesion category, were previously reported to play
a role in colorectal cancer. e other two pathways, inte-
grin outside-in signalling pathway and L-selenoamino acids
incorporation in proteins during translation pathway, have
not been reported as colorectal cancer associated pathways.
e network objects in both of the pathways, however, have
been widely reported in colorectal cancer. Integrins are het-
erodimeric adhesion receptors, and most of them recognize
ECM proteins. A major function of integrin signaling is to
link ECM proteins to intracellular actin �laments via inter-
actions of integrins with actin-binding proteins. erefore,
the correlation between integrin signaling and ECM pathway
may play an active role in colorectal cancer. We infer that
these two pathways might be putative novel colorectal cancer
related pathways which could provide crucial guidance for
biological scientists. eir roles in colorectal cancer need
further experimental validation in the future.

We performed paired t-test to decide whether the dif-
ferent overlapping percentages observed between different
levels are signi�cant. e 𝑃𝑃-values for the difference between
outlier genes and GeneGO’s enriched pathways were 0.01354
by paired t-test and 0.02441 by Wilcoxon test. e 𝑃𝑃-values
for the difference between outlier genes and GSEA gene sets
were 0.028 by paired t-test and 0.08 by Wilcoxon test, respec-
tively. e 𝑃𝑃-values indicate that the overlapping percentages
at gene set or pathway level are signi�cantly higher than that
at individual gene level. We thus came to the conclusion that
the expression signatures of independent datasets at higher
functional level are signi�cantly more consistent than that at
gene level.

3.3. e Prostate Cancer Outlier Gene Enriched Pathways
Show a Regional Distribution Feature. In support of the
second hypothesis, we performed a regional analysis of 10
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T 3: e top 4 most overlapped GeneGO’s pathways shared by 4 datasets.

GeneGO ontology Pathway name Pubmed citation count
Translation (L)-selenoamino acids incorporation in proteins during translation 0
Cytoskeleton remodeling Integrin outside-in signaling 0
Cell adhesion ECM remodeling 64
Cell adhesion Chemokines and adhesion 1117
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F 2: A simple network that associates datasets according to their similarity distances. e distances were calculated based on the
overlapping percentage of the enriched pathways identi�ed by (a) GeneGO and (b) KEGG. e lines between two datasets mean that their
overlapping is more than two-thirds of the all. Each circle represented a dataset, and the overlapping percentage was shown on the lines.

publicly available prostate cancer gene-expression datasets
from different locations [20–28].

We �rst conducted KEGG and GeneGO pathway enrich-
ment analysis on these datasets, followed by a pairwise
comparison of pathway overlapping percentage among them.
Only the signi�cantly enriched pathways with previous evi-
dence of prostate cancer association were adopted for the
comparison. Text mining was performed to make sure that
there was at least one published paper describing the function
of these pathways in prostate cancer.

Based on pathway overlapping analysis, we calculated the
distance matrices between these datasets and generated a
network to display their association. Five common distances,
that is, Euclidean distance, Pearson correlational distance,
Manhattan distance, Kendall’s tau correlational distance, and
Hamming distance were used to measure the similarity of
these datasets. Based on these distances, a network graph was
generated to display the association of these datasets. Figures
2(a) and 2(b) illustrate the association of the datasets based
on GeneGO pathways and KEGG pathways, respectively.

Figure 2 revealed an essential regional distribution fea-
ture of signi�cant pathways across multiple datasets. It is
obvious from the graph that the distance between two
Lapointed [29] datasets is the closest among all the datasets.
Datasets by Dhanasekaran et al. [20], Tomlins et al. [25], and
Magee et al. [23] feature a high pathway overlap which could

be re�ected by distances, indicating their similarities. e
datasets from Singh et al. [26], Luo et al. [22], Welsh et al.
[24], and Nanni et al. [27] diverge less from each other than
those from the other six datasets.

We then investigated the regional sources of the tissue
specimens for each dataset, as listed in Table 4. Samples
of Dhanasekaran et al. [20] and Tomlins et al. [25] were
obtained from the same place; those of Magee et al. [23]
were close to them. Samples of Singh et al. [26], Welsh et
al. [24] and Luo et al. [22, 30] came from adjacent states
in America. Although the samples of Lapointe et al. [21]
were not given a speci�c location, the author informed us
their two experiment datasets were taken from patients of the
same population. Apparently, there is obvious concordance
between dataset similarity and sample source distribution.

Considering the in�uence by different microarray plat-
forms, we compared the total unique genes of each dataset
in order to testify that the signi�cant pathway distribution
feature is caused by different data sources rather than dif-
ferent experimental platforms. As implied in Figure 3, the
similarities of the experimental platforms, here the overlap-
ping proportion of the nonredundant probes used in different
platforms, are not correlated to the regional distribution.
erefore, the regional distribution of cancer signature at
pathway level is independent of the experimental platforms.
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T 4: Tissue specimen sources of each prostate cancer expression dataset.

Datasets Tissue specimens sources Locations

Dhanasekaran
University of Michigan Specialized Program of
Research Excellence in Prostate Cancer (SPORE) tumor
bank

America, Michigan (MI)

Lapointe
Stanford University;
Karolinska Institute;
Johns Hopkins University

America, California (CA);
Sweden, just outside Stockholm;
America, Maryland (MD);

Tomlins University of Michigan America, Michigan (MI)
Luo Johns Hopkins Hospital America, Maryland (MD)

Magee
Washington University School of Medicine;
University of Washington Medical Center

America, Missouri (MO);
America, Washington (WA);

Welsh University of Virginia (UVA) America, Virginia (VA)

Varambally
University of Michigan Prostate Cancer Specialized
Program of Research Excellence (SPORE) Tissue Core America, Michigan (MI)

Singh Brigham and Women’s Hospital America, Massachusetts (MA)
Nanni Regina Elena Cancer Institute Italy, Rome

Singh

DhanasekaranLapointeGPL3044

LapointeGPL3289

Tomlins

Welsh

Varambally

Nanni

Luo

Magee

100

63

46

46

41

41

41

41

100

63

65
38

39

39

F 3: A simple network that associates datasets according to
the similarity in microarray platforms. e distances represent the
overlapping proportion of the probes used in different platforms.

4. Discussion

4.1. Comparison of DEGs between Different Experiments
Revealed Little Overlap. e application of DNAmicroarrays
for the investigation of cancer has led to numerous microar-
ray studies that examined the same clinical conditions.
Nevertheless, experiments from different groups have given
dissimilar results when DEG lists are directly compared. e
disparity was demonstrated in this study, where a meta-
analysis of 5 colorectal cancer microarray expression datasets

from 4 independent laboratories was performed. We calcu-
lated the pairwise overlapping proportion of DEGs between
any two datasets, only to �nd that the overlap between the
two lists was disappointingly small (∼5%).

Such inconsistency has been observed in gene expres-
sion pro�ling of various types of cancer. For example, in
two prominent studies that aimed to predict survival of
breast cancer patients [31, 32], both groups claimed to
have generated gene lists with predictive power, but only
17 genes appeared on both lists. In another attempt to
predict the 5-year metastasis of breast cancer, van’t Veer
et al. [31] and Wang et al. [33] reported a list of gene
sets with good prediction performance, respectively. But the
predictive success of their studies was frustrated by the fact
that the sets of metastasis-related genes identi�ed by these
two independent studies had only 3 overlapping genes. More
recently our colleagues [3] meta-analyzed 10 independent
microarray datasets associated with prostate cancer, but the
resulting set of DEGs had only ∼20% overlap between each
datasets.

e most straightforward explanation of this lack of
agreement is the variation in microarray platforms, exper-
imental samples, normalization, and analysis methods. e
open question is, however, whether the inconsistency can be
attributed only to these trivial reasons?

To address the issue, Ein-Dor et al. [4] sought to remove
all the technical differences mentioned above by analyzing
a single breast cancer dataset [31] with a single method. By
randomly generating training datasets, they demonstrated
that the same analysis could have obtained many equally
predictive gene lists and that two such lists share, typically,
only a small number of genes. is �nding indicates that
low consistency occurs even in technical replicate tests
using identical samples. e reason for this inconsistency or
instability would be that (1) the number of DEGs is large
whereas the number of samples is limited; (2) the resulting
set of DEGs �uctuates according to the subset of patients used
for gene selection.
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4.2. Identifying Robust Molecular Signatures at Functional
Modules Level or Pathway Level. In this study we evaluated
the consistency of signatures across 5 colorectal cancer
datasets produced by different platforms. Although the DEG
lists selected had only ∼5% overlaps, their enriched pathways
were still consistent. Consistency analysis at different levels
provides solid evidence that cancer signatures at pathway
level diminish the discrepancies observed in direct com-
parisons of DEGs and are more consistent across multiple
datasets than at gene level.

As the understanding of tumor biology deepens, it is well
recognized that carcinogenesis is characterized with coordi-
nated molecular changes. Functionally correlated genes oen
display coordinated expression to accomplish their roles; one
would therefore expect that the inconsistent DEG lists across
independent experiments are functionally more consistent.
In other words, the discrepancies of DEGs would be less
pronounced when they are mapped to functional groups or
biological pathways.

