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With the advances in computer technology, biomedical data
have been growing at an explosive speed, especially the
massive accumulation of clinical medical data. It highly
raises the requirement of data processing and analysis.
Meanwhile, the computation methods can not only help
medical professionals and researchers to get rid of the
limitations of manual information processing in traditional
methods but also provide them with more effective methods
to use data. With the application of computation methods to
biomedical information analysis, effective ways have been
proposed to solve some problems that cannot be solved
before.

%is special issue provides a platform for medical pro-
fessionals and researchers to present their ideas about the
latest issues and developments in biomedical analysis fields.
%e papers in this special issue address the development and
application of medical image segmentation, classification,
detection, modeling, predicting, and literature mining.

%e major part of this special issue is a collection of
papers on image processing and analysis in various appli-
cation areas.

%e paper “Predicting Interactions between Virus and
Host Proteins Using Repeat Patterns and Composition of
Amino Acids” uses the repeat patterns and composition of
amino acids to predict interactions between virus and host
proteins and find new virus-host protein-protein in-
teractions (PPIs) with little information.

%e paper “Bayesian ClassificationModels for Premature
Ventricular Contraction Detection on ECG Traces” com-
pares three well-known Bayesian classification algorithms,
including the naive Bayes, linear discriminant analysis, and

quadratic discriminant analysis algorithms, in distinguish-
ing the normal heartbeats, premature ventricular contrac-
tion beats, and others.

%e paper “Organic Boundary Location Based on Color-
Texture of Visual Perception in Wireless Capsule Endoscopy
Video” combines the color-saliency region detection method
and support vector machine (SVM) classifier to promote the
efficiency and accuracy of locating the pylorus in wireless
capsule endoscopy videos.

%e paper “Breast Mass Detection in Digital Mammo-
gram Based on Gestalt Psychology” incorporates visual
perception properties described by the Gestalt psychology
framework into breast mass detection in a digital mam-
mogram to achieve good performance on both the Mam-
mographic Image Analysis Society (MIAS) data set and
Digital Database for Screening Mammography (DDSM)
data set.

%e paper “A Filtering Method for Identification of
Significant Target mRNAs of Coexpressed and Differentially
Expressed MicroRNA Clusters” devises to use hyper-
geometric distributions to identify significant miRNA target
genes from an extensive list of predicted miRNA target gene
relationships.

%e paper “A Method for Tooth Model Reconstruction
Based on Integration of Multimodal Images” develops a tooth
model reconstruction method based on integration of com-
puted tomography (CT) images and laser scan images, which
can generate a tooth model with a more accurate crown and
can obtain a complete toothmodel at any stage of orthodontic
treatment by using one CTscan at the pretreatment stage and
one laser scan at that stage to avoid multiple CT scans.
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%e paper “Link Prediction Investigation of Dynamic
Information Flow in Epilepsy” adapts link prediction for
proposing a novel workflow, which detects the seizure oc-
currence and monitors the total seizure course for quanti-
fying seizure dynamics and uncovers pathological
mechanisms of epilepsy.

%e paper “Comparative Study on Automated Cell
Nuclei Segmentation Methods for Cytology Pleural Effusion
Images” presents a comparative study on 12 automated cell
nuclei segmentation methods, finding that the segmentation
performances of the Otsu, k-means, mean shift, Chan–Vese,
and graph cut methods outperform the others, which will be
useful for current and potential future studies on cytology
images of pleural effusion.

%is special issue also has two papers, which describe
medical data retrieval systems.

%e paper “%e Cell Research Trends of Asthma: A Stem
Frequency Analysis of the Literature” summarizes the
asthma literature indexed in the medical literature analysis
and retrieval system online (MEDLINE) and explores the
history to present trends of asthma cell research by stem
frequency ranking to forecast the prospect of the future
work.

%e paper “%e Wall Apposition Evaluation for a Me-
chanical Embolus Retrieval Device” presents a computa-
tional evaluation approach to the wall apposition of
a cerebral mechanical emboli retrieval device (MERD) and
provides references and suggestions for further research and
work.

Although it is impossible to comprehensively cover the
growing field of computation methods for biomedical in-
formation analysis in a special issue like this, we believe that
this special issue presents a set of state-of-the-art compu-
tational methods and their potentials in the biomedical
information analysis and related domains. We hope this
issue would inspire further research on the aforementioned
topics.
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A computational evaluation approach to the wall apposition of a cerebral mechanical emboli retrieval device (MERD) is presented.
+e typical enclosed multilattice structure, manufactured from the thin-walled Nitinol tube, consists of repeated “V”-shaped unit
cells. During interventional thrombectomy, theMERD system is delivered inside an artery stenosis segment to capture emboli and
restore cerebral blood flow. +e wall apposition, which deteriorates during embolus capture, occurs during system migration
along the tortuous intracranial vessel. +e commercial finite element analysis (FEA) solver ABAQUS 6.10 Standard and user
subroutine (UMAT/Nitinol) are utilized to study the ability to remain in close contact with the curved vessel wall during
migration. In this numerical analysis, the influence of the contacting interference loadings on structure deformation and strain
field distribution is obtained and analyzed. +e results indicate that the middle segment of the MERD seriously contracts or
collapses inside the curved vessel. In addition, the peak strain is in the apex flow-prone region and maintains at the safe range.

1. Introduction

Stroke is a type of brain function disease which is due to the
disturbance of blood supply to the brain tissue. Stroke has
already become the second leading cause of death in the world,
and approximately 88% is acute ischemic stroke (AIS) [1]. It is
reported that the number of deep venous thrombosis cases has
increased to 250,000 per year in theUnited States, and the ratio
of morbidity ormortality is also fairly high [2]. During the past
decade, mechanical embolus retrieval devices (MERDs) have
been extensively used as an interventional neurovascular
device to treat AIS [3–6].+eMERD is designed to capture the
embolus or thrombus, scaffold the afflicted artery, and restore
blood flow.+is paper reports the analysis of theMERDwhich
is fabricated from the nickel-titanium alloy thin-walled tube by
laser cutting. After electropolishing and heat treatment for the
shape setting, the embolus capture device is shaped like an
enclosed tubular multilattice structural “funnel.” MERD
structures vary in complexity from a 3D helical coil to a laser-
cut nickel-titanium (Nitinol) tube. So far, several embolus
retrieval devices have been used in clinics, such as the Merci

Retrieval system (Concentric Medical, Mountain View, Cal-
ifornia, USA), the Penumbra Aspiration system and the Stent
Retrievers, and others [5, 6]. +e latest generation of me-
chanical thrombectomy devices is the ‘stent retriever’ family:
Solitaire (ev3 Endovascular, Plymouth, Minnesota, USA),
Trevo Pro (Stryker Neurovascular, Kalamazoo Michigan, USA),
and arguably the Penumbra 3D separator (Penumbra, Alameda,
California, USA) [7–9].

In clinical application, theMERDworks according to the
following steps:

(1) Crimp the stent into a catheter and delivery to the
stenosed (blocked) vessel, as shown in Figure 1(a)

(2) Deploy to capture the embolus while the outer catheter
is removed, as shown in Figures 1(b) and 1(c)

(3) Migrate the embolus removal device and extract tissue
from the patient’s body, as shown in Figure 1(d).

+e cerebral blood vessels have a relatively small profile
and often small radius of curvature in the anatomy. After the
MERD has been inserted and has migrated inside the
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tortuous cerebral vessel, the embolus retrieval performance
is of great importance [3, 5]. +e wall apposition, which de-
scribes the stent or MEDR’s ability to remain in close contact
with the adjacent vessel wall [3], is a significant mechanical
requirement of aMERD systemwhile it is deployed in a curved
vessel and will affect the effectiveness and accuracy of embolus
retrieval.

So far, few researches have been published to study the
mechanical behavior of a thrombectomy device with a nu-
merical modeling method. However, the mechanical per-
formance of multilattice tubular devices, such as vascular
stents, has been studied already [3, 10–15]. Krischek et al.
proposed the mechanical features for a MERD, including the
radial force, wall apposition, conformability, and Gator
backing (Gator backing describes a stent’s tendency to flair
its struts outward, forming protrusions, when the stent is
placed around a bend) and carried out experimental tests [3].
Kleinstreuer et al. simulated crimping, deployment, and
cyclic-loading procedures. A high-cycle fatigue prediction
method for mean strain/alternating strain in Nitinol ma-
terial was established in [10]. Kate et al. compared nonstent
retriever and stent retriever mechanical thrombectomy
devices for the endovascular treatment of acute ischemic
stroke. Stent retriever mechanical thrombectomy devices
achieve higher recanalization rates than nonstent retriever
devices in acute ischemic stroke with improved clinical and
radiographic outcomes and safety [11]. Azaouzi et al. ana-
lyzed the deployment of a self-expanding stent inside an
artery by FEA, and the results could be used to assess the
impact of the stent on the artery and the influence of the
artery on the deformation field within the stent [12]. Gu et al.
presented a numerical analysis of a semienclosed tubular
mechanical embolus retrieval device (MERD) for the treat-
ment of AIS, and the FEA methodology is used to evaluate
mechanical performance and provide suggestions for opti-
mizing the geometric design [13]. Wu et al. generated a finite
element (FE) model of a vascular stent with tetra-elements.

+e axial flexibility of the stent is studied by applying
moment in [14]. Grogan et al. designed CoCr stents and
compared the mechanical properties of the deployment,
radial force, longitudinal resistance, and flexibility. +e dif-
ference between a rigid expanding tool and a polymer balloon
is demonstrated in [15].

After being delivered to the targeted artery wall, Nitinol
stents expand and contact with the artery wall. +e tubular
stent is designed to be embedded in the stenosed blood vessel
segment to avoid movement. +e multilattice MERD,
however, is manipulated so that it migrates inside the blood
lumen to capture and retrieve the plaque blockage, as shown
in Figures 1(c) and 1(d). Poor wall apposition inside tor-
tuous vessels may result in undesired clinical accidents and
even failure to retrieve plaque. So far, the numerical sim-
ulation process of embolus retrieval in tortuous vessel walls
has not been reported. In interventional thrombectomy, the
Nitinol MERD functions as a disposable surgical instrument
rather than a permanent implant. Prediction of structural
failure depends on the peak strain value. Finally, the unique
design of the distal and proximal structure constructed is
demonstrated. +e paper develops a scientific numerical
analysis workflow of the MERD for the expansion capability
and wall apposition. +e analysis method provides a struc-
tural optimization scheme for MERD design. In clinical use,
an operational guideline for embolus retrieval and migration
of the MERD is demonstrated, which will help optimize
a specific procedure. In conclusion, the study of the MERD
for the wall apposition inside a tortuous blood vessel is
provided to improve the device’s mechanical capability as
well as to aid in surgical training.

In this paper, a typical tubular enclosedmesh-likeMERD
model is built to study the influence of shape setting and
migration. ABAQUS 6.10/Standard (DS SIMULIA, RI, USA)
commercial FE code and its user material subroutine (UMAT/
Nitinol) are employed to simulate the procedure and the
MERD/artery contact interaction mechanism.