Following this line, some previous studies have shied
their focus from individual genes to the biologically related
groups of genes in the analysis of cancer microarray data. For
example, in order to investigate the robustness of biological
themes, Hosack et al. [34] applied the Expression Analysis
Systematic Explorer (EASE) to determine the biological
theme for DEG lists generated by various gene selection
methods. eir research provided strong evidence that bio-
logical themes are stable to varyingmethods of gene selection.
Zhu et al. [35] developed a novel tool for identifying cancer
signatures at functional modules level. Its applications to
two cancer types demonstrated that the functional modules
enjoy explicit relevance to cancer biology. Recently, Yang
et al. [36] proposed semantic similarity measure for DEG
lists detected under varied statistical thresholds and from
different studies. ey reported that gene lists could be
functionally consistent according to their semantic simi-
larity. In addition, Gorlov et al. [37] conducted functional
annotation analysis of the prostate cancer genes identi�ed
by two different methods. ey observed a considerable
overlap between biological functions identi�ed by varied
methods.

In recent years, pathway analysis has received a great
deal of attention in the study of cancer microarray data
[7, 34]. �athway analysis typically correlates the identi�ed
DEGs with prede�ned pathway databases. It is reported that
pathway analysis applied to differential gene lists detected
under varied statistical methods yielded common results
[38]. is discovery was validated in our previous study
by Wang et al. [3], who evaluated the consistency of
signature across 10 prostate cancer datasets produced by
different platforms. Although the datasets share disappoint-
ingly few DEGs, their DEG-enriched pathways were still
consistent.

4.3. Searching for Common Signatures among a Cohort of
Genetic Homogeneous Population. As for the second hypoth-
esis we assume that the individuals bearing similar genetic/
environmental factors tend to sharemore common pathways.

However, the information on the genetic/environmental
characteristics of the patient samples is generally lacking.
We believe it should be statistically reasonable to take the
geographical location of the sample resources as themeasure-
ment of the similarities of their genetic/environmental fac-
tors. According to the similarity of outlier enriched pathways
found by GeneGO and KEGG, we are able to classify 10 dif-
ferent prostate cancer related datasets into several groups.e
datasets from same or adjacent geographical locations tend to
reside within the same group. In other words, we observed an
essential regional distribution feature of signi�cant pathways
across multiple datasets. In this sense molecular signatures
from the geographically adjacent tissue specimens would be
more consistent than those generated from geographically
isolated samples. is observation is basically in accordance
with our hypothesis that the comparability of the cancer
molecular mechanisms of different individuals is related to
their genetic similarities.

Cancer represents a heterogeneous disease, which re�ects
the interaction of a myriad of etiological and genetic
contributions [39]. erefore the gene expression pro�les
of cancer patients are diverse, depending on factors such
as genetic information, environment effect, and personal
behaviors. e role of genetic and environmental factors
in modulating gene expression variation in humans has
been extensively investigated. Most of the previous stud-
ies on cancer microarray pro�ling, however, ignored the
interindividual variation in gene expression. It is likely that
differences in expression that appear to be related with the
disease may in fact represent random genetic variation. is
situation will further introduce false discoveries and reduce
the overall reproducibility of DEG detection. is concern
was mentioned by Michiels et al. [40], who investigated the
stability of seven published datasets to predict prognosis of
cancer patients. It was observed that the predictive gene
lists reported by the various groups were highly unstable
and depended strongly on the subset of samples chosen for
training.

It is assessed that, to achieve a typical overlap of 50%
between two predictive lists of genes, the expression pro�les
of several thousands of patients would be needed [41].
Unfortunately, obtaining such a large number of samples
is currently impractical due to limited tissue availability
and �nancial constraints. A more practical approach would
be to search for common signatures among a genetically
homogeneous human population other than those among
a mixed population. Although different individuals may
have different regulatory mechanisms and discrepant cancer
associated pathways, we assume that the individuals bearing
similar genetic and environmental factors tend to share more
common pathways.

us it would be reasonable to group patients into well-
de�ned small subgroups on the basis of each person�s uni�ue
genetic and environmental information. In this way, the indi-
vidual difference of cancer mechanism is accounted when
we analyze cancer expression data from different resources.
is kind of investigationwill help to �nd population-speci�c
cancer pathways and facilitate personalized medicine.
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5. Conclusions

Based on previous observations, we proposed herein two
novel points of view for the cancer signatures identi�cation.
e pathway-based approach suggested in this paper would
hopefully improve the comparability of different microarray
datasets and, therefore, may lead to more valid and reliable
biological interpretation of microarray results. Moreover,
the generation of the population-speci�c cancer signatures
would help to deliver effective therapy to patients most
likely to bene�t from such treatment and enable “personal-
ized medicine.” With increasing amount of cancer datasets
available, the challenge in the future is to collect more
cancer datasets from independent populations to prove our
hypotheses.
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For a more detailed description of the interaction between residues, this paper proposes an amino acid network model, which
contains two types of weight—similar weight and dissimilar weight. e weight of the link is based on a self-consistent statistical
contact potential between different types of amino acids. In this model, we can get a more reasonable representation of the distance
between residues. Furthermore, with the network parameter, average shortest path length, we can get a more accurate re�ection of
themolecular size.is amino acid network is a “small-world” network, and the network parameter is sensitive to the conformation
change of protein. For some disease-related proteins, the highly central residues of the amino acid network are highly correlated
with the hot spots. In the compoundwith the related drug, these residues either interacted directly with the drug or with the residue
which is in contact with the drug.

1. Introduction

In living cells, proteins are very important molecules, and
they participate in almost all of the cell functions. During
these biological activities, the structure of some proteins
shows an obviously conformational �exibility. For a correct
and fast implementation of the biological functions through
the conformation change, there needs a motor coordination
for the residues in different parts of the protein. In this
process, a fast communication mechanism is vital for the
information sharing between residues about these concerted
actions. In fact, this information exchange is achieved
through the interaction between residues. But when we put
all these residues and the interactions between them together,
the protein becomes a very complicated system.

On the other hand, from the viewpoint of complex net-
work [1, 2], a protein molecule can be treated as a complex
network. In this network, each residue can be simpli�ed
as a node, and the interaction between different residues is
treated as the link. With this useful tool—complex network,
some new research ideas and methods are applied to the
study of the structure-function relationship, and some

phenomenon can be explained through the analyzing of this
network. �uch related work as the identi�cation of the “key
residues” through the network parameter—betweenness
[3]. In the measuring process of the topology of the protein
contact network, the result shows that the kinetic ability for
folding is determined by the topological properties of the
protein conformation [4]. rough the biological networks,
the rigidity and �exibility of protein structure can be ana-
lyzed. Furthermore, with this approach, the cytoskeletal ten-
segrity can be discussed [5]. e network model also has
been wildly used in the drug design and drug discovery
[6].

In the amino acid network, each residue is simpli�ed to
a single point, and this point is used as the network node.
Generally, the carbon alpha is selected as the network node.
In some other network models, a point between the carbon
alpha and the carbon beta is used to as the network node.
e links between these nodes are determined by the distance
between them. If the distance between two nodes is less than
a cut-off value, then there will exist a link between these two
nodes. is cut-off is usually set to 7.0 angstrom [7] or set to
8.5 angstrom [3].



2 Computational and Mathematical Methods in Medicine

ere is another type of amino acid network model. In
this model, each residue is also simpli�ed to a node. But the
link between two nodes is based on the atom contact between
these two residues. A cut-off value—4.5 angstrom [8], or 5.0
angstrom [9], is used as a criterion for the contacts between
atoms. If there is an atom contacts between two residues,
these two nodes will be connected by a link. For different
amino acid network models, the criterion to dictate residue
contacts has been reviewed and analyzed [10]. In this paper,
the Miyazawa-Jernigan potential is used to construct the link
weight, so the side chain center is used to represent the node,
and the cut-off value used by Miyazawa and Jernigan is also
used in this work [11, 12].

In the weighted amino acid network, in which the link is
based on a contact between different residues, the weight of
the link can be drawn from the contact probability between
different residues [3], or the weight can be drawn from a
statistical residue contact potential [11–13]. With the contact
potential as the link weight, a weight elastic network model
is used to calculate the protein structure dynamics [13]. For
the network model based on atom contact, the weight of
the link can be deduced from the number of atom contacts
between nodes. Furthermore, when the diversity of amino
acids is taken into account, these weights can be modi�ed by
a normalization factor [8].

For the weight of the link, it can be classi�ed into two
types. One is the similar weight and the other is the dissimilar
weight [14]. For the similar weight, the value describes the
similarity between two nodes. A higher value means that the
two nodes are more similar, and the distance between them
will be shorter. As for the dissimilar weight, a higher weight
value, corresponding to a longer distance between the two
nodes, means that the difference between these two nodes are
more distinct.