Delivery

(a) (b)

(c)(d)

Migration

Figure 1: +e numerical workflow of the MERD. (a) Crimp. (b) Deploy. (c) Extract. (d) Capture.
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Our study presents the following critical measurement of
performance: (1) large strain distribution and the highest
peak value of maximum principal strain (MPS) in the mi-
crostructure and (2) wall apposition performance along the
tortuous artery in the macrostructure.

+e analysis results are used to assess the safety and
efficiency of the MERD. +e wall apposition performance
evaluation methodology is a scientific numerical method to
analyze preexisting structural flaws and offer approaches for
design optimization.

1.1.Methods. A 3D finite element model has been generated
to study the effects of MERD expansion and migration. +e
numerical simulation processes are achieved with the con-
tact interactions of a MERD/shape-setting cylinder, MERD/
expanding cylinder, and MERD/artery at a body temperature
of 37°C [10]. +e geometry and mesh model of the embolus
removing device are shown in Figure 2.

In the numerical analysis, the MERD is assumed to be
a homogeneous isotropic incompressible deformed body in
the absence of residual stress. +e shape-setting cylinder and
expanding cylinder are designed to be a semirigid movable
cylinder shell. +e tortuous cerebral vessel is modeled as
a “C”-shaped discrete rigid shell. +e Nitinol material con-
stitutive model is characterized by the ABAQUS 6.10 software
(UMAT/Nitinol) user subroutine. Figure 3 provides the
stress-strain and stress-temperature curves for the template of
Nitinol alloy based on ABAQUS software, while Table 1 lists
the specified parameters of Nitinol material from the previous
research [10]. +ese parameters demonstrate the distinct
mechanical behavior of Nitinol during loading and unloading
conditions with specific temperature.

+is mesh-like tubular MERD comprises five “column”
cells in the axial direction. Each “column” cell consists of
four “V”-like wave rings, and each “column” cell is con-
nected with connected bridges circumferentially. +e strut
thickness, width, original outer diameter, nominal final
outer diameter, artery centerline radius, and artery cross-
profile diameter are 0.07, 0.07, 2.00, 4.00, 5.00, and 3.00mm,
respectively. +e element types C3D8I (three-dimensional
eight-node Stress Hex incompatible element), SFM3D4
(three-dimensional four-node quadrilateral surface ele-
ment), and R3D4 (three-dimensional linear four-node bi-
linear rigid quadrilateral element) are utilized for theMERD,
tortuous vessel, and expanding/shape-setting cylinder,
separately. To minimize the influences of mesh density, two
layer elements for the wall thickness [16] and 16 elements
along the fillet edge are used.+e element and node numbers
of the MERD FE model are 40,000 and 20,000, respectively.
In addition, to form an enclosed thrombus-capturing “cage,”
“funnel”-shaped tails are meshed and connected to the
MERD’s FE principal body after expansion and annealing.
At the end of shape setting, a Nitinol tortuous guiding wire is
tied to the “funnel”-shaped head for the pulling/pushing
simulation. A flare-shaped tube is connected to the “C”-shaped
cerebral vessel. +e novel structural design offers smooth
and stable surface interaction to avoid computational contact
divergence. +e boundary conditions for shape setting and
migration are described in Figure 4.

In the shape-setting step, a radial outward displacement is
imposed on the expanding cylinder to achieve the expanded
shape size. Besides, it is also constrained axially and cir-
cumferentially, that is, preventing the transitional and rota-
tional movements. Meanwhile, the shape-setting cylinder is
restrained in all DOF to avoid offset. A single node of MERD
instance is fixed axially to restrict movement. In themigration
step, the reference point of a rigid artery is restrained in all
DOFs under a global rectangular coordinate system. Negative
axial displacement, imposed on the guiding-wire side, is used
to pull the MERD along the desired tortuous artery.

+emaster/slave contact pair algorithm is utilized to build
the contact interface between the expanding/shape-setting
cylinder and the MERD. Meanwhile, the arterial inner sur-
face is taken as the master surface, and the MERD outer
surface is set as the slave surface. +e penalty contact method
is employed. It is notable that self-contact interaction should
also be considered to avoid struts overlapping during the
migration step. In addition, a damping factor could be
employed discreetly to stabilize the contact-induced vibration
behavior, improve convergence, and reduce computational
expense in contacting interaction domains.

2. Results

2.1. Validation. To validate the finite element model and
computational algorithm, a diamond-shaped pattern is
generated for the numerical simulation and experimental
test. +e comparison between test and FEA radial forces is
used to predict the accuracy and reliability. In the experi-
mental test, the measurement system applies displacement
on several metal slices to compress the multilattice pattern.
+e electrical force sensor (RX500, Machine Solutions Inc.),
shown in Figure 5, obtains and reflects the real-time support
force value. For the radial force (RF) curve plots, the outer
diameter of the MERD is designed as the horizontal x-axis,
while the vertical axis prescribes the balanced force value.
In the progress of numerical simulation, the crimping slice
is replaced by a rigid removable cylinder to compress the original
pattern. +e curves for the test and numerical process are
shown in Figure 6.

+e result indicates that the test and simulation curve
match well; that is, all of the numerical outcomes are relatively
accurate and could therefore provide a reliable performance
analysis and structure optimization report.

2.2. Shape Setting. +e original laser-cut tubular multilattice
structural MERD is expanded by imposing an outward radial
displacement on a cylinder surface. Once the final shape is
accomplished, the mechanical behavior of cross-profile ex-
pansion and axial length shrinkage is presented in Figure 7.

During shape setting, the obtained radial outer diameter
ranges from 2.00 to 4.00mm, and the axial length ranges from
42.9 to 40.0mm. In contrast to traditional metallic material,
the Nitinol material fracture and fatigue failure are strain
induced [10]. Structural damage can occur from outright
fracture during the expansion step. Figure 7 presents the
strain field contour plots of the expanded MERD. It indicates
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that high-magnitude strains are always located in the strut’s
inner fillet tensile side and its vicinity.+e strain distributions
across the MERD middle segments are negligible. +e peak
strain located in the “flow-prone” region achieves a value of
6.1%, which is much lower than the critical strain threshold

for Nitinol of 12% [10]. +erefore, no issues of cracks or
fractures in the structure are likely in the shape-setting step.

2.3. Migrating. MERD struts may seriously contract or
collapse due to contact-dominant bending in the tortuous
blood vessel.+e wall apposition performance is a significant
criterion to evaluate the device effectiveness during mi-
gration and embolus capture. Figure 8 illustrates a signifi-
cant cross-profile contraction of the middle segment struts
while they are being pulled along a curved path.

+e formula for the cross-profile reduction ratio is
calculated and proposed as below:

R1 �
D−L1( 

D
, (1)

Loading

Unloading

σ

σσS
L

σS
L

σS
cL

σS
U

σS
U

σE
U

σE
U

σE
L

σE
L

EA

EM

εL

ε

δσ

δσ

δT

δT

U

L

T0

Figure 3: Nitinol material properties (from ABAQUS Nitinol UMAT) [10].

Table 1: Material parameters of Nitinol.

Parameters Values
Austenite elasticity, EA (MPa) 51700
Austenite Poisson’s ratio, ]A 0.3
Martensite elasticity, EM (MPa) 47800
Martensite Poisson’s ratio, ]M 0.3
Transformation strain, εL 0.063
Start of transformation loading, σSL (MPa) 600
End of transformation loading, σEL (MPa) 670

L = 43.0 mm

2.1 mm
11.0 mm

d
=

3.
0 

m
m

Struts cross section

0.06 mm

0.07 mm

“Column” cells
Wave strut mesh

Fillet region mesh

Connecting bridge mesh

Figure 2: Geometry parameters and mesh model of the MERD.
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where D is the artery cross-profile diameter, L1 is the radial
contraction lengths, and R1 is the cross-profile reduction
ratios. As a result, D obtains a value of 3.0mm, L1 0.8mm,
and R1 73.3%. +e strain field distribution contour plots of
the deformed MERD are displayed in Figure 9.

Figure 9 indicates that high-magnitude MPS is always
located in the shoulder of the constrained strut’s apex. In the
migration step, a structure-induced resultant force is as-
sumed to be applied to stretch and straighten the apex struts.
+e peak strain located on the ‘funnel’-shaped head reaches
a value of 7.0%. Compared to a Nitinol ultimate tensile
strength (UTS) critical threshold of 12% [10], there is no risk
of crack or fracture failure during the migration step. All
other areas appear to have relatively low strain. +ey are also
confirmed to stay in the safe domain of Nitinol alloy. It has
been speculated that the former highest peak MPS appears
on the basis of unsmooth geometry [17] and a tiny con-
necting section in the microstructure.

3. Discussion

+is paper explores the biomechanical concept of the wall
apposition performance for tubular MERD migration
simulation. +is behavior is regarded as reflecting the safety
of pulling migration as well as the effects of embolus re-
moval. Structure designers can simulate and analyze the
virtual prototypes. Various topology and dimension opti-
mization methods could also be used to provide closer
contact with the tortuous vessel. As a vital mechanical index,
the numerical wall apposition performance could offer
surgeons a guideline for a reasonable MERD choice.

Figure 5:+e electrical force sensor (RX500,Machine Solutions Inc.).
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+e contraction or collapse behavior is predicted to be
induced by the bend resistance deficiency of the tubular axial
structure. +e key factors of the desired mechanical per-
formance include the strut width, strut thickness, wave axial
length, unit cell number, and connecting-bridge topology.
+e wall apposition numerical analysis of the MERD has
been displayed in the absence of an arterial constitutive
model and anatomical geometry. +e simulation process of
thrombus capture is also not presented. +e simulation
results can be applied to provide a reference for the design of
stent retriever mechanical thrombectomy devices which
achieve higher recanalization rates than nonstent retriever
devices in acute ischemic stroke with improved clinical and
radiographic outcomes and safety [11].

Based on the analysis above, a number of recommen-
dations are suggested for engineers for optimization ofMERD
structure. For example, a shorter independent support unit
cell could undergo and resist higher contact-induced axial
bending loading. +erefore, an approach of axial length
shortening can be utilized to improve the structure perfor-
mance and minimize cross-sectional collapse effects. +e
geometry of the former highest peak MPS region should be
optimized. To reduce the strut’s apex strain, the strut’s ex-
ternal side (the so-called “shoulder” region) and internal side
(close to the fillet curve region) should be smooth and
continuous. +e radius of curvature of the fillet region should
also be adjusted. Above analyses will provide valuable in-
formation about theMERD design and struts dimensions that
can be optimized in order to maximize the effectiveness of the
MERD during the shape-setting and migrating process.

In future work, a particular cerebral vessel wall will be
three-dimensionally reconstructed andmodeled on the basis
of patients’ MRI images. +e cerebral vessel wall and emboli
will be modeled as homogeneous isotropic hyperelastic
materials. Two types of MERDs will be generated and
simulated for the migration and embolus removal in the
reconstructed cerebral vessel. During interventional me-
chanical thrombectomy, the management of the delivered
system deployment and embolus capture is considered
crucial and difficult to optimize. +e method provided in the
paper is suggested as an operational guideline for modeling
accurate MERD insertion during clinical use. Based on the
demonstrated axial shrinkage during MERD self-expansion,
physicians can deliver more confidently the embolus device
system to the correct position in a diseased cerebral vessel. In
this way, the MERD will self-expand and capture plaque
emboli more reliably. It will be better if some experiments
are adopted to verify the results in the future.

4. Conclusion

Our study suggests that the independent support unit cell
should be reduced to resist higher contact-induced axial
bending loading. An approach of axial length shortening can
be utilized to improve the structure performance and min-
imize cross-sectional collapse effects. +e geometry of the
former highest peak MPS region should be optimized. In
addition, these findings favor the use of verifying the

performance of the delivery system insertion and the effec-
tiveness of embolus retrieval [13].
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MicroRNA (miRNA) binding is primarily based on sequence, but structure-specific binding is also possible. Various prediction
algorithms have been developed for predicting miRNA target genes; the results, however, have relatively high levels of false
positives, and the degree of overlap between predicted targets from different methods is poor or null.We devised a newmethod for
identifying significant miRNA target genes from an extensive list of predicted miRNA target gene relationships using hyper-
geometric distributions. We evaluated our method in statistical and semantic aspects using a common miRNA cluster from six
solid tumors. Our method provides statistically and semantically significant miRNA target genes. Complementing target
prediction algorithms with our proposed method may have a significant synergistic effect in finding and evaluating functional
annotation and enrichment analysis for miRNA.

1. Introduction

MicroRNAs (miRNAs) are a class of small RNAs that
regulate gene expression at the transcript level, protein level,
or both [1–4]. miRNAs modulate gene activity and are
aberrantly expressed in most types of cancers [5]. Due to
their small size and stability, miRNAs can also be measured
in biologic fluids such as plasma and serum and can serve as
circulating biomarkers [6–9]. In spite of the continuous
attempts to identify miRNAs and to elucidate their basic
mechanisms of action, little is understood about their bi-
ological functions.

Because of the regulatory role of miRNAs and lack of
direct functional annotation to miRNAs, functional en-
richment methods for miRNAs rely on their target gene’s
functional annotations [10–12]. For instance, if the target
genes of a specific miRNA are significantly enriched with
a set of Gene Ontology (GO) terms, it is reasonable to infer

that themiRNA is also involved in the sameGO annotations.
Several studies on miRNAs have used “predicted target-
genes’ functional annotation-based” miRNA function pre-
diction strategy [13, 14]; these methods, however, are limited
in that they do not consider the many-to-many-to-many
tripartite network topology among miRNAs, target genes,
and GO annotation [15–17]. In our previous work, we
proposed three types of measures (miRNA-centric, target
gene-centric, and target link-centric) and a novel index for
calculating the functional enrichment of miRNA. Among
the three measures, the miRNA-centric measurements
showed the best performance [18]. We also found that the
miRNA’s intrinsic properties of multiplicity and cooper-
ability may be correctly modeled by combined hyper-
geometric distributions.

Most of the miRNA-to-mRNA target links are estimated
by prediction algorithms. However, these algorithms gen-
erate a relatively high level of false positives [19], and the
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degree of overlap between predicted targets from different
methods is often poor or null [13, 20]. Studies in this field
have developed multiple databases with enormous amount
of miRNA-to-target mRNA relationships computed using
diverse algorithms [21], whereas only a few experimentally
validated targets are available [22, 23]. In light of this cir-
cumstance, there is an unmet need for a method for
identifying a significant miRNA target from a copious
amount of predicted miRNA-target mRNA pairs.

According to miRNA characteristics (multiplicity and
cooperatively activities), we employed the hypergeometric
distribution to identify significant miRNA target genes from
the extensive list of miRNA target genes. We also evaluated
the performance of our method in two aspects: statistical
significance and functional enrichment.

2. Methods

2.1. Computational Methods. To find significant target
mRNAs from the input miRNA cluster, we first searched for
target mRNAs from all miRNA members within the input
cluster from the miRNA target database. For each targeted
mRNAs, we then calculated the numbers of miRNAs that
have target relationships (pi) with the mRNA and those that
do not (pj) using the two-by-two contingency table. We also
calculated the numbers of miRNAs not in the input miRNA
cluster by dividing those that have a target relationship (pk)
with the mRNA and those that do not (pl), as shown in
Table 1. Functional enrichment was tested from this con-
tingency table using a hypergeometric distribution. ,e
hypergeometric distribution applies to sampling without
replacement from a finite population whose elements can be
classified into two mutually exclusive categories: has/does
not have a target relationship.

We then calculated the adjusted p values using the
Bonferroni correction. Finally, for evaluating our methods,
10,000 simulated mRNA sets of the same size were also
randomly sampled from the target mRNAs of the input
miRNA cluster.

Using hypergeometric distribution, we assumed that the
coordinated function among miRNAs within a cluster is
valid when these miRNAs are regulated or annotated by
common factors such as same target mRNA, Gene Ontology,
or pathway.

2.2. Data Set: miRNA Clusters. We obtained an miRNA set
created by Volinia et al. [24] that has differentially
expressed sets of up- or downregulated miRNAs in six solid
tumor samples. Among the miRNA clusters, we selected an
miRNA cluster composed of 57 miRNAs by prediction
analysis of microarray (PAM) in six solid tumor samples
versus normal tissues. ,e complete list of 57 miRNAs is in
Additional File 1.

2.3. Creating Variations of the miRNA-mRNA Target Pair.
To build the miRNA-mRNA target pair, we chose three
representative miRNA databases: TarBase (Data release 6.0,

February 28th, 2014) [23], MirTarBase (Data release 4.5,
February 28th, 2014) [22], and mirDIP (Data release 1.0,
February 12th, 2014) [14]. ,e TarBase and MirTarBase
databases provide experimentally validated miRNA-target
interaction data and evidence level (strong and less strong)
of each interaction. ,e mirDIP database provides in silico-
predicted miRNA-target interaction data from six estab-
lished target prediction algorithms and 12 miRNA pre-
diction databases. GO annotation of miRNA-target-mRNA
was obtained from the Entrez Gene database. We excluded
GO associations with ND (no biological data) and NR (not
recorded) evidence code. Detailed processes are provided in
Figure 1.

2.4. Statistical and Semantic Evaluation Measurement. To
evaluate our methods, we compared the performance in
terms of statistical significances between a significant 317
mRNA cluster and randomly simulated 10,000 clusters.
Each randomly generated cluster had the same size as
the significant mRNA set. GO functional enrichment
analysis was performed for all mRNA sets using GO an-
notations retrieved from the NCBI Entrez Gene database.
We filtered out 339 GO terms that were greater than 0.05.
,e resulting lists of 377 GO terms are shown in Additional
File 2. To reduce the number of GO terms, enriched GO
terms and p values were submitted to REduce and Visualize
GO (REViGO).

We computed the average log p values of ranked GO
term sets from functional enrichment analysis of the sig-
nificant mRNA set and the randomly simulated 10,000
mRNA sets. ,ese average log p values were then used for
comparing the performance. Functional enrichment was
performed using GO annotations of mRNA from NCBI
Entrez gene [25]. Average log p values of ranked GO terms
were based on the general assumption that highly significant
GO terms are more desirable because it means the members
of the cluster are highly correlated to each other. For se-
mantic evaluation of the significant mRNA set, we used
REViGO, which is a web-based system that summarizes a list
of GO terms by finding a representative subset of the
terms using the semantic similarity-based clustering algo-
rithm [26].

3. Results

3.1. Statistical Significances. For evaluating our methods, we
compare performance in terms of statistical significances
between a significant 317 mRNA cluster and randomly

Table 1: 2× 2 contingency table of miRNA frequency calculated for
each target mRNA.

Target mRNA
Input miRNA cluster

In cluster Not in cluster
Has a target relationship pi pk
Does not have a target relationship pj pl
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simulated 10,000 clusters. Each randomly generated cluster
has the same size with the significant mRNA cluster. All
mRNA cluster performed GO functional enrichment anal-
ysis using GO annotation from the NCBI Entrez gene.
Figure 2 shows the distributions of average log p values for
the rank of GO terms which belong to the biological process
category. ,e significant mRNA set is shown as the red
dotted graph. Randomly simulated 10,000 clusters are
shown as box plots. ,e significant mRNA set showed
a higher average log p value than random clusters did, which
indicated that the members of the cluster highly correlated
and meaningfully composed.

3.2. Gene Ontology Analysis of Significant miRNA Target
Genes. Using the UniProt database as background and the
default semantic measure (SimRel), our analysis clearly
showed that biological processes associated with cancer
metabolism, regulation of cell death and apoptotic process,
and negative regulation of autophagy were significantly
overrepresented.

Figure 3 shows the REViGO scatter plot represented in
a two-dimensional space derived by applying multidi-
mensional scaling to a matrix of GO terms semantic
similarities. ,e resulting lists of 339 GO terms along
with their p values were further summarized by the
REViGO reduction analysis tool that condenses the GO
description by removing redundant terms. ,e remaining

terms after the redundancy reduction were plotted in
a two-dimensional space. Bubble color indicates the p

value (legend in the upper right-hand corner): the two
ends of the colors are red and blue, which represent
lower and higher p values, respectively. Size indicates the

Input an miRNA cluster
(57 up- or downregulated miRNAs in

six solid tumors from Volinia et al. [8])

Find miRNA target mRNAs
(3,758 mRNAs)

For each mRNA, build a contingency table

Localize public miRNA target data
(TarBase, MirTarBase, and mirDIP)

Integrate miRNA target data
(973 miRNAs, 29,559 mRNAs, and

5,663,591 miRNA—target mRNA pairs)

Functional enrichment using a hypergeometric
distribution

Adjust the p value using the Bonferroni correction

Filter out significant mRNAs with the p value <0.05
(317 mRNAs)

Figure 1: Flowchart of the computational method for identifying significant miRNA target genes.

16

14

12

10

8

6

4

1 4 7 10 14 18 22 26
Rank of GO term

Av
er

ag
e l

og
 p

 v
al

ue

30 34 38 42 46 50

Figure 2: Evaluation of statistical significance across thresholds.
,e significant mRNA set and randomly simulated 10,000 clusters
are shown as red dotted graphs and box plots, respectively.
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relative frequency of the GO term in the underlying ref-
erence UniProt databases (more general terms are rep-
resented by larger size bubbles).

4. Discussion

Functional enrichment studies for miRNA expression
are performed in three steps: (1) selecting differentially
expressed miRNAs, (2) finding their target mRNA, and
(3) carrying out analysis of mRNA set overrepresenta-
tion [27]. Functional enrichment studies for miRNAs are
mostly based on the annotation of target mRNA; however,
due to improvements in the miRNA target prediction
algorithms, a large number of target mRNAs are predicted.
Considering this, filtering out significant mRNAs using
a stable statistical method is of great importance. In
this study, we proposed a method for identifying the
significant miRNA target mRNA from the miRNA cluster.
,e proposed method was verified by functional enrich-
ment analysis of differentially expressed or coexpressed
miRNA clusters.