For the weighted amino acid network, the related re-
search work is underway, and many questions needed to
be explored, such as which parameter should be selected
as the weight and how to assign the weight to the link
with a more reasonable mode. In our previous work, we
proposed a weight amino acid model [15], but only one type
of weight—similar weight is used in the previous model, so
we cannot get a more detailed description of the interaction
situation between residues.

is paper will modify the previousmodel with two types
of weight, and the weight used in this paper is based on
a self-consistent statistical contact energy between residues
[12]. In this paper, �rstly, the construction methods of the
weighted network are compared. en, for the 197 proteins
with low homology, the weighted amino acid networks are
constructed and the statistic characteristics of the para-
meters of these networks are studied, including the average
clustering coefficient (𝐶𝐶) and the average shortest path length
(𝐿𝐿). irdly, with this weighted network, in order to get a
relation between the change of the network parameter and the
change of the protein conformation, we studied the changes
of the average shortest path length for the small protein CI2
on its high temperature unfolding pathway. e last, take
the FKBP-FK506 as an example, we show the application of
amino acid network in the drug design.

2. Theory and Method

In this weighted amino acid network, for each amino acid, the
geometrical center of the side chain is chosen to represent the
network node.e link between a pair of nodes is determined
by the distance between them. If the distance between
residues 𝑖𝑖 and 𝑗𝑗 (marked with 𝑟𝑟𝑖𝑖𝑗𝑗) is less than the cut-off (𝑟𝑟𝑐𝑐),
there will be a link between them. In this paper, the cut-off is
6.5 angstrom. ereby, the adjacency matrix element of the
unweighted amino acid network can be expressed as follows:

𝑎𝑎𝑖𝑖𝑗𝑗 = 
1, 𝑖𝑖 𝑖 𝑗𝑗, 𝑟𝑟𝑖𝑖𝑗𝑗 < 𝑟𝑟𝑐𝑐,
0, 𝑖𝑖 = 𝑗𝑗 or 𝑟𝑟𝑖𝑖𝑗𝑗 ≥ 𝑟𝑟𝑐𝑐.

(1)

Based on the contact potential between residues, the
weighted network can be constructed. In the previous model,
we use another set of contact potential. All the items of the
contact potential are less than zero, and the calculation of the
repulsive interaction between residues is very complex.

In this work, we adopt a self-consistent interresidue con-
tact potential to construct the weight of the link. In this con-
tact potential, if two residues are attracted in most cases, the
potential between them will get a negative value, and if they
are repulsed generally, the potential will be a positive value.
With this contact potential, the adjacency matrix element of
the weighted amino acid network can be expressed as

𝑎𝑎𝑤𝑤𝑖𝑖𝑗𝑗 = 
𝑎𝑎𝑖𝑖𝑗𝑗𝑤𝑤𝑖𝑖𝑗𝑗, 𝑗𝑗 𝑖 𝑖𝑖 𝑗 1,
0, 𝑗𝑗 = 𝑖𝑖 𝑗 1.

(2)

In this de�nition, we take the contact potential between
residues 𝑖𝑖 and 𝑗𝑗 as the link weight, marked as 𝑤𝑤𝑖𝑖𝑗𝑗. e value
of 𝑤𝑤𝑖𝑖𝑗𝑗 is related to the types of the residues 𝑖𝑖 and 𝑗𝑗. For the
covalent bond between residues 𝑖𝑖 and 𝑖𝑖 𝑗 1, the link weight is
assumed as zero.

In this amino acid network, if the two nodes are attracted,
the potential between them is a negative real number, so, the
link between them will get a negative weight. If the attraction
between these two nodes become stronger, the absolute value
of the weight will become a bigger one. en, the negative
weight can be treated as a similar weight. For the same reason,
if the two nodes are repulsed, the potential between them
corresponds to a positive real number, and the link between
them will get a positive weight. When the repulsion between
these two nodes become stronger, the link will get a bigger
positive weight value. So, the positive weight can be treated
as a dissimilar weight.

us, based on the weighted adjacency matrix, the dis-
tance matrix can be constructed and the de�nition of its
element can be written as follows. We labeled this de�nition
as de�nition 1:

𝑑𝑑𝑖𝑖𝑗𝑗 =





0, 𝑖𝑖 = 𝑗𝑗,
∞, 𝑎𝑎𝑖𝑖𝑗𝑗 = 0, 𝑖𝑖 𝑖 𝑗𝑗,
1
1 − 𝑤𝑤𝑖𝑖𝑗𝑗

, 𝑤𝑤𝑖𝑖𝑗𝑗 < 0, 𝑎𝑎𝑖𝑖𝑗𝑗 = 1,

1, 𝑤𝑤𝑖𝑖𝑗𝑗 = 0, 𝑎𝑎𝑖𝑖𝑗𝑗 = 1,
1 + 𝑤𝑤𝑖𝑖𝑗𝑗, 𝑤𝑤𝑖𝑖𝑗𝑗 > 0, 𝑎𝑎𝑖𝑖𝑗𝑗 = 1.

(3)
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When the interaction between two residues is an attrac-
tive interaction, the corresponding link weight is a similar
one. In this distance de�nition, a reciprocal function of
the weight is used to represent the distance between a pair
of attracting nodes. For a stronger attractive interaction
between residues, the actual distance between them is shorter
than others. And because the weight for attraction is neg-
ative, a bigger absolute value corresponds to a shorter dis-
tance, as de�ned in the distance matrix.

At the same time, if the interaction between residues is
repulsive, the corresponding link weight is a dissimilar one.
e distance de�nition between them is a linear combination
function of the weight. A stronger repulsive interaction, cor-
responding to a longer actual distance between them, will get
a bigger distance value from the distance matrix.

e network model used in this work is an undirected
model, and the link is just to represent the existence of the
interaction between these two residues. e status of the two
ends of a link is equal. So, for the weighted network and the
unweighted one, the adjacency matrixes are all symmetric
matrixes. In the distance matrix, the similar weight and the
dissimilar weight are coexistent in the same distance matrix,
and the distance matrix is also a symmetric one.

For a comparison between different de�nitions, if we do
not make a difference between the similar weight and the dis-
similar one, and just the dissimilar weight is used in this
model, the distance matrix can be de�ned as below. We lab-
eled it as de�nition 2:

𝑑𝑑𝑖𝑖𝑖𝑖 =




0, 𝑖𝑖 = 𝑖𝑖,
∞, 𝑎𝑎𝑖𝑖𝑖𝑖 = 0, 𝑖𝑖 𝑖 𝑖𝑖,

1 +
𝑤𝑤𝑖𝑖𝑖𝑖
2.19
, 𝑎𝑎𝑖𝑖𝑖𝑖 = 1.

(4)

On the other hand, we can convert the dissimilar weight
to the similar weight. e distance between nodes can be
de�ned as below, and it is labeled as de�nition 3:

𝑑𝑑𝑖𝑖𝑖𝑖 =




0, 𝑖𝑖 = 𝑖𝑖,
∞, 𝑎𝑎𝑖𝑖𝑖𝑖 = 0, 𝑖𝑖 𝑖 𝑖𝑖,
1
1 − 𝑤𝑤𝑖𝑖𝑖𝑖

, 𝑎𝑎𝑖𝑖𝑖𝑖 = 1.
(5)

Additionally, a new network parameter—strength—is
introduced into the weighted amino acid network. e
strength of node 𝑖𝑖 can be written as [16, 17]

𝑆𝑆𝑖𝑖 =
𝑁𝑁

𝑖𝑖=1
𝑎𝑎𝑤𝑤𝑖𝑖𝑖𝑖 , (6)

where𝑁𝑁 is the number of network nodes and 𝑎𝑎𝑤𝑤𝑖𝑖𝑖𝑖 is an element
of the weighted adjacency matrix.

e clustering coefficient of the weighted network can be
calculated using the next expression [16, 17]:

𝐶𝐶𝑖𝑖 =
1

𝑆𝑆𝑖𝑖 𝐾𝐾𝑖𝑖 − 1

𝑖𝑖,𝑗
𝑎𝑎𝑖𝑖𝑖𝑖𝑎𝑎𝑖𝑖𝑗𝑎𝑎𝑖𝑖𝑗

𝑤𝑤𝑖𝑖𝑖𝑖 + 𝑤𝑤𝑖𝑖𝑗
2
, (7)

where 𝑆𝑆𝑖𝑖 is the strength of the node 𝑖𝑖, and𝐾𝐾𝑖𝑖 is its degree. e
means of 𝑎𝑎𝑖𝑖𝑖𝑖 and𝑤𝑤𝑖𝑖𝑖𝑖 are the same as that of the expression (2).

e betweenness of node 𝑢𝑢 can be de�ned as below [18]:

𝐵𝐵𝑢𝑢 = 
𝑖𝑖,𝑖𝑖

∑𝑙𝑙𝑙𝑆𝑆𝑖𝑖𝑖𝑖 𝛿𝛿
𝑢𝑢
𝑙𝑙

𝑆𝑆𝑖𝑖𝑖𝑖
. (8)

e denominator is the number of shortest paths between
𝑖𝑖 and 𝑖𝑖, and the numerator is the number of shortest paths
between 𝑖𝑖 and 𝑖𝑖 through node 𝑢𝑢. Betweenness is a useful
measure of the node’s importance to the network. In order
to re�ect the signi�cance of betweenness for different nodes,
the 𝑍𝑍-score is introduced, and the de�nition of 𝑍𝑍-score for
𝐵𝐵𝑢𝑢 is as follows [19]:

𝑍𝑍𝑢𝑢 =
𝐵𝐵𝑢𝑢 − 𝐵𝐵
𝜎𝜎
, (9)

where 𝐵𝐵𝑢𝑢 is the betweenness of residue 𝑢𝑢, 𝐵𝐵 is the average
value of the betweenness of all protein residues, and 𝜎𝜎 is the
standard deviation of these betweenness values.