Inaccurate functional enrichment methods are a hin-
drance in increasing clinical utility for miRNAs, such as
miRNA-based biomarkers or predictors [28, 29]. Several
tools have been recently established for direct prediction of
miRNA functions [10, 30]; however, these methods do not
consider the regulatory or indirect functions of miRNAs,
such as regulation or inhibition of target genes [31]. ,e

intrinsic properties of multiplicity and cooperative activities
of miRNAs should be considered while annotating the
miRNA function. miRGator v3.0 is a tool created consid-
ering these characteristics and allows the user to manually
select miRNAs and target mRNAs [32]. However, such tools
are only useful when the number of miRNA and mRNA
pairs is small.

,e limitation of the proposed method is that the
hypergeometric distribution has a significant effect when
members belonging to an miRNA cluster are regulated by
common factors such as the target mRNA, GO, and path-
way. ,e proposed method constructs a target mRNA set
with statistical significance by receiving miRNA clusters
with similar expression characteristics. ,e assumption of
hypergeometric is well suited to this problem because the
cluster-received input already has similar characteristics.

,e miRNA target prediction algorithms were modified
to generate more accurate results based on the expanding
understanding of the molecular mechanism of miRNA
regulation. Nevertheless, identifying significant target
mRNAs from the numerous, uncurated miRNA target links
remain as a problem. Our method is based on computa-
tionally identifying statistically significant mRNAs using
predicted or experimentally validated target relationships.
Complementing target prediction algorithms with our
proposed method may have significant synergistic effects in
finding and evaluating functional annotation and enrich-
ment analysis for miRNA.
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Automated cell nuclei segmentation is the most crucial step toward the implementation of a computer-aided diagnosis system for
cancer cells. Studies on the automated analysis of cytology pleural effusion images are few because of the lack of reliable cell nuclei
segmentation methods. )erefore, this paper presents a comparative study of twelve nuclei segmentation methods for cytology
pleural effusion images. Each method involves three main steps: preprocessing, segmentation, and postprocessing. )e pre-
processing and segmentation stages help enhancing the image quality and extracting the nuclei regions from the rest of the image,
respectively. )e postprocessing stage helps in refining the segmented nuclei and removing false findings. )e segmentation
methods are quantitatively evaluated for 35 cytology images of pleural effusion by computing five performance metrics. )e
evaluation results show that the segmentation performances of the Otsu, k-means, mean shift, Chan–Vese, and graph cut methods
are 94, 94, 95, 94, and 93%, respectively, with high abnormal nuclei detection rates.)e average computational times per image are
1.08, 36.62, 50.18, 330, and 44.03 seconds, respectively. )e findings of this study will be useful for current and potential future
studies on cytology images of pleural effusion.

1. Introduction

Globally, cancer is one of the deadliest diseases with high
morbidity and mortality. In 2015, approximately 14 million
new cases were diagnosed, and over 8 million deaths were
estimated worldwide [1]. Ferlay et al. [2] estimated that the
death toll due to cancer is set to rise dramatically by ap-
proximately 70% in the coming decades. Fortunately, the
mortality and morbidity associated with cancer can be re-
duced, with a high potential for cure if cancer is diagnosed
and treated at an early stage.

When cancer grows or flows in the pleura cavity between
the lungs and the chest wall, it causes a malignant pleural
effusion, which is the excessive collection of pleural fluid, as
shown in Figure 1 [3].

Fifty percent of cancer patients have a high possibility of
developing malignant pleural effusion. Both primary and
metastasis cancers can be diagnosed from pleural effusion

[4]. )e most frequently occurring primary cancer in pleural
effusion is mesothelioma. )e most common types of me-
tastasis cancers are the cancers of the breasts, lungs, ovaries,
and blood, including other unknown primary sites.

Pleural effusion can be detected using several imaging
approaches such as X-ray, ultrasound, computed tomog-
raphy (CT), and magnetic resonance imaging (MRI), in-
cluding other tests such as urine and blood tests. For the
assessment of malignancy, a cytological examination is
performed by pathologists because it is simple, cheap, less
invasive, and highly effective.

)e cytological exam is a manual procedure wherein
cytologists or experts visually investigate every single cell on
the cytology glass slides using a microscopic camera, identify
any abnormality in a cell, and finally make a decision.
However, the procedure is time-consuming and requires
good skill; moreover, it is tedious and prone to inter- and
intraobserver variations. In addition, the diagnosis accuracy
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strongly depends on the attention and expertise of cytolo-
gists. )ese factors have inspired us to implement a com-
puter-aided diagnosis (CAD) system. )e CAD system can
help relieve the workload on cytologists, accelerate the di-
agnosis procedure, eliminate the inter- and intraobserver
variations in the diagnosis, and describe the quantitative
results, thus complementing and enhancing the opinions of
the cytologists. To implement a CAD system for cancer cells,
cell nuclei segmentation is a prerequisite because cancer cells
are largely observed on the basis of the morphological
changes in the cell nuclei. )erefore, it is crucial to select an
accurate and effective cell nuclei segmentation method that
can help precisely delineate the nuclei contours.

2. Literature Review

Several promising nuclei segmentation approaches have
been proposed for different types of microscopic images, for
example, cervical and breast cells. Cell nuclei segmentation
methods for breast cell images [5–10] and cervical cell
images [11–15] have been reported. Moreover, methods
have been proposed to segment cell nuclei on prostate cancer
cell images [16, 17] and microscopic blood cell images
[18, 19]. Significant efforts have been made to segment the
cell nuclei from other types of images such as bone marrow
images, lung sputum cells images, brain cell images, liver and
thyroid images, bladder and skin tissue images, and brain
glioma images in various studies [20–24], respectively.

Although many robust and effective methods for nuclei
segmentation have been reported [5–24], they are designed
to address specific types of cell images such as those of the
breast, cervical, blood, and prostate. In different types of cell
images, the structure of the cells and their corresponding
gray-level distributions vary significantly. )erefore, the
aforementioned methods cannot be directly employed to
segment all types of images on the basis of the diversity of the
images.

Only a few studies have detected malignant cells from
cytology pleural effusion images. Zhang et al. [25] reported
a method to detect malignant cells from pleural effusion
images using integrated fuzzy edge detection and Otsu’s
method. Chen et al. [26] presented a method on the basis of
the wavelet and morphology transform to detect malignant
cells from pleural effusion images.

However, a preprocessing stage for removing noise and
enhancing contrast is not considered in these methods, thus
reducing the accuracy of the detection system. In addition,
the methods are not focused on the segmentation process
and there is a lack of quantitative evaluation of the proposed
methods. To address the shortcomings, we recently reported
two cell nuclei segmentation methods [27, 28]. However,
nuclei segmentation in cytology pleural effusion images is
still a challenging task because of the high cell population,
their varieties, overlapping cells, and poor cell contrast.
)ere is scope to further improve the cell segmentation
method for cytology pleural effusion images. )us, more
observations are required to implement and determine the
most feasible segmentation method.

In the cytology and histology image analysis, nuclei
segmentation often revolves around thresholding tech-
niques, clustering techniques, and active contour techniques.
)resholding techniques are quite simple ones in nuclei
segmentation. Every pixel in the image is determined into
nuclei or background depending on the image intensity. In
spite of providing the effective segmentation performance for
the images with uniform background, they are sensitive to
noises, uneven background, and intensity heterogeneity in-
side the images [17, 25, 29, 30, 31]. Clustering techniques are
unsupervisedmethods that attempt to group the pixels having
similar features into different objects without prelabeling the
samples [10, 14, 19, 20]. Active contour techniques are based
on moving the deformable splines inside the images to find
nuclei contours using the gradient information [6, 16, 32, 33].
Graph cut methods recently have a great interest in nuclei
segmentation and yield the good segmentation performance
[9, 11]. Other popular techniques are variants of watershed
method and concavity analysis method which are frequently
used for isolating the overlapping nuclei that is critical issue of
cytology and histology image segmentation. )e above stated
techniques are widely utilized in either individual or in-
tegrating together in many microscopy image analyses, es-
pecially in cervical cytology and breast histology image
segmentation. According to their simplicity, reproducibility
and affordable cost of processing methods are (still) con-
sidered in our new designs of cytology pleural effusion
analysis. We emphasize on simple and classical image seg-
mentation methods, that is, thresholding, clustering, active
contour, and graph cut methods, to extract the nuclei region
from the background in cytological pleural effusion images.

In this paper, we experimentally employed twelve cell
nuclei segmentation methods individually from four tech-
niques: (i) thresholding techniques, (ii) clustering tech-
niques, (iii) graph cut techniques, and (iv) active contours.
Each method involves three main stages: preprocessing,
segmentation, and postprocessing. In the preprocessing stage,
contrast-limited adaptive histogram equalization (CLAHE)
and median filtering are used to enhance the image quality
and remove the small noises. In the segmentation stage, we
proposed twelve segmentation methods, including (1) Otsu’s
method, (2) Isodata thresholding method, (3) maximum
entropy thresholding method, (4) cross entropy thresholding,
(5) minimum error thresholding, (6) fuzzy entropy thresh-
olding method, (7) adaptive thresholding method, (8) k-means

Pleural effusion 

Figure 1: Excessive amount of pleural effusion.
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clustering, (9) fuzzy c-means clustering, (10) mean shift
clustering, (11) Chan–Vese level set, and (12) graph cut
methods. Finally, the boundaries of the segmented cell nuclei
are refined, and false findings are eliminated using morpho-
logical methods. )e methods are quantitatively evaluated in
terms of five performancemetrics, and their accuracies are later
compared. Finally, a discussion along with the advantages and
disadvantages of the methods is presented.

)e examinedmethods aim to extract the nuclei regions
from the surrounding objects and background in the im-
ages. )ese methods attempt to segment out all possible
nuclei regions regardless of single laying or overlapping.
)ey are not capable of separating the overlapping cells. It
should also be noted that the performance metrics mea-
sured here are aimed to compute the correctness of the
segmented pixels by matching with the pixels in the hand-
drawn ground truth image. When computing the nuclei
detection rate, each connected region from the segmen-
tation results is considered as one nucleus regardless of the
number of nucleus inside the region. )e overlapping issue
is not taken into account in the evaluation processes of
segmentation accuracy and nuclei detection rate. Never-
theless, the undersegmentation errors of the overlapping
cells can affect the final decision of CAD system. )us, the
isolation of overlapping nuclei and extraction of in-
terregional walls will be remained as future study. On the
bright side, the examined methods have potential to in-
tegrate with overlapped splitting methods to split the
overlapped nuclei.

)e rest of this paper is structured as follows. Section 3
presents the datasets and segmentation methods. Section 4
presents a benchmark of the experimental results, including
parameters tuning and discussion. Finally, the conclusions
of this study are presented in Section 5.

3. Materials and Methods

3.1. Dataset Description and Ground Truth Segmentation.
We are not aware of any publicly available dataset for
cytology pleural effusion images. )us, we prepared a local
dataset with the help of a hospital. )e studied dataset is
based on cytology glass slides of pleural effusion specimens
obtained with the cooperation of experts from the De-
partment of Pathology, Faculty of Medicine, Srinakhar-
inwirot University, )ailand. )e samples were taken from
the pleural space using thoracentesis procedure, spread on
the glass slides, and stained using classical Papanicolaou
(Pap) staining method. )e images were captured using an
Olympic microscope mounted on the digital camera. )e
dataset comprises 35 images of cytology pleural effusion
containing healthy cells, benign cells, and cancerous cells.
)e resolutions of the images were 4050 × 2050 pixels,
stored in 8-bit RGB space. Figure 2 shows the sample and
component of the cytology pleural effusion image. To set
the gold standard, the ground truth images were prepared
with the help of experts from the hospital. First, computer
vision researchers manually delineated the cell nuclei. )e
experts then verified and annotated the cell nuclei and
pathology cells.

3.2. Cell Nuclei Segmentation Framework. )ree main stages
are considered to automatically segment the cell nuclei.
Figure 3 shows the segmentation framework. In the next
section, we introduce the details of each stage.

3.3. Preprocessing Stage. )e preprocessing stage is an es-
sential step in improving the quality of the image. First, to
reduce the computational load, the original input image is
resized to resolutions of 1052×1052 pixels. )e resized
image is then converted into different color spaces using the
segmentation methods. )e cytology images might contain
debris, noises, or stained artefacts because of the uneven
illumination or dirt on the camera surface resulting from the
image acquisition process. Moreover, many images are poor
in terms of contrast. )erefore, it is required to suppress the
noises and artefacts and enhance the cell contrast. First, to
denoise the image, we employed five filtering methods,
namely, Gaussian filter, Laplacian filter, Wiener filter, me-
dian filter, and mean filter. )e peak signal-to-noise ratio
(PSNR) for each method is computed. )e PSNR is used to
assess the quality of the filtered image. )e higher the PSNR,
the better is the image quality. Figure 4(a) compares the
results of the PSNR. We selected the median filter because it
exhibits the highest PSNR. )e median filter is nonlinear
method to suppress the noises by windowing the noisy
image. Default window size 3× 3 is used to remove the small
noises. To enhance the cell contrast, three enhancement
methods, namely, histogram equalization, intensity adjust-
ment, and CLAHE, are applied. )e contrast improvement
index (CII) is computed for each method. )e CII is utilized
for assessing the performance of the image enhancement
techniques in terms of the luminance, contrast, and struc-
ture. )e higher the CII value, the better is the contrast.
Figure 4(b) compares the results of the CII. )e CLAHE is
selected because it results in the highest CII. CLAHE with 8-
bit histogram bins is utilized to enhance the contrast of the
cell. Figure 5 shows the resulting image after the CLAHE and
median filter are applied.

3.4. Segmentation Stage. )e segmentation step is an im-
portant step toward automatic image analysis. )is step aims
to discriminate between the foreground (the desired object)
and the background of the image.)e objective of this stage is
to extract the cell nuclei from the entire image. In this section,
we briefly summarize the twelve segmentation methods. We
categorized them into four groups: thresholding, clustering,
active contour, and graph-based techniques.

Blood cell

Nucleus

Cytoplasm

Figure 2: Pap smear images of pleural effusion and its components.
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3.4.1.  resholding Techniques. )e thresholding technique
is the simplest segmentation method in terms of the gray-
level image histogram. It aims to discriminate the fore-
ground and the background by selecting an adequate
threshold value.)e threshold value can be global or local. A
single optimal threshold is utilized for the whole image in the
global thresholding, whereas the threshold for each pixel is
computed depending on its local properties in the local

approach. Many of thresholding methods take the nor-
malized histogram of the image as the input parameter.

(1) Otsu’s  resholding Method. Otsu’s method, which is
invented by Nobuyuki Otsu, is one of the global thresholding
methods. )e aim of Otsu’s method is to determine the
optimal threshold that minimizes the intraclass variance
[34]. )e algorithm steps are given in Algorithm 1.

Preprocessing

Segmentation 

Postprocessing 

Evaluation 

Resize the images(i)
Remove the noises(ii)
Enhance the contrast
of the cell

(iii)

Filter the noises(iv)

Eliminate the
false findings
Refine nuclei
boundaries

(i)

(ii)

Precision, recall
F-measure 
Dice coefficient 
Jaccard index

(i)
(ii)

(iii)
(iv)

Extract the cell
nuclei from an
entire image

(i)

Figure 3: Generalized framework of cell nuclei segmentation for cytology pleural effusion images.

39.482
33.194

2.838

50.687
45.836

Gaussian filter
Laplacian filter
Wiener filter

Mean filter
Median filter

(a)

Intenstiy adjustment
Histogram equalization
CLAHE

1.299

1.276

1.328

(b)

Figure 4: Image quality assessment metrics: (a) comparison of filtering methods in terms of peak signal-to-noise ratio (PSNR) and (b)
comparison of different contrast enhancement methods in terms of the contrast improvement index (CII).

(a) (b)

Figure 5: Preprocessing stage: (a) grayscale image and (b) preprocessed image after median filter and CLAHE (note that the image was
cropped for better visibility).
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(2) Isodata  resholding Method. )e Isodata thresholding
method is one of the global image thresholding methods
wherein the following iterative procedure is employed [35].
It requires the initial threshold value as the input. )e mean
intensity of the image histogram is set as the initial value.)e
processing steps of Isodata thresholding are given in Al-
gorithm 2.

(3) Maximum Entropy  resholding. )e maximum entropy
thresholding method is one of the global thresholding
methods. Similar to Otsu’s method, an optimal threshold is
selected in the maximum entropy thresholding method by
maximizing the information measured between the object
and the background [36]. It takes the normalized histogram
of the image as the input parameter.)e processing steps are
summarized in Algorithm 3.

(4) Cross Entropy  resholding. )e cross entropy thresh-
olding is one of the entropy methods. Numerous algorithms
have been developed for the cross entropy thresholding.
Here, we focus on the one proposed by Li and Lee, which is
summarized as follows [37]. Similar to maximum entropy
thresholding, cross entropy thresholding takes the histo-
gram of the image as the input parameter. Algorithm 4
describes the processing steps of cross entropy thresholding.

(5) Fuzzy Entropy  resholding. Fuzzy entropy is defined as
the measure of uncertainty of a fuzzy set, the procedure of
which is given below. It requires two input parameters: (i)
histogram of the image to compute the probability distri-
bution and (ii) fuzzy membership function as given in [38].
)e algorithm steps are summarized in Algorithm 5.

(6) Minimum Error  resholding. In this method, the image
segmentation is based on the average pixel optimization
[39]. It requires the normalized histogram of the gray-level
image as the input parameter. )e idea behind this
thresholding technique is presented in Algorithm 6.

(7) Adaptive resholding. Adaptive thresholding is the most
famous local thresholding method for images with uneven
illumination. It aims to select threshold values for each
region based on its local properties. )e local window size is
empirically set as 12. We summarized the adaptive
thresholding procedures as in Algorithm 7 [40]:

3.4.2. Clustering Techniques. Clustering-based segmentation
methods aim to group the collection of pixels into clusters.

(1) Find the histogram and the probabilities for all
intensity levels

(2) Initiate the class probability (wi) and mean (μi)

(3) Move to all possible maximum intensity of thresholds
(4) Modify wi and μi

(5) Select the maximum value among class variances.

ALGORITHM 1: Otsu’s thresholding method.

(1) Set the initial value of threshold (T)
(2) Segment the images into two regions (R1 and R2) using

T with this formation (R1<T and R2≥T)
(3) Find the mean intensity level (u1) for R1 and (u2) for R2
(4) Find new threshold value (T� (u1 + u2)/2)
(5) Iterate steps 2 to 4 to find the difference in T. Select T

when it is smaller than the predefined parameter.

ALGORITHM 2: Isodata thresholding method.

(1) Compute the normalized histogram
(2) Compute the entropy of white and black pixels
(3) Select the optimal threshold by maximizing the

entropy of white and black pixels.

ALGORITHM 3: Maximum entropy thresholding method.

(1) Find histogram of the image
(2) Construct the resulting image by setting the threshold

value T
(3) Compute cross entropy between the original image

and the resulting image
(4) Minimize the cross entropy to optimize the threshold

value.

ALGORITHM 4: Cross entropy thresholding method.

(1) Compute the two probability distributions for
foreground and background

(2) Transform the image into fuzzy set using membership
function

(3) Compute the membership functions for background
and foreground using threshold T

(4) Rewrite the fuzzy form of entropic for step 1
(5) Obtain the optimal threshold by maximizing the fuzzy

entropy.

ALGORITHM 5: Fuzzy entropy thresholding method.

(1) Compute the histogram that considers the mixture of
two normal distributions having respective mean and
variance, and respective proportions

(2) Set the trial threshold value T for modeling the two
resulting pixel populations

(3) Model the two populations using the normal distribution
(4) Set different levels as the threshold value
(5) Compute the fitting criterion for each threshold value
(6) Select the threshold value which minimizes the fitting

criterion as the optimal threshold.

ALGORITHM 6: Minimum error thresholding method.

Journal of Healthcare Engineering 5



)e pixels in the same cluster are closely related to one
another.

(1) K-Means Clustering. )e k-means clustering is one of the
clustering methods wherein the data are divided into
a specific number of groups by minimizing the within-class
variance [41]. )e processing steps of k-means clustering
based segmentation is presented in Algorithm 8.

(2) Fuzzy C-Means Clustering. )e fuzzy c-means clustering
is one the most popular fuzzy clustering methods, wherein
the data are partitioned into two or more fuzzy clusters by
maximizing the objective function [42]. Algorithm 9 sum-
marizes the steps involved in this technique.

(3) Mean Shift Clustering. Among the clustering-based seg-
mentation methods, the mean shift segmentation is known as
an advanced and highly useful technique. In the mean shift,
a window is defined for each data point and the mean is
subsequently computed.)e center of the window is shifted to
themean and the iteration is performed until it converges [43].
Algorithm 10 describes the processing steps of mean shift
clustering-based segmentation technique.

3.4.3. Graph-Based Segmentation Technique. Graph-based
models consider the image as a weighted graph. Every pixel
in the image is considered as the node in the graph. )e
similarities between two nodes are stated as edge weights.

(1) Min Cut. A graph cut is a partition of the graph directly or
indirectly into two disjoint subsets. )e graph is partitioned
into clusters using the min cut method. Each cluster is
considered as an image segment. )e min cut method uses
the highly connected subgraph (HCS) algorithm to find the
clusters [44]. It can be formulated as follows:

cut(X, Y) �  w(i, j), (1)

where i ∈ X, j ∈ Y, and X and Y are two partitioned disjoint
sets.

3.4.4. Active Contour Segmentation Technique. Active
contour models (or snakes) aim to delineate the objects
using the energy minimization function. It is performed by
assigning the object boundary as the initial contour and
subsequently evolving the contour to detect the desired
object boundary by driving image forces [45].