3. Results and Discussion

For the contract potential used to construct the weighted
network in this paper, the value ranges from −1.19 to 0.76.
e corresponding distance for varying weights, get from
the three different de�nitions of distance matrix, is shown
in Figure 1(a). From this �gure, we can see that, when the
interaction between residues is a repulsive interaction, if the
link weight is a similar weight, the distance got from the
distance de�nition 3 will increase sharply. But based on
common sense, it is unreasonable.

On the other hand, in the statistical calculation process
of this self-consistent statistical contact potential between
different types of amino acids, the cut-off is 6.5 angstrom,
and this cut-off is still being used in the contact de�nition
between residues in this paper. So, the distance between a
pair of network nodes should be less than 6.5 angstrom. In
a statistic calculation process of the actual distance between
nodes, the result shows that this actual distance ranges from
3.88 to 6.5 angstrom. e ration of the maximum with
the minimum is about 1.7. In the de�nition 3, due to the
sharply increasing of the distance, this ratio is about 9. But
for de�nition 1 and 2, this ration is about 3. So, it can be
concluded that in the de�nition 3, it is not a reasonable
assumption that the positive weight be treated as a similar
weight.

In our previous work, there is only one type of
weight—similar weight. is de�nition should be revised as
follows: a link with a positive weight should be assigned a
dissimilar weight, as the rule of de�nition 2.

At the same time, in the statistic calculation process
of the actual distance between nodes, as mentioned above,
the result shows that the a great majority of the distances
is about 5 angstrom, and most of the interactions between
these nodes are an attractive one. So, the middle part of
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F 1: e comparison between the three de�nitions of the distance matrix. (a) e relation between the weight and the distance. (b) e
comparison of the correlation between the average shortest path length and the radius gyration.

the weight-distance curve should be a nearly horizontal line.
For the negative weight, the curve of de�nition 3 is more
horizontal than that of de�nition 2. is phenomenon shows
that when the link weight is a negative value, the similar
weight assumption is more suitable to re�ect the truth.

Based on the above discussion, we can see that the similar
weight assumption is reasonable for a negative weight, and
the dissimilar weight assumption is suitable for a positive
value. Put all these together, we can get de�nition 1, and
the following calculation of distance will use the de�nition
showed in (3).

With a set of 197 proteins selected from the Protein
Data Bank (PDB), the weighted amino acid networks are
constructed. ese proteins include the four structure types:
𝛼𝛼, 𝛽𝛽, 𝛼𝛼𝛼𝛽𝛽, and 𝛼𝛼𝛼𝛽𝛽.e resolution of these selected proteins
is better than 1.8 Å and the sequence identity is less than
20%. e sizes of proteins vary from 51 to 779 residues. e
distance matrix is calculated with de�nition 1.

Radius of gyration is a useful parameter to indicate the
size of a molecule. With the network model, the average
shortest path length can also be used as an indicator of
the molecular size. For the data set, we calculate the radius
of gyration for each protein with GROMACS [20]. At the
same time, we can get the average shortest path length from
the weighted amino acid network. e relation between the
average shortest path length with the radius of gyration is
shown in Figure 1(b). e correlation coefficient for the path
length from de�nition 1 with the radius of gyration is 0.9�.
is correlation coefficient is 0.95 for de�nition 2 and 0.79
for de�nition 3. De�nition 1 gets the best result.

3.2. e Small-World Characteristic of the Amino Acid Net-
work. e “small-world” property is a very important char-
acter for complex networks, and the “small-world network” is

ubiquitous in the real life, such as the neural networks [21, 22]
and the gene network [23, 24]. A vivid example of the “small-
world network” is the “six degrees separation” [21, 25]. In a
small-world network, most nodes are not connected directly
by a link. But due to the short-cut between nodes, most nodes
can be reached from every other through a small number of
steps. With the increasing of the nodes number, the shortest-
path distance between nodes grows sufficiently slowly, and it
can be expressed as a function of the logarithm of the number
of nodes in the network.

For a complex network and a random network, if they
have the same node numbers and the same link numbers,
when some condition be satis�ed, the complex network can
be thought that it holds the “small-world” property. ese
conditions include two items, the �rst one is that the average
clustering coefficient 𝐶𝐶 of the complex network is far more
than that of the random network, and the second condition
is that the average shortest path length 𝐿𝐿 is about equal to
that of the random network. ese conditions can be showed
as the following expression [21]:

𝐶𝐶 𝐶 𝐶𝐶𝑟𝑟, 𝐿𝐿 𝐿 𝐿𝐿𝑟𝑟. (10)

In this inequality, 𝐶𝐶𝑟𝑟 and 𝐿𝐿𝑟𝑟 are the network parameter of
the random network. 𝐶𝐶𝑟𝑟 is the average clustering coefficient
and 𝐿𝐿𝑟𝑟 is the average shortest path length. 𝐶𝐶𝑟𝑟 and 𝐿𝐿𝑟𝑟 can be
calculated with the following expressions [21]:

𝐶𝐶𝑟𝑟 ≈
⟨𝐾𝐾⟩
𝑁𝑁
, 𝐿𝐿𝑟𝑟 ≈

ln𝑁𝑁
ln ⟨𝐾𝐾⟩
. (11)

In this expression, 𝑁𝑁 is the node number and ⟨𝐾𝐾⟩ is the
average degree of the random network.

In the “small-world” network, most of the nodes can
be reached fast from every other through the “short-cut”
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F 2: For the 197 proteins and the corresponding random networks with the same size, the comparison of network parameter. (a) e
clustering coefficient of the weighted amino acid network and that of the random network with the same size; (b) the average shortest path
length of the weighted amino acid network and that of the random network with the same size.

between residues. So, the average clustering coefficient of
the network will get a relatively large value, and the average
shortest path length (also be called: characteristic path
length) will keep as small as that of a random network.

For the 197 proteins, we constructed the weighted net-
work and calculated the average clustering coefficients and
the average shortest path lengths with the distance matrix
de�nition 1. Figures 2(a) and 2(b) showed these results. At
the same time, for the random networks with the same size,
these two parameters are calculated and the results are also
shown in Figures 2(a) and 2(b). From these two �gures,
we can see that the weighted amino acid networks, contain
similar and dissimilar weight for the link, present an obvious
“small-world” property. From other works, we have known
that the amino acid network is a “small-world” network, so,
these results prove that the distinction introduced between
similar and dissimilar weights is reasonable, and the con-
struction method of the weighted network also is rational.

In the amino acid network, very few residues can get a
high degree value. ey usually lie in the core of the globular
protein and act as the hubs of the networks [8, 26]. ere
are more interactions between these hub residues with other
residues, so these hub residues play a vital role to the stability
of whole protein structures [7, 8, 27]. In some other work,
in order to embody the in�uence of the local environment,
the distribution of residue clusters has been analyzed, and the
outcome is a log-normal distribution [28].

3.3. e Change of Average Shortest Path Length with the
Conformation Change. For exploring the changes of network
parameters with the changes of the protein conformations,
the protein CI2 (PDB code: 3CI2) was selected as a research
object.

With the MD program GROMACS 3.3 [20], the molec-
ular dynamic (MD) simulation was performed at 498K for
11.2 ns. e force �eld parameters used in this simulation
were taken from GROMOS96 43a1 and the SPC/E water
model was used. Aer the simulation, this protein will
become unfolded, and most secondary structures will be
depolymerized. However, the protein still keeps a random
coil state. With this MD trajectory data, we extract the
structures with an interval of 100 ps and then construct the
weighted amino acid networks. On this unfolding pathway,
alongwith the conformational changes, the change rule of the
average shortest path length (short as: 𝐿𝐿) was analyzed. is
change of𝐿𝐿 is used to represent the conformation change, and
the results are shown in Figure 3.

On the unfolding pathway, when the structure becomes
looser, the average shortest path lengths of the weighted
amino acid network become longer. Under a high temper-
ature, with the unfolding of the protein, the hydrophobic
core will be destroyed. In this process, the hydrophobic-
hydrophobic link, which is important to the stability of
the protein structures, will be broken. ese hydrophobic-
hydrophobic links all have a negative weight, and the distance
of these links is less than 1. erefore, while the hydrophobic
core derogates, the shortest path length will rise more
obviously. From Figure 3, we can see that the average short-
est path length from de�nition 1 is more sensitive to the
conformation change than that of the other two de�ni-
tions.

3.4. e Application of the Amino Acid Network in Drug
Design. In the process of drug action, many drugs take the
related protein as their target. e structure and the dynamic
of this target protein hold a very important role to the
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therapeutic effect of the drug. e residues located at the
binding sites are crucial to the binding and the stability of the
complex.ese residues oen are tightly packed and can pro-
vide a major part of the decrease of the binding free energy.
ey are oen called as hot spots, and the central nodes of
the amino acid network usually can be predicted as the hot
spots [19, 29, 30]. With the support vector machine techno-
logy, a model is proposed for the prediction of the binding
sites of heme protein [29]. is model contains three types
of information: the �rst is the se�uence information, the
second is the geometry information of the structure, and the
last one is based on some amino acid network parameter.
Some scoring function based on the amino acid network
also has been proposed for the protein docking [31–33].
Here, we take the immunosuppressant drug (FK506) binding
protein—FKBP [34] as an example to show the application of
amino acid network in the drug design.