(1) Active Contour without Edges (Chan–Vese). Amongmany
active contour methods, the active contour without edges,
known as the Chan–Vese method, is widely used in cell
segmentation. It helps detect the objects without a gradient. It
has the ability to segment smoothed contour objects by
shrinking the contours and works well on convex objects.

3.5. Postprocessing Stage. Postprocessing is an important
step to optimize the segmentation results. While most of the
segmented regions obtained through the segmentation step will
likely correspond to the nuclei regions, there may also be the
existence of false findings such as blood cells and artefacts,
which must be filtered out. )erefore, it is essential to remove
those spurious regions and retain the valid nuclei. A series of the
morphological operations is utilized to remedy above problems
[46]. Firstly, the morphological filtering method is applied to
remove the small objects since the artefacts and blood cells are
usually smaller than the actual nuclei. )e processing of
eliminating the spurious objects is given as Pseudocode 1.

As described in the above pseudocode, it is required to
specify the size of P which is the threshold between the
actual nuclei and the spurious regions. )e optimal value of
P is empirically set as 1500 pixels. After removing false
findings, we further applied the morphological closing and
opening operations for nuclei shape’s refinement and
simplification. )e structuring element (SE) with disk shape
and radius (R)is used. R is set as 5 and 12 for opening and

(1) Select k cluster centers
(2) For each pixel of an image, find its closest center and

assign to the closest class
(3) Update every center as the mean of its points
(4) Repeat until it convergence or when there are

no changes during the assignment step, or when
the average distortion per point decreases slightly

(5) Reshape the cluster pixels into the image.

ALGORITHM 8: K-means clustering method.

(1) Choose random centroids, at least two
(2) Compute the fuzzy membership matrix
(3) Calculate the cluster center
(4) Repeat steps 2 and 3 until the minimum objective

function value is achieved.

ALGORITHM 9: Fuzzy c-means clustering method.

(1) Find features (color, gradients, texture, etc.)
(2) Initialize windows at individual pixel locations
(3) Perform mean shift for each window until convergence
(4) Merge windows that end up near the same “peak” or

mode.

ALGORITHM 10: Mean shift clustering method.

(1) Binarize the image with T
(2) )in the binary image
(3) Remove all branch points
(4) Place the remaining endpoints in line to use as starting

point for tracking
(5) Track the object with T
(6) Set the criteria T�T− 1 if the object passed testing;

otherwise, return to step 5.

ALGORITHM 7: Adaptive thresholding method.
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closing, respectively. Equations (2) and (3) formulate
opening and closing operations, respectively:

actualnuclei · SE � actualnuclei ⊖ SE( ⊕ SE, (2)

openednuclei · SE � openednuclei ⊕ SE( ⊖ SE, (3)

where ⊕ and⊖ represent the dilation and erosion, re-
spectively. )e sampled visual results of before and after
postprocessing are depicted in Figure 6.

4. Benchmark Setting

4.1. Experimental Results. )is study was carried out using
MATLAB (2013 version) on a computer with an Intel Core
i7 processor clocked at 2.50GHz and with 8GB of RAM. A
local dataset of 35 cytology images of pleural effusion and its
ground truth images are used. In this study, we considered
three main stages to extract the cell nuclei. )e first stage is
used to deal with the image quality. We employed different
enhancement and filtering methods. )e image quality as-
sessment metrics, namely, CII and PSNR, are computed to
select the best ones. Based on the CII and PSNR results, we

selected CLAHE and median filtering methods to enhance
the image quality. )e segmentation stage is the most im-
portant stage in extracting the cell nuclei regions. We ex-
perimentally employed twelve segmentation methods, as
explained in Section 3. Finally, the preprocessing stage is
performed to refine the boundaries of the segmented cell
nuclei and remove the undesired regions using morpho-
logical operations. As the segmentation stage is paramount,
the segmentation results vary depending on the segmen-
tation methods. Figure 7 shows the visual results of the cell
nuclei segmented using different segmentation methods.

To quantitatively evaluate the segmentation methods,
five pixel-based performance metrics, namely, precision,
recall, measure, Jaccard Index (JI), and Dice similarity co-
efficient (DSC), were computed for each algorithm. )e
examined methods are evaluated by comparing with hand-
drawn ground truth images. Each connected region in the
segmented results is considered as one nucleus while ig-
noring the number of nucleus inside the region. Ground
truth images are also prepared the same way. Figure 7(b)
depicts the sample of ground truth image. )e performance
measures can be formulated as follows:

precision(Pre) �
true positive

true positive + false positive
,

recall(Re) �
true positive

true positive + false negative
,

Fmeasure(Fm) �
2∗ precision∗ recall
precision + recall

,

JI �
true positive

true positive + false positive + false negative
,

DSC �
2∗true positive

2∗ true positive + false positive + false negative
.

(4)

)e performance metrics were used to quantitatively
evaluate the cell nuclei in the segmented image individually.
Table 1 lists the evaluation results. )e compared quantitative

results show that the segmentation performances of Otsu’s
method, k-means, mean shift, Chan–Vese level set method,
and graph-based min cut are excellent. )e accuracies meet

Input: Candidate nuclei regions (Candidatenuclei)
Output: Actual nuclei regions (Actualnuclei)

(1) Determine the connected components using 8-connectivity
(2) Count the number of components (N)

(3) Compute the area of each component An, n ∈ N

(4) Remove small objects using the predetermined value (P) as follows:

For i � 1 : N
IfAi ≥P

NucleiMask � Ai;

End
End

PSEUDOCODE 1: Pseudocode for removing the false findings.
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clinical requirements. For the highlighted methods, we fur-
ther evaluated the nuclei detection rate (NDR) of the images
depending on the recall value. )e NDR is considered as true
positive when the recall is greater than 60%.)e overall NDR
of each algorithm is computed and compared, as shown in
Figure 8(a). Similar to the NDR, we estimated the abnormal
NDR. Figure 8(b) shows the comparison results. )e com-
parison results show that the mean shift clustering method
exhibits the best performance in terms of the overall NDR and
abnormal NDR. To evaluate the time complexity of each
method, the computational time of each method is computed
and compared, as shown in Figure 9. Otsu’s method is found
to be relatively simple and fast. In contrast, the Chan–Vese
method is computationally expensive.

4.2. Parameters Tuning and Discussion. )e highlighted
segmentation methods are discussed along with their ad-
justable parameters, advantages, and limitations. )e ex-
periment results show that the performances of the
segmentation methods strongly depend on the tuning pa-
rameters.)erefore, it is required to properly select the most
relevant parameters for our applications. We experimentally
set and adjusted different parameters in each segmentation
method and selected the most effective one for all images.

As Otsu’s method is a nonparametric method, it is not
required to specially assign prior parameters. However, Otsu’s
method is sensitive to outliers. To deal with this issue, the
CLAHE and median filter methods are employed to enhance

the image quality before applying Otsu’s method. )e cy-
tology pleural effusion images comprise three main parts: cell
nuclei, cytoplasm and blood cells, and background. As the
color of the nuclei region appears to be dark purple, with
other parts appearing lighter in color, the image histogram is
assumed to be a bimodal distribution. )us, Otsu’s method
provides relatively good performance in our application.
Otsu’s method is relatively simple and the result is promising.
)erefore, it can be applied to real applications. However, the
performance is degraded when the image contains significant
noises because the method is sensitive to noise.

)e segmentation result of the k-means clustering
method strongly depends on initializing the k clusters. A
poor initialization can significantly affect the clustering
performance and result in a poor convergence speed.
)erefore, we set multiple k clusters for the test and chose
the most effective one. )e numbers of k clusters were set as
2, 3, 4, and 5. When k is 3, the nuclei are mixed with other
image components. )us, it was difficult to separate only the
nuclei regions from the mixed clustered regions. When k is
4, 5, or more, the nuclei are broken into multisegmented
images because of the high variation in the pixel intensity
within the nuclei. Hence, the nuclei regions should be ob-
tained from multiple images. When k is 2, the nuclei are
segmented in a straightforward manner. In addition, the
nuclei appear dark in color with some regions remaining
bright. )is fact also supports in setting up the value of k as 2
to cluster two groups (dark and bright colors). Figure 10
shows the visual segmented cell nuclei with different k

(a) (b)

(c)

Figure 6: )e sample visual results of before and after postprocessing stage: (a) candidate nuclei extracted using OTSU thresholding,
(b) after removing spurious objects using morphological filtering, and (c) after refining the contours of the nuclei using morphological
opening and closing.
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clusters. Moreover, it is worth noticing that the k-means
clustering method performs well for round-shaped objects.
Hence, the method is effective in segmenting cell nuclei

because the cell nuclei are largely round shaped. In addition,
it is simple, fast, and easy to implement. However, the
disadvantage is that the k-means clustering is extremely
sensitive to the k clusters and performs badly when the
clusters are convex shaped.

In contrast to the k-means clustering method, the mean
shift is a nonparametric clustering method. It is not nec-
essary to define the clusters and restrict the cluster shape.
Nevertheless, the clustering result of the mean shift strongly
depends on the bandwidth size. It is required to carefully
select the most relevant size for particular applications.
In our experiments, we experimentally set multiple band-
width sizes and chose the best one. Figure 11 shows the
significant differences in the segmentations in terms of the
bandwidth sizes. )e experiment results show that a band-
width size of 0.2 exhibits the best clustering performance,
appropriate for cell nuclei segmentation. )e advantage
of the mean shift is that it is not necessary to initialize

(a) (b) (c) (d)

(e) (f ) (g) (h)

(i) (j) (k) (l)

(m) (n)

Figure 7: Visual cell nuclei segmented using twelve segmentation methods: (a) original image, (b) ground truth image, (c) Otsu’s method,
(d) Isodata, (e) maximum entropy, (f ) cross entropy, (g) minimum error, (h) fuzzy entropy, (i) adaptive thresholding, (j) k-means clustering,
(k) fuzzy c-means clustering, (l) mean shift clustering, (m) Chan–Vese method, and (n) graph-based min cut (note that the images were
cropped for better visibility here).

Table 1: Quantitative experimental results.

Methods/evaluation Pre Re Fm JI DSC (%)
Otsu’s method 0.91 0.89 0.90 0.89 94
Isodata 0.86 0.84 0.85 0.84 91
Maximum entropy 0.84 0.94 0.88 0.94 91
Cross entropy 0.94 0.82 0.87 0.82 90
Minimum error 0.85 0.82 0.83 0.82 89
Fuzzy entropy 0.68 0.67 0.68 0.67 80
Adaptive thresholding 0.96 0.50 0.66 0.50 67
k-means 0.90 0.89 0.89 0.89 94
Fuzzy c-means 0.94 0.77 0.85 0.77 77
Mean shift 0.93 0.91 0.92 0.91 95
Chan–Vese method 0.89 0.87 0.88 0.87 94
Graph-based min cut 0.87 0.95 0.91 0.87 93
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the cluster numbers; moreover, the method need not be
robust to outliers. Only the size of the bandwidth is required
to be set. )e limitation of the mean shift is that it is
computationally expensive compared to other clustering
methods, as many windows need to be shifted, thus making
many computations redundant.