FKBP, or FK506 binding protein (PDB ID: 1FKF), is a
immunophilins protein, which is involved in the immune
response pathway and is used as a target for the immunosup-
pressant drug (FK506). rough the binding of FKBP with
FK506, the signal transduction in T cells will be blocked, and
then the normal immune system reaction will be interfered
[35, 36].

Figure 4 shows the structure of the complex of FKBPwith
FK506.

With the structure, we can draw the detailed information
about the complex that the binding sites contain which parts
of the drug and which parts of the protein. We can �nd, as
the structure showed above, that the 𝛼𝛼 helix and the 𝛽𝛽 sheet
of the FKBP form a cavity, and the FK506 is binding with
FKBP in this shallow cavity. For this structure, we construct
its amino acid network and then calculate the related network
parameter (betweenness) with the corresponding 𝑍𝑍-score.

F 4: e structure of FKBP-FK506 complex (PDB ID: 1FKF).
In this �gure, the FK506 is shown with a stick model, and the FKBP
is shown with a cartoon model. e Val63 and Phe99 are shown with
stick model in black color. e Trp59 is shown with lines model.

In this work, only the 𝑍𝑍-score value, which is greater than
or e�ual to 3.0, is considered as a signi�cant one, and the
corresponding node will be discussed in the following parts
[19]. For 1FKF, the calculating results show that there only
two nodes get a higher 𝑍𝑍-score value: Val63 and Phe99. At
the same time, the contacts between the FKBP and FK506 are
calculated. For FK506 holds a bigger volume than a residue,
so, we use the atom contact between FK506 and FKBP.
e Phe99 has ten atom contacts with the FK506, and these
contacts are mainly due to the side chain of Phe99, which
participates in assembling of the binding cavity with other
residues. For Val63, although there is no direct interaction
with FK506, it has nine atom contacts with Trp59, and Trp59 is
interacted with FK506 through 20 atom contacts. e nodes
with high 𝑍𝑍-score value, for 1FKF, are either corresponding
to the hot spot or to the residue which has a direct interaction
with the ligand [19].

We also take the complex of bp12 with rapamycin (PDB
ID: 1C9H [37] and 1FKB [38]) to calculate the 𝑍𝑍-score value
for every node of the amino acid network and to determine
the contacts between the drugs with FKBP. e results also
show that the node with high 𝑍𝑍-score value either interacted
directly with the drug or with nodes which is contacted
directly with the drug. For these three proteins, the region
from Phe99 to Val101 all contain a binding site with the drug.
One is the Phe99 for 1FKF and 1FKB, and Val101 for 1C9H.
On the other hand, when FK506 is binding to FKBP, we can
�nd that the change of FKBP�s structure is undersi�ed, but the
structural change of FK506 is large. So, we can deduce that
the binding sites of FKBP with the related drug are spatial
conserved. is useful information is helpful for the design
of some new drugs, which has a better curative effect or less
toxic than the FK506.
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4. Conclusion

A modi�ed weighted amino acid network based on a self-
consistent contact potential is proposed in this paper. is
model contains two types of weight, one is the similar weight
and the other is the dissimilar weight. By the analysis of the
in�uence of di�erent de�nitions of the distance based on the
weights, it is revealed that the distance de�nition contains
two types of weights is more reasonable. e average shortest
path length has a signi�cant linear correlation with the radius
gyration of the molecule. For a set of 197 proteins, through
the analysis of the network parameters of the weighted amino
acid networks, it is found that the weighted amino acid
network holds an obvious “small-world” property. Addition-
ally, with the protein CI2 as an example, through the analysis
of the changes of the weighted network parameters on the
unfolding pathway, it is observed that the shortest path
length of the weighted network will rise increasingly when
the protein is unfolding. e highly central residues of the
amino acid network play a key role in the binding of protein
with drug. ese central nodes either interacted directly with
the drug or contacted with a residue which is interacted
directlywith the drug. In otherwords, for the interaction path
between these central residues with the drug, at most, there
is an interval between them.

is modi�ed weighted network, which contains two
types of weights, is more reasonable than the previous model.
is work is helpful for the studies of the structure-function
relationship and also is bene�cial to the drug design.
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Estrogen receptor (ER) is a crucial molecule symbol of breast cancer. Molecular interactions between ER complexes and DNA
regulate the expression of genes responsible for cancer cell phenotypes. However, the positions and mechanisms of the ER binding
with downstream gene targets are far from being fully understood. ChIP-Seq is an important assay for the genome-wide study
of protein-DNA interactions. In this paper, we explored the genome-wide chromatin localization of ER-DNA binding regions by
analyzing ChIP-Seq data from MCF-7 breast cancer cell line. By integrating three peak detection algorithms and two datasets,
we localized 933 ER binding sites, 92% among which were located far away from promoters, suggesting long-range control by
ER. Moreover, 489 genes in the vicinity of ER binding sites were identified as estrogen response elements by comparison with
expression data. In addition, 836 single nucleotide polymorphisms (SNPs) in or near 157 ER-regulated genes were found in
the vicinity of ER binding sites. Furthermore, we annotated the function of the nearest-neighbor genes of these binding sites
using Gene Ontology (GO), KEGG, and GeneGo pathway databases. The results revealed novel ER-regulated genes pathways for
further experimental validation. ER was found to affect every developed stage of breast cancer by regulating genes related to the
development, progression, and metastasis. This study provides a deeper understanding of the regulatory mechanisms of ER and
its associated genes.

1. Introduction

Breast cancer is a complex disease with high occurrence. It
involves a wide range of pathological entities with diverse
clinical courses. Gene and protein expression have been
extensively profiled in different subtypes of breast cancer
[1]. Growth of human breast cells is closely regulated by
hormone receptors. Estrogen receptor (ER), a hormonal
transcription factor, plays a critical role in the development
of breast cancer. Combined with estrogen, it regulates the
expression of multiple genes. Studies have found that ER-
positive and ER-negative breast cancers are fundamentally
different [2]. The outcome of hormone receptor positive
tumors is better than hormone receptor negative tumors
[3]. Thus, the identification of ER target genes may reveal

critical biomarkers for cancer aggressiveness and is therefore
crucial to understanding the global molecular mechanisms
of ER in breast cancer. To identify direct target genes of
ER, it is necessary to map the ER binding sites across the
genome. ChIP-Seq is an effective technology for the genome-
wide localization of histone modification and transcription
factor binding sites. It enables researchers to fully understand
many biological processes and disease states, including
transcriptional regulation of ES cells, tissue samples, and
cancer cells.

Several previous studies have been dedicated to ER-
regulated genes and their function in breast cancer cell line
[4, 5]. However, most studies lacked the comprehensive and
genome-wide view and failed to perform an integrated anal-
ysis. In this study, we combined ChIP-Seq and microarray
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Table 1: The CHIP-Seq datasets.

Dataset Platform Cell line Sample information

GSE19013 Illumina MCF-7
Ethanol treated

E2-treated

GSE14664 Illumina MCF-7
ER minus ligand

ER E2

datasets to analyze the ER-regulated genes in the MCF-7
breast cancer cell line. The molecular mechanisms of ER
were fully studied, including binding sites, motif, regulated
genes, related single nucleotide polymorphisms (SNPs) and
functional annotation. The process of this analysis was
illustrated in Figure 1.

2. Materials and Methods

2.1. Datasets. The breast cancer associated ChIP-Seq datasets
were extracted from Gene Expression Omnibus (GEO):
GSE19013 [6] and GSE14664 [7]. Both datasets can be
used to survey genome-wide binding of estrogen receptor
(ER) in the MCF-7 breast cancer cell line. Control sample
was incorporated for the genomic peak finding of ER. (See
Table 1 for details.)

2.2. Chip-Seq Analysis. Bowtie [8] was selected to align
sequence tags to human genome. Bowtie is an ultrafast and
best short-read aligner. It is suitable for sets of short reads
where many reads have at least one good and valid alignment,
many reads with relatively high quality, and the number of
alignment reported per read is small (closed to 1). ChIP-seq
datasets we used were satisfied these criteria. In the analysis,
tags were selected using the criterion that alignments had no
more than 2 mismatches in the first 35 bases on the high
quality end of the read, and the sum of the quality values at
all mismatched positions could not exceed 70.

Peak detection algorithm is crucial to the analysis of
ChIP-Seq dataset. Currently, several tools are available to
identify genome-wide binding sites of transcription factors,
such as FindPeaks [9], F-Seq [10], CisGenome [11], MACS
[12], SISSRs [13], and QuEST [14]. These different methods
have their own advantages and disadvantages, although they
act in a similar manner. Table 2 showed an overview of
the characteristics of these algorithms. ChIP-Seq data has
regional biases because of sequencing and mapping biases,
chromatin structure, and genome copy number variations
[15]. It is believed that more robust ChIP-Seq peak predic-
tions can be obtained by matching control samples [12].
In order to get more stable result, three tools, CisGenome,
MACS, and QuEST, were used to identify the binding sites
of ER in this study. All the three tools systematically used
control samples to guide peak finding and calculate the FDR
(False Discovery Rate) value of peaks.