In the Chan–Vese level set method, the boundaries of the
regions are used as a mask, which is initial contour evolution
of the segmentation start. To achieve a fast and accurate
output, we initially specified the mask that is close to the
nuclei regions. )e mask either shrinks or expands based on
the image features. In addition, it is crucial to specify an
appropriate maximum iteration for the contour evolution.
)e iteration is stopped if the maximum iteration is reached,
when the energy remains constant, or when the contour is
not moving. )e maximum number of iterations affects the
largest variation in the segmentation results. )erefore, we
experimentally tested with different iterations and chose the
most effective one for all images. However, it is the main

limitation, as the images contain various types of cells. It is
difficult to fix the number of iterations if more images are
added into the datasets. If a large number of maximum
iterations are set, the computation becomes expensive. In
contrast, a small number of iterations lead to underseg-
mentation, because the iteration is stopped before finishing
the contour evolution. Figure 12 depicts the segmentation
results obtained though different iteration numbers.

In the graph-based min cut segmentation, two param-
eters need to be defined. )e first one is alpha, which is the
penalty parameter with respect to the total variation term.
For the case wherein the image-edge weights are in-
corporated, alpha is given by the constant in all cases. For the
case with image-edge weights, alpha is given using the two
pixel-wise weighted functions. )e second parameter is the
step size of the augmented Lagrangian method, the optimal
range of which is (0.3, 3). We set it as 0.3, as it is not sig-
nificantly different for segmentation. A significant variation
in the segmentation result is found when setting up different
values of alpha. We experimentally tested with different
alpha values and chose the best one. Figure 13 depicts the
visual result of the segmentation in terms of the alpha values.
We chose 0.3 as the alpha value in our application. )e
graph-based min cut method is simple, easy to control, and
fast in processing. It returns the clusters as image segments.
However, the drawback is that multiple small segments may
be separated by cutting small sets of isolated nodes in the
graph.

Apart from the highlighted methods, the accuracies of
the maximum entropy, Isodata, cross entropy, and mini-
mum error thresholding methods are very close to real
requirements. )ere is a high possibility that the accuracy
can be further improved by adding more effective pre- and
postprocessing steps. However, the fuzzy entropy, adap-
tive thresholding, and fuzzy c-means clustering methods
exhibit very low accuracy. )e accuracies of these methods
can be improved by combining them with appropriate

95 95

97

94

93

Otsu
k-means
Mean shift

Chan–Vese
Graph cut

Accuracy (%)

91

92

93

94

95

96

97

98

O
ve

ra
ll 

nu
cle

i d
et

ec
tio

n 
ra

te

(a)

Otsu
k-means
Mean shift

Chan–Vese
Graph cut

98

99

100

98

97

95.5
96

96.5
97

97.5
98

98.5
99

99.5
100

100.5
Accuracy (%)

Ab
no

rm
al

 n
uc

le
i d

et
ec

tio
n 

ra
te

(b)

Figure 8: Comparison of nuclei detection rates in terms of the recall value: (a) overall nuclei detection rate and (b) abnormal cell nuclei
detection rate.
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Figure 9: Processing time of five highlighted methods.
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(a) (b)

(c) (d)

Figure 10: Image index labeled with different k clusters: (a) k� 2, (b) k� 3, (c) k� 4, and (d) k� 5.

(a) (b)

(c) (d)

Figure 11: Different clustering results in terms of different bandwidth (bw) sizes: (a) bw� 0.1, (b) bw� 0.2, (c) bw� 0.3, and (d) bw� 0.4.
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(a) (b)

(c)

Figure 12: Segmentation results obtained using different iterations: (a) iterations� 500, (b) iterations� 300, and (c) iterations� 100 (note
that iterations were tested on cropped region of image for better comparison, not on the real input images).

(a) (b)

(c) (d)

Figure 13: Variation in segmentation results in terms of different alpha values (av): (a) av� 0.3, (b) av� 0.5, (c) av� 10, and (d) av� 15.

12 Journal of Healthcare Engineering



segmentation methods. In the future, integrated or hybrid
segmentation methods will be studied. )is study covers
only the extraction of the nuclei regions from surrounding
objects in the entire image. )e examined methods are not
capable of splitting the overlapping cells. It should be noted
that the touching or overlapping or clustering cells can be
isolated into individual ones in further stages. In order to do
so, these methods may integrate with the overlapped object
splitting techniques such as the watershed methods, contour
concavity methods, rule-based splitting methods, bottleneck
method, and so on.

5. Conclusions

In this paper, we presented twelve individual image seg-
mentation algorithms to extract the cell nuclei from cytology
pleural effusion images. Each method includes three stages:
preprocessing, segmentation, and postprocessing. )e accu-
racies (DSC) of the five segmentationmethods, namely, Otsu’s
method, k-means clustering, mean shift, Chan–Vese method,
and graph cut method, were 94, 94, 95, 94, and 93%, re-
spectively; the average computational times for an image were
1.08, 36.62, 50.18, 330, and 44.03 seconds, respectively. )e
results meet clinical requirements. )erefore, they can be
practically used as a prerequisite step in developing CAD
systems.)eChan–Vesemethod is computationally expensive
compared to others. In contrast, Otsu’s method is relatively
simple and fast. It is our hope that the results and observations
will be useful for current and potential future studies on
cytology images of pleural effusion. Unfortunately, the ex-
amined methods are not capable of separating the overlapping
nuclei. In further study, they need to integrate with additional
splitting methods to isolate the overlapping nuclei into in-
dividual ones. As part of the future work, more state-of-the-art
segmentation methods will be explored. In addition, it would
be interesting to combine different segmentation methods for
improving the segmentation accuracy; however, this requires
research efforts beyond the scope of this paper. It would be
worthwhile to study the implementation and combination of
different algorithms. Our ultimate goal is to implement an
effective CAD system for malignant pleural effusion.
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Objective. )is study summarized asthma literature indexed in the Medical Literature Analysis and Retrieval System Online
(MEDLINE) and explored the history and present trends of asthma cell research by stem frequency ranking to forecast the
prospect of future work.Methods. Literature was obtained fromMEDLINE for the past 30 years and divided into three groups by
decade as the retrieval time. )e frequency of stemmed words in each group was calculated using Python with Apache Spark and
the Natural Language Tool Kit for ranking. )e unique stems or shared stems of 3 decades were summarized. Results. A total of
1331, 4393, and 7215 records were retrieved from 3 decades chronologically, and the stem ranking of the top 50 were listed by
frequency. )e number of stems shared with 3 decades was 26 and with the first and last 2 decades was 5 and 13. Conclusions. )e
number of cell research studies of asthma has increased rapidly, and scholars have paid more attentions on experimental research,
especially on mechanistic research. Eosinophils, mast cells, and T cells are the hot spots of immunocyte research, while epithelia
and smooth muscle cells are the hot spots of structural cell research. )e research trend is closely linked with the development of
experimental technology, including animal models. Early studies featured basic research, but immunity research has dominated in
recent decades. )e distinct definition of asthma phenotypes associated with genetic characteristics, immunity research, and the
introduction of new cells will be the hot spots in future work.

1. Introduction

Asthma is a major public health problem around the world,
affecting individuals across the age spectrum from infants to
older adults. )erefore, research on its pathogenesis and
treatment has been a hot topic in the study of respiratory
diseases. It is now well accepted that cell activity has a close
relationship with pathogenesis of asthma, and numerous basic
and clinical studies focus on different types of relevant cells.

As a typical example of type I hypersensitivity, the research
of immune cells concerned with asthma, such as lymphocytes,
monocytes, and mast cells, is most common. For instance,
Tcell subsets include CD4⁺, CD8⁺Tcells [1],)2,)17 [2],)9
[3], and so on. Except for immune-relevant cells, structural cells

of the airways, such as epithelial cells [4], smooth muscle cells
[5], and bronchial myofibroblasts [6], are also an important
focus of research. In recent years, cell therapy has attracted the
attention of researchers to treat asthma and its complications.
A study revealed that bonemarrow-derivedmesenchymal stem
cell (BMSC) therapy significantly suppressed lung pathology
and inflammation in the ovalbumin-induced asthma mouse
model [7].

Currently, there has been continued interest in targeting
airway cells for developing new asthma treatments. )ere-
fore, it has become imperative to analyze the current trend
and future direction of asthma cell research. )is study
summarized asthma literature indexed in the Medical Lit-
erature Analysis and Retrieval System Online (MEDLINE)

Hindawi
Journal of Healthcare Engineering
Volume 2018, Article ID 9363820, 10 pages
https://doi.org/10.1155/2018/9363820

mailto:vincent.tang@shutcm.edu.cn
http://orcid.org/0000-0002-1889-9013
http://orcid.org/0000-0001-7771-4034
http://orcid.org/0000-0001-9824-5695
http://orcid.org/0000-0001-5112-7544
http://orcid.org/0000-0002-2857-5784
http://orcid.org/0000-0002-7588-7801
https://doi.org/10.1155/2018/9363820


of the National Library of Medicine (NLM) in the past 30
years and explored the history and present state of asthma
cell research by stem frequency rank to provide ideas for
future work.

2. Objects and Methods

2.1. Objects. Literature of asthma cell research indexed from
MEDLINE in the past 30 years was divided into three groups
with 10 years as the retrieval time. )e literature containing
the keywords “Asthma” and “Cell” in the fields “Title” or
“Abstract” was included for further investigation.)e limit of
publication date in the three groups were “January 1, 1987, to
December 31, 1996,” “January 1, 1997, to December 13, 2006,”
and “January 1, 2007, to December 31, 2016,” respectively.

)e search results of each decade were exported into
a CSV file with information such as title and author. All the
titles of each CSV file were saved as a text file for analysis
with stem frequency rank.

2.2. Programming. Due to the large amount data in the
literature, we adopted Apache Hadoop, which is commonly
used in big data analysis as the data storage framework. As
a file system supporting a data-intensive distributed appli-
cation, Apache Hadoop has better distribution character-
istics and provides file services with both reliability and
mobility for the program development [8]. To speed up the
computation, we selected the Apache Spark open-source
computing framework in our study instead of the Apache
Hadoop built-in MapReduce computing method. )e major
difference between Spark andMapReduce lies in in-memory
computing technology, which means the data are analyzed
and processed to acquire the results in the memory before
being written to the hard disk [9].

)e analysis of stem frequency ranking was handled
using the Natural Language Tool Kit (NLTK). NLTK is an
important tool for dealing with human natural language,
which can be applied to word merging, text retrieval, and
statistics, and so on. )e technologies such as “Word fre-
quency Accumulation,” “Stemming Processing,” and “Stop-
word Filtering” applied in this study were all performed with
NLTK [10]. According to the integrated application of the
above techniques, the programming environment and
working process can be summarized as follows:

(1) Programming environment: EC2 server of Amazon
Web Services (AWS) platform was selected as the
programming environment.