Additionally, MEME program [16] was employed for
de novo motif search, keeping default options (minimum
width: 6, maximum width: 50, motifs to find: 3, and
minimum sites: ≥2). For each site, statistical significance (P

value) gives the probability of a random string having the
same match score or higher. And a criterion of P-value < 0.01
was used here.

2.3. Expression and SNP Analysis. Expression analysis was
performed using the same package [17, 18]. Differentially
expressed genes were selected based on the q-value less than
1%.

Using the table SNP (131) (dbSNP build 131) [19] in
UCSC (http://genome.ucsc.edu/), we identified SNPs near
the ER binding sites. The SNPs with at least one mapping
in the regions were selected.

2.4. Functional Annotation. Three functional annotation
systems, the Gene Ontology (GO) categories [20], canon-
ical KEGG Pathway Maps [21], and commercial software
MetaCore-GeneGo Pathway Maps, were used to perform the
enrichment analysis for gene function.

Enrichment of GO categories was determined with
the Gene Ontology Tree Machine (GOTM) [22], using
Hypergeometric test, Multiple test adjustment (BH), and
a P-value cut-off of 0.01. WebGestalt (WEB-based
GEne SeT AnaLysis Toolkit) [23] (http://bioinfo
.vanderbilt.edu/webgestalt/option.php) was used for enrich-
ment of KEGG Pathway. Hypergeometric test, Multiple
test adjustment (BH), and a P-value cut-off of 0.01 were
also used as criterion. MetaCore-GeneGo is a commercial
software which offers gene expression pathway analysis and
bioinformatics solutions for systems biology research and
development. Hypergeometric intersection was used to
estimate P-value, the lower P-value means higher relevance.
P-value < 0.01 and FDR < 0.05 were used as criterion.

3. Results and Discussion

3.1. ChIP-Seq Analysis Mapped ER Binding Sites across the
Human Genome. Using ChIP-Seq datasets, we identified the
global ER binding sites. Sequence tags were firstly aligned
to human genome assembly (UCSC, hg19) using Bowtie.
Three ChIP-Seq peak calling programs, CisGenome, MACS,
and QuEST, were selected to identify the enriched binding
peaks. Using a false discovery rate of 0.01, 933 ER binding
peaks were revealed by all the three tools in both datasets
(Table 3). There were differences among the predicted results
using different methods in both two datasets (Figure 2).
The calculated FDR value was not only related to different
methods, but also influenced by datasets. The overlapped
binding sites seemed to be more robust, with 84.9% having
FDR value less than 0.005 in all methods and datasets. These
binding sites were used for the following analysis. Firstly, we
compared these binding sites with two published studies by
Welboren et al. [7] and Hu et al. [6]. Our results showed
a substantial overlap with the two studies (77.8 and 78.5%,
resp.). Also, 719 binding sites, which were shared by all three
studies, were likely to be more reliable. The presence of
consensus sequence motifs in the ER binding sites was also
examined. De novo motif search using the MEME program
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Table 2: An overview of the characteristics of different Chip-Seq peak detection algorithm.

Algorithm Profile Background model Control sample Use control to compute FDR

F-Seq Kernel density estimation (KDE)
√

FindPeaks Aggregation of overlapped tags Monte Carlo

SISSRs Window scan Poisson
√

QuEST Kernel density estimation (KDE)
√ √

MACS Tags shifted then window scan dynamic Poisson
√ √

CisGenome Strand-specific window scan Negative binomial
√ √

Bowtie

Detected the genomic binding sites

CisGenome QuESTMACS

Genomic 

locations

Gene 
expression 

analysis

SNP 

analysis

Functional 

annotation

Motif 

detection

Mapped to genome (UCSC, hg19)

ChIP-Seq datasets

Figure 1: The ChIP-Seq data analyzing pipeline.
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Figure 3: The genomic binding sites of ER. (a) The consensus motif identified in the ERE binding sites. De novo motif search was performed
using the MEME program. (b) The percentage of occurrences of ERE motifs in ER binding sites. (c) Comparison of the occurrences of ERE
motifs between published and newly identified binding sites.

Table 3: Number of ER binding sites identified by three ChIP-Seq peak calling programs (FDR < 0.01).

Number of ER binding sites
Dataset Number of overlaped sites

CisGenome MACS QuEST

GSE19013 8137 5583 5418 2019
933

GSE14664 6773 7765 9280 5061

[16] identified a refined ERE motif that was markedly similar
to the canonical ERE (Figure 3(a)). Almost all of the ER
binding sites contained one or more ERE motif (P-value
< 0.01) (Figure 3(b)). Both published and newly identified
binding sites contained at least one ERE motif (Figure 3(c)).

Furthermore, we examined the location of ER enrich-
ment sites relativer to the nearest-neighbor genes. The result
was shown in Figure 4(a). Only 8% (72) of the peaks occured
within gene promoters (defined here as within 5 kb upstream
of 5′ to TSS). Also, 34% (317) of the peaks resided in
intragenic sites, including 1% (10) in the 3′UTR, 9% (81) in
the 5′UTR, 2% (20) in the exon, and 22% (206) in the intron.
The occupancy of enhancer (>5 kb away 5′ to TSS) was 35%
(332). According to Figure 4(b), the peaks occurred most

frequently between −10 kb to −100 kb, +10 kb to +100 kb,
with +10 kb to +100 kb being the highest. A further insight
into the peaks within +10 kb to +100 kb showed that peaks
were preferably located within the regions spanning from
+10 kb to +40 kb (Figure 4(c)).

3.2. Using Gene Expression Data to Confirm the ER Binding
Sites. In order to determine the specific gene responses
corresponding to ER in MCF-7 cells, we compared the
nearest-neighbor genes of ER binding sites to the published
studies examining differentially expressed genes between
ER+ and ER− breast tumors. We used the 3 studies in Table 4
for the gene expression analysis. Differentially expressed
genes were selected based on a q-value cut-off of less
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Table 4: Breast cancer gene expression dataset and differently expressed genes number (q-value < 1%).

Author Journal Array type
Sample N
ER+

Sample N
ER−

Differently expressed genes

Upregulated Downregulated

Graham et al. [24] Clin Cancer Res Affy 15 15 709 333

Wang et al. [25] Lancet Affy 209 77 2081 2537

Lu et al. [26]
Breast Cancer Res

Treat
Affy 76 53 5136 5445

All 5692 6101

than 1% using a stringent statistical analysis method. We
identified 5692 and 6101 up- and downregulated genes.
When combined with the nearest-neighbor genes of ER
binding sites, 289 up-regulated genes and 198 down-
regulated genes were associated with the ER binding sites
(see additional file 1, Supplementary Material available
online at doi:10.1155/2012/568950). Among these genes, 33
upregulated genes and 11 downregulated genes were also
identified by published ChIP-PET analysis [27].

Our analysis found that more binding sites were
associated with ER up-regulated genes (60%) compared to
down-regulated genes (40%), indicating that ER was more
frequently involved in the direct regulation of up-regulated
genes. We also examined the location of ER binding sites
in up-regulated and down-regulated genes. As shown in
Figure 5, both the up- and down-regulated genes occurred
most frequently between −10 kb to −100 kb, +10 kb to +100
kb, which verified the long-range control mode of ER factor.

3.3. SNPs Occurred near the ER Binding Sites. Current studies
have shown that the breast cancer risks are associated
with commonly occurring single nucleotide polymorphisms
(SNPs) [28–32]. The table SNP (131) (dbSNP build 131) in
UCSC (http://genome.ucsc.edu/) was used to identify SNPs
near the ER binding sites. A total of 2694 SNP loci were found
and subsequently annotated using dbSNP in NCBI.

Compared with the differently expressed gene set in the
vicinity of ER binding sites, 836 SNPs in or near 157 ER-
regulated genes were identified (see additional file 2). Most
of the SNPs (94.5%) were located in intron and untranslated
regions. Only 5.5% were located in the regions of near-gene,
coding-synon, missense, and frameshift. These SNPs might
have close relationship with breast cancer.

3.4. Functional Annotation of ER Binding Sites. To identify
the biological processes and pathways altered by ER, we
employed three functional annotation systems, the Gene
Ontology (GO) categories [20], canonical KEGG Pathway
Maps [21], and commercial software MetaCore-GeneGo
Pathway Maps, to perform the enrichment analysis for gene
function.

To gain an overview of the biological processes in which
the nearest-neighbor genes of ER binding sites reside, we
firstly performed gene set enrichment analysis using Gene
Ontology database. Statistically significant (Hypergeometric
test, P-value < 0.01) enriched GO terms were identified
using the web tool GOTM (Gene Ontology Tree Machine)

[22]. The Gene Ontology Directed Acyclic Graph for the
nearest-neighbor genes generated by GOTM was presented
in Figure 6. The terms with red color were significantly
enriched. In terms of biological process, negative regulation
of biological process and cellular process, cellular component
movement, and regulation of localization and locomo-
tion, structure and system development were significantly
enriched. Furthermore, whether differently expressed or
not, genes were mostly associated with biological regulation
and metabolic process in biological process terms, protein
binding in molecular function terms, and membrane in
cellular component terms (each term included more than
100 genes). Gene functions for all the nearest-neighbor genes
were summarized in Table 5.

The KEGG Pathway database (posted on May 23, 2011)
was used to identify functional modules regulated by ER.
Seventeen significantly enriched pathways (P-value < 0.01)
were revealed (Table 6). In these pathways, most genes were
also differentially expressed between ER+ and ER− tumors.
Pathways in cancer, focal adhesion, axon guidance, regu-
lation of actin cytoskeleton, and MAPK signaling pathway
ranked among the most enriched pathways. The top enriched
maps, such as focal adhesion pathway and MAPK signaling
pathway, were reported to be related with ER in breast
cancer. High expression of focal adhesion kinase had been
reported to be related to cancer progression of breast. And
tumors with high expression of focal adhesion kinase lack
ER and PR [33]. It was also reported that hyperactivation
of MAPK could repress the ER expression in breast tumors
[34]. Pathways in cancer were the top enriched KEGG
pathway. The abnormal expression of some genes occurred
in several types of cancer [35–37]. Axon guidance pathway
played important roles in cancers. Axon guidance molecules
might control the development, migration, and invasion of
cancer cells [38]. Regulation of actin cytoskeleton was related
to cancer cell migration and invasion [39]. This indicated
the crucial role of ER in the development, migration, and
invasion of breast cancer.

GeneGo was also used to perform the pathway analysis.
Ten pathways were found to be significantly enriched with
P-value < 0.01 and FDR < 0.05 (Table 7). The result showed
that ER binding sites were enriched in breast cancer related
pathways. Among the top five maps, development prolactin
receptor signaling and development glucocorticoid receptor
signaling had been reported to associate with ER [40, 41].
development ligand-independent activation of ESR1 and
ESR2 was another enriched map which might have close



6 Computational and Mathematical Methods in Medicine

Table 5: The comparison of top enriched GO categories between different expressed and other nearest-neighbor genes of ER binding sites
(number of genes ≥ 100).

Genes set Biological process Molecular function Cellular component

Differently expressed
Biological regulation, metabolic process,
cell communication, organismal process,
localization, developmental process

Protein binding,
iron binding

Membrane,
nucleus

Others Biological regulation, metabolic process Protein binding Membrane

Table 6: KEGG pathways enriched with the nearest-neighbor genes of ER binding sites (P-value < 0.01).

KEGG ID Pathways name P-value Number of genes Number of different expressed genes

hsa05200 Pathways in cancer 2.24E − 05 22 16

hsa04510 Focal adhesion 0.0002 15 14

hsa04360 Axon guidance 0.0009 11 8

hsa04810 Regulation of actin cytoskeleton 0.0012 14 11

hsa04010 MAPK signaling pathway 0.0022 15 12

hsa04114 Oocyte meiosis 0.0024 9 8

hsa04144 Endocytosis 0.0024 12 11

hsa04115 p53 signaling pathway 0.0024 7 7

hsa05216 Thyroid cancer 0.0024 5 4

hsa05218 Melanoma 0.0033 7 3

hsa04020 Calcium signaling pathway 0.004 11 4

hsa04062 Chemokine signaling pathway 0.0064 11 9

hsa04914 Progesterone-mediated oocyte maturation 0.0085 7 7

hsa01100 Metabolic pathways 0.0086 35 28

hsa00450 Selenoamino acid metabolism 0.0088 4 3

hsa05414 Dilated cardiomyopathy 0.0096 7 7

hsa03440 Homologous recombination 0.0097 4 3

Table 7: Terms of the enriched GeneGo pathway maps (P-value < 0.01, FDR < 0.05).

GeneGo pathway terms P-value

Apoptosis and survival APRIL and BAFF signaling 1.29889E − 05

Development prolactin receptor signaling 4.95517E − 05

Development glucocorticoid receptor signaling 5.81237E − 05

Development ligand -independent activation of ESR1 and ESR2 0.000295251

Immune response IL-22 signaling pathway 0.000381484

Development EPO-induced Jak-STAT pathway 0.000531744

Development growth hormone signaling via STATs and PLC/IP3 0.000531744

Cytoskeleton remodeling keratin filaments 0.000622315

Development GM-CSF signaling 0.000660576

Transcription transcription regulation of aminoacid metabolism 0.000752764

relationship with ER. APRIL and BAFF were the members
of tumor necrosis factor family which related to a plethora
of cellular events from proliferation and differentiation to
apoptosis and tumor reduction [42]. IL-22 might play a role
in the control of tumor growth and progression in breast
[43]. However, the relationship between ER and these two
pathways need further experimental study.

4. Conclusions

ER is an important molecular symbol of breast cancer. A full
understanding of the molecular mechanisms of ER will be

useful for the research in the prediction and treatment of
breast cancer. The ChIP-Seq technology is useful to study
the interaction of protein and DNA on a genome-wide
scale. ChIP-Seq data can effectively analyze the regulatory
mechanism of transcription factor in genome-wide scale. In
this study, we used ChIP-Seq data to identify the global sites
regulated by ER in MCF-7 breast cancer cell line. In order
to get more reliable result, three different tools were used to
analyze two datasets. And 933 binding sites were identified,
and the ERE motif was refined here.

The analysis of the global genomic occupancy of ER-
regulated genes revealed that 92% of the total 933 ER-binding



Computational and Mathematical Methods in Medicine 7

Enhancer
35%

Promote
8%

Intron
22%

Exon
2%

3UTR
5UTR

1%
9%

Immediate downstream
23%

(a)

ER ChIP-Seq peak location (kb)

0

50

100

150

200

250

300

N
u

m
be

r 
of

 C
h

IP
-S

eq
 p

ea
ks

<
−

10
0

−
10

0∼
−

10

−
10
∼
−

5

−
5∼
−

1

−
1∼

0

0∼
+

1

+
1 ∼

+
5

+
5∼

+
10

+
10
∼

+
10

0

>
+

10
0

(b)

0

10

20

30

40

50

60

ER ChIP-Seq peak location (kb)

N
u

m
be

r 
of

 C
h

IP
-S

eq
 p

ea
ks

+
10
∼

+
20

+
20
∼

+
30

+
30
∼

+
40

+
40
∼

+
50

+
50
∼

+
60

+
60
∼

+
70

+
70
∼

+
80

+
80
∼

+
90

+
90
∼

+
10

0

(c)

Figure 4: Location analysis of ER binding sites. (a) locations relative
to nearest-neighbor genes. (b) Genomic Locations of ER ChIP-Seq
peaks. (c) Genomic locations of ER ChIP-Seq peaks within +10∼
+100 kb.
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Figure 5: Genomic Locations of differentially expressed genes in
the vicinity of ER binding sites.

sites were located far away from promoters. This suggested
that the canonical mode of ER factor function involved long-
range control. Previous research had reported that ER-α
includes looping [44]. Using ChIP-PET, Lin et al. [27] had
analyzed the genome-wide ER-α chromatin occupancy and
revealed abundant nonpromoter sites. Our findings provided
further support for this mode of ER factor function.

We compared the ER binding sites found in this study
with published differentially expressed genes between ER+
and ER− breast tumors. A set of 487 genes was found
significant in discriminating ER status in breast tumors. This
indicated that these genes appeared to affect ER response.
Only 9% (44) of the genes have been identified by Lin et al.
[27], while the remaining need further validations. We found
that binding sites were preferentially associated with ER up-
regulated genes, indicating that ER was more frequently
involved in the regulation of upregulated genes. The location
of 487 genes verified the long-range control mode of ER
factor.

In this study, we found 2694 single nucleotide polymor-
phisms loci located in or near the ER binding sites. Among
these SNPs, the 157 genes of 836 SNPs were also differentially
expressed between ER+ and ER− breast tumors. It indicated
that this set of SNPs might have close relationship with ER in
breast.

The functional annotation provided a deeper under-
standing of ER and ER-associated genes. Enrichment analysis
of GO gave an overview of gene function. As shown in
Figure 6, significantly enriched terms belonged to three
classes, biological regulation, cellular processes, and devel-
opmental processes. The result of KEGG enrichment analysis
was similar. Five pathways were involved in cellular processes,
including focal adhesion, regulation of actin cytoskeleton,
oocyte meiosis, endocytosis, and p53 signaling pathway.
These pathways were associated with cell communication,
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Figure 6: Directed Acyclic Graphs (DAGs) of significantly enriched GO (Gene Ontology) categories (P < 0.01).

movement, growth, and death. Most enriched terms deter-
mined by GeneGO were development pathways. It was
suggested that ER-regulated genes participated in various
development processes. Moreover, KEGG pathway analysis
suggested that ER-regulated genes were enriched in some
diseases related pathways. Both KEGG and GeneGO pathway
analysis revealed that some immune-related pathways were
enriched, such as chemokine signaling pathway and immune
response IL-22 signaling pathway. These results indicated
that ER-regulated genes related to the development, progres-
sion, and metastasis of breast. ER affected every developed
stage of breast. However, the regulatory mechanisms of ER
in different stages and different pathways still need further
studies.
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and J. S. Reis-Filho, “Breast cancer precursors revisited:
molecular features and progression pathways,” Histopathology,
vol. 57, no. 2, pp. 171–192, 2010.