Server model: t2 micro
Server Location: Oregon, United States
Operating System and software: Ubuntu Server
14.04 with built-in Python language (version 2.7.3),
Apache Spark (version 1.6.2), and NLTK (version
3.0).

(2) Working process:

(a) Import a text file.
(b) Create the Spark context.

(c) Convert all text to lowercase.
(d) Remove punctuations, empty lines, and non-

letter symbols.
(e) Use stop word list to filter irrelevant vocabulary

of research such as “they,” “where,” “to,” and
“is.” )e words influencing the results such as
“review,” “asthma,” and “cell” were also added
into the stop word list for filtering.

(f ) Stemming for reducing each word to its base
form by removing its common morphological
ending. In this study, we utilized PorterStemmer,
a Python wrapper of the libstemmer library, to
perform the stemming step.

(g) Rank all stems according to their frequency.
(h) List the top 50 stems, and output the results.

3. Results

3.1. ,e Number of Studies Retrieved by Searching ,ree
Decades. 1331, 4393, and 7215 records were retrieved in the
1st, 2nd, and 3rd decade, respectively, which shows that the
number of cell research literature of asthma indexed by
MEDLINE presents explosive growth from 1987 to 2017; the
literature number of the next decade was 1.5–2 times greater
than the previous one.

3.2.,eTop 50 Stems of,reeDecades. )e top 50 stems of 3
decades are listed in Table 1. )e number of stems shared
with 3 decades was 26 (Figure 1) and with the first and last 2
decades were 5 and 13 (Figures 2 and 3). )e numbers of
unique stems of 3 decades were 19, 6, and 11, respectively
(Figure 4). According to the chronological order, the author
names with the highest frequency of the three decades are
Pascal Chanez (Aix-Marseille University, Paris, France),
Stephen T. Holgate (University of Southampton, South-
ampton, United Kingdom), and Andrew Halayko (Uni-
versity of Manitoba, Manitoba, Canada).

4. Discussion

4.1. Mainstream Research Trends in ,ree Decades. )e
mainstream research trends can be summarized from stems
shared with 3 decades. First, experimental research attracted
more attention by researchers rather than clinical research.
“Children” is the only relevant stem on behalf of clinical
research for its frequent occurrence of asthma among
children, and a study reported that asthma is common in
children and is a leading cause of childhood hospitalization
[11]. )e stems related with experimental research, such as
“respons,” “express,” and “induc,” were much more com-
mon with rising frequency year after year. Mechanism
(mechan) and interventional effect were the two main di-
rections of experimental research, but mechanism was more
popular among scholars because stems about activation
(activ) of cells or pathways [12–14], immune or cell response
(respons) [15–17], genetic or protein expression (express)
[18–20], and the role of cells or relevant genes or protein
were always in the top 10 among all decades. )e other 3
stems about mechanism research “product,” “induc,” and
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“mediat” were mainly frequent in “production of cytokines”
[21], “protein or allergen-induced” [22], and “cell-mediated”
[23], respectively. Inhibition was a typical intervention effect
and its stem “inhibit” was ranked in our results. For example,
the following were included: the inhibition of glucocorti-
coids on degranulation of mast cells in allergic asthma [24],
inhibition of the kinase ITK in a mouse model of asthma
reduces cell death [25], and the inhibition of CD38 gene-

modified dendritic cells on murine asthma development
[26].

Second, two frequent stems about pathologic changes of
asthma were “inflamm” and “hyperrespons.” “Inflamm” was
also in the top 10 because airway inflammation is the main
expression of asthma, with mechanism research about in-
flammation such as etiological agents and influence factor
[27, 28], being very common. Hyperresponsiveness was

Table 1: Top 50 stems of three decades.

Ranking
1st decade 2nd decade 3rd decade

Stem Frequency Stem Frequency Stem Frequency
1 eosinophil 147 inflamm 545 inflamm 1153
2 activ 115 express 425 respons 552
3 respons 113 eosinophil 358 express 537
4 inflamm 102 receptor 351 t 526
5 t 90 activ 341 activ 525
6 express 84 respons 339 receptor 508
7 bronchoalveolar 80 t 326 mice 476
8 role 76 role 321 role 429
9 lavag 75 induc 298 epitheli 422
10 mast 72 mast 232 induc 410
11 lymphocyt 71 smooth 229 muscl 406
12 atop 67 muscl 228 smooth 401
13 cytokin 61 epitheli 228 inhibit 401
14 receptor 60 cytokin 211 immun 336
15 releas 59 product 207 mous 333
16 induc 58 inhibit 205 murin 330
17 inhibit 55 allergen 200 mast 328
18 allergen 54 atop 177 eosinophil 294
19 product 53 protein 171 remodel 290
20 epitheli 53 sputum 168 signal 257
21 inhal 50 gene 166 protein 250
22 adhes 49 murin 160 children 245
23 mediat 47 mice 158 cytokin 244
24 inflammatori 46 pulmonari 148 inflammatori 235
25 children 45 inflammatori 146 suppress 234
26 histamin 43 hyperrespons 144 hyperrespons 232
27 muscl 41 children 136 pulmonari 230
28 leukotrien 40 inhal 136 gene 226
29 antigen 40 th2 118 product 224
30 smooth 40 remodel 118 th2 215
31 fluid 38 inhibitor 118 modul 213
32 sodium 38 mechan 116 dendrit 210
33 ige 37 develop 116 develop 207
34 peripher 34 rat 115 allergen 196
35 macrophag 34 allergeninduc 114 attenu 195
36 pulmonari 33 immun 113 pathway 190
37 vitro 32 lymphocyt 110 differenti 190
38 mechan 32 infect 106 target 185
39 select 31 sensit 102 novel 183
40 protein 30 novel 102 infect 177
41 therapi 28 mediat 100 mediat 176
42 glucocorticoid 28 peripher 100 regulatori 174
43 bronchoconstrict 28 signal 100 type 164
44 guinea 28 leukotrien 98 sever 164
45 chang 28 allergi 97 rat 164
46 pig 28 growth 97 promot 161
47 tcell 27 chemokin 96 inhibitor 156
48 hyperrespons 27 modul 93 allergi 156
49 immun 27 mous 93 mechan 151
50 modul 27 kinas 93 potenti 150
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oftenmentionedwith inflammation [29, 30] for immunology-
related study of asthma.

)ird, in terms of different types of cells related with
asthma, eosinophils, mast cells, and T cells are the hot spots
of immunocytes, according to the results of ranking. Mast
cells are the “first line of defense” in which innate/adaptive
immune cells can be activated to release a wide range of
mediators by allergen-IgE-specific triggers and are widely
distributed in tissues of the airway exposed to the envi-
ronment, so mast cells preempt the critical roles played by
histamine and mucus secretion in causing airway obstruc-
tion [31, 32]. )e studies about the expression of CD an-
tigens [33–35] involving mast cells and its mediated
cytokines [36] are very common. Airway eosinophilias are
associated with the inflammatory response and likely par-
ticipate in airway remodeling [37–40]. Many studies have

reported that the expression of its granular proteins has
functions relevant to the features of asthma, including
histopathologic changes, reversible airway narrowing, and
bronchial hyperreactivity [41–44].)e activated Tcells in the
airway wall are associated with inflammation of asthma
[45, 46], and the subsets of T cell antigens have attracted
extensive attention by researchers, such as the Tcells of CD4
+(T helper) [47–51], CD8+ [52–54], CD25+ [55], CD28
[56, 57], CD29 [58, 59], CD39+, and CD73 [60–63]. )e
imbalance of different subsets and the regulatory mechanism
are the research emphasis of this field [64–67].

Epithelia and smooth muscle cells (SMCs) are the hot
spots of structural cell studies. Research has shown that
airway epithelial barrier dysfunction may have important
implications for asthma [68–72]. )e relevant genes or
protein expression of epithelia and the regulatory
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mechanism of barrier function or dysfunction are the re-
search emphasis [27, 28]. It has been reported that SMCs
isolated from asthma patients release more proinflammatory
mediators than that in control subjects [73], which may
contribute to airway wall remodeling [74].

4.2.VariationTrends ofResearch overTime. Several variation
trends can be summarized after comparing the shared stems
in the first and last two decades.

First, the phenotype definition of asthma has become
gradually clearer. )e shared stem “atopic” in the first two
decades showed that “atopic” and “non-atopic” stems were
often used to define the phenotypes of asthma due to the
limited available data about asthma and atopy at that time
[75], which resulted in ambiguity of the phenotype

definition. However, the stem “allergi” shared with the last
two decades indicated that the concept “allergic asthma” was
widely used in studies [76, 77], which indicates that the
phenotype of asthma was definitive.

Second, genetic studies and airway remodeling have
received more attention. Along with novel experiment
technologies applied in molding and detection, more studies
of signaling pathways [23] and airway remodeling [78] at the
gene level [18] were performed in the last 2 decades with
evidence from the common stems “gene,” “signal,” and
“remodel.” Moreover, the shared stems “mice,” “rat,”
“murine,” and “mous” in the last two decades have shown
that more animal models of rats were used in such exper-
imental research [79–82]. In contrast, the shared stems of the
first two decades implied studies of downstream signaling
pathways including cytokines [83], leukotrienes [84], pe-
ripheral blood [85], or different types of receptors [86]
attracted great attention at that time.

Finally, looking into changes in therapeutic approaches,
the shared stem “inhal” in first two decades showed that
inhaled treatment was mainstream at the early stage [87, 88].
However, it ceased to be the hot spot because of the con-
tinuous exploration of new treatments or drugs, such as
Montelukast [89] andmonoclonal antibodies [90]. During the
past 20 years, the shared stem, “inhibitor,” indicated that as
one type of a new drug for asthma, inhibitors such as histone
deacetylase inhibitors [91, 92] and tyrosine kinase inhibitors
[93] were implicated in influencing gene expression of
asthma-related cytokines [94], gaining importance.

4.3. Distinctive Research Hot Spots of Every Decade.
Several distinctive research hot spots can be analyzed
according to the unique stems of each decade. Two specific
aspects were concerned in the studies of the first decade.
First, the relevant mechanism researches including the re-
lease of cytokines [95] or histamines [95] and cell adhesion
[96] about bronchoalveolar and macrophages [97, 98] were
performed with corresponding experimental approaches
such as cell counting method, immunofluorescence, ELISA,
and bioassay commonly [99]. Second, there was specific
phenomenon that researchers were enthusiastic about
asthma therapy, and glucocorticoid [100] and nedocromil
sodium [101] were often studied using pulmonary function
test.

)e main hot spot drawn from the unique stems of the
second decade is that the allergen-induced topics, such as
airway hyperresponsiveness [102] or inflammation and the
regulation mechanism of allergic sensitization [103], were
popular. Its relevant common experimental techniques in-
cluded immunohistochemistry, flow cytometry, RT-PCR,
and ELISA [104]. In addition, the specific research topics
“different types of growth factors” [105], “kinases” [106], and
“chemokines” [107] were also common due to their relevant