[3] W. F. Anderson, N. Chatterjee, W. B. Ershler, and O. W.
Brawley, “Estrogen receptor breast cancer phenotypes in the
surveillance, epidemiology, and end results database,” Breast
Cancer Research and Treatment, vol. 76, no. 1, pp. 27–36, 2002.

[4] S. Mandal and J. R. Davie, “An integrated analysis of genes and
pathways exhibiting metabolic differences between estrogen
receptor positive breast cancer cells,” BMC Cancer, vol. 7,
article 181, 2007.

[5] M. C. Abba, Y. Hu, H. Sun et al., “Gene expression signature
of estrogen receptor α status in breast cancer,” BMC Genomics,
vol. 6, no. 1, article 37, 2005.

[6] M. Hu, J. Yu, J. M. G. Taylor, A. M. Chinnaiyan, and Z. S.
Qin, “On the detection and refinement of transcription factor
binding sites using ChIP-Seq data,” Nucleic Acids Research, vol.
38, no. 7, Article ID gkp1180, pp. 2154–2167, 2010.

[7] W. J. Welboren, M. A. van Driel, E. M. Janssen-Megens et
al., “ChIP-Seq of ERα and RNA polymerase II defines genes
differentially responding to ligands,” EMBO Journal, vol. 28,
no. 10, pp. 1418–1428, 2009.

[8] B. Langmead, C. Trapnell, M. Pop, and S. L. Salzberg,
“Ultrafast and memory-efficient alignment of short DNA
sequences to the human genome,” Genome Biology, vol. 10, no.
3, article R25, 2009.

[9] A. P. Fejes, G. Robertson, M. Bilenky, R. Varhol, M. Bain-
bridge, and S. J. M. Jones, “FindPeaks 3.1: a tool for
identifying areas of enrichment from massively parallel short-
read sequencing technology,” Bioinformatics, vol. 24, no. 15,
pp. 1729–1730, 2008.

[10] A. P. Boyle, J. Guinney, G. E. Crawford, and T. S. Furey, “F-
Seq: a feature density estimator for high-throughput sequence
tags,” Bioinformatics, vol. 24, no. 21, pp. 2537–2538, 2008.

[11] H. Ji, H. Jiang, W. Ma, D. S. Johnson, R. M. Myers, and W. H.
Wong, “An integrated software system for analyzing ChIP-chip
and ChIP-seq data,” Nature Biotechnology, vol. 26, no. 11, pp.
1293–1300, 2008.

[12] Y. Zhang, T. Liu, C. A. Meyer et al., “Model-based analysis of
ChIP-Seq (MACS),” Genome Biology, vol. 9, no. 9, article R137,
2008.

[13] R. Jothi, S. Cuddapah, A. Barski, K. Cui, and K. Zhao,
“Genome-wide identification of in vivo protein-DNA binding
sites from ChIP-Seq data,” Nucleic Acids Research, vol. 36, no.
16, pp. 5221–5231, 2008.

[14] A. Valouev, D. S. Johnson, A. Sundquist et al., “Genome-wide
analysis of transcription factor binding sites based on ChIP-
Seq data,” Nature Methods, vol. 5, no. 9, pp. 829–834, 2008.

[15] R. Redon, S. Ishikawa, K. R. Fitch et al., “Global variation in
copy number in the human genome,” Nature, vol. 444, no.
7118, pp. 444–454, 2006.

[16] T. L. Bailey and C. Elkan, “Fitting a mixture model by
expectation maximization to discover motifs in biopolymers,”
in Proceedings of the International Conference on Intelligent
Systems for Molecular Biology, vol. 2, pp. 28–36, 1994.

[17] J. Li and R. Tibshirani, “Finding consistent patterns: a non-
parametric approach for identifying differential expression in

RNA-Seq data,” Statistical Methods in Medical Research. In
press.

[18] V. G. Tusher, R. Tibshirani, and G. Chu, “Significance analysis
of microarrays applied to the ionizing radiation response,”
Proceedings of the National Academy of Sciences of the United
States of America, vol. 98, no. 9, pp. 5116–5121, 2001.

[19] S. T. Sherry, M. H. Ward, M. Kholodov et al., “DbSNP: the
NCBI database of genetic variation,” Nucleic Acids Research,
vol. 29, no. 1, pp. 308–311, 2001.

[20] M. Ashburner, C. A. Ball, J. A. Blake et al., “Gene ontology:
tool for the unification of biology,” Nature Genetics, vol. 25,
no. 1, pp. 25–29, 2000.

[21] M. Kanehisa and S. Goto, “KEGG: kyoto encyclopedia of genes
and genomes,” Nucleic Acids Research, vol. 28, no. 1, pp. 27–30,
2000.

[22] B. Zhang, D. Schmoyer, S. Kirov, and J. Snoddy, “GOTree
Machine (GOTM): a web-based platform for interpreting sets
of interesting genes using gene ontology hierarchies,” BMC
Bioinformatics, vol. 5, article 16, 2004.

[23] B. Zhang, S. Kirov, and J. Snoddy, “WebGestalt: an integrated
system for exploring gene sets in various biological contexts,”
Nucleic Acids Research, vol. 33, no. 2, pp. W741–W748, 2005.

[24] K. Graham, X. Ge, A. de Las Morenas, A. Tripathi, and C.
L. Rosenberg, “Gene expression profiles of estrogen receptor-
positive and estrogen receptor-negative breast cancers are
detectable in histologically normal breast epithelium,” Clinical
Cancer Research, vol. 17, no. 2, pp. 236–246, 2011.

[25] Y. Wang, J. G. M. Klijn, Y. Zhang et al., “Gene-expression
profiles to predict distant metastasis of lymph-node-negative
primary breast cancer,” The Lancet, vol. 365, no. 9460, pp. 671–
679, 2005.

[26] B. Lu, X. Liang, G. K. Scott et al., “Polyamine inhibition
of estrogen receptor (ER) DNA-binding and ligand-binding
functions,” Breast Cancer Research and Treatment, vol. 48, no.
3, pp. 243–257, 1998.

[27] C. Y. Lin, V. B. Vega, J. S. Thomsen et al., “Whole-genome
cartography of estrogen receptor α binding sites,” PLoS
Genetics, vol. 3, no. 6, article e87, 2007.

[28] A. Beeghly-Fadiel, W. Zheng, W. Lu et al., “Replication study
for reported SNP associations with breast cancer survival,”
Journal of Cancer Research and Clinical Oncology, vol. 138, no.
6, pp. 1019–1026, 2012.

[29] W. Han, K. Y. Kim, S. J. Yang, D. Y. Noh, D. Kang,
and K. Kwack, “SNP-SNP interactions between DNA repair
genes were associated with breast cancer risk in a Korean
population,” Cancer, vol. 118, no. 3, pp. 594–602, 2012.

[30] C. H. Yang, L. Y. Chuang, Y. J. Chen, H. F. Tseng, and
H. W. Chang, “Computational analysis of simulated SNP
interactions between 26 growth factor-related genes in a breast
cancer association study,” OMICS A Journal of Integrative
Biology, vol. 15, no. 6, pp. 399–407, 2011.

[31] K. D. Graves, B. N. Peshkin, G. Luta, W. Tuong, and M. D.
Schwartz, “Interest in genetic testing for modest changes in
breast cancer risk: implicationsfor SNP testing,” Public Health
Genomics, vol. 14, no. 3, pp. 178–189, 2011.

[32] R. J. Hartmaier, S. Tchatchou, A. S. Richter et al., “Nuclear
receptor coregulator SNP discovery and impact on breast
cancer risk,” BMC Cancer, vol. 9, article 438, 2009.

[33] A. L. Lark, C. A. Livasy, L. Dressler et al., “High focal adhesion
kinase expression in invasive breast carcinomas is associated
with an aggressive phenotype,” Modern Pathology, vol. 18, no.
10, pp. 1289–1294, 2005.

[34] A. S. Oh, L. A. Lorant, J. N. Holloway, D. L. Miller, F. G.
Kern, and D. El-Ashry, “Hyperactivation of MAPK induces



10 Computational and Mathematical Methods in Medicine

loss of ERα expression in breast cancer cells,” Molecular
Endocrinology, vol. 15, no. 8, pp. 1344–1359, 2001.

[35] H. Cam, H. Griesmann, M. Beitzinger et al., “p53 family
members in myogenic differentiation and rhabdomyosarcoma
development,” Cancer Cell, vol. 10, no. 4, pp. 281–293, 2006.

[36] M. P. DeYoung, C. M. Johannessen, C. O. Leong, W. Faquin,
J. W. Rocco, and L. W. Ellisen, “Tumor-specific p73 up-
regulation mediates p63 dependence in squamous cell carci-
noma,” Cancer Research, vol. 66, no. 19, pp. 9362–9368, 2006.

[37] G. Dominguez, J. M. Silva, J. Silva et al., “Wild type p73
overexpression and high-grade malignancy in breast cancer,”
Breast Cancer Research and Treatment, vol. 66, no. 3, pp. 183–
190, 2001.
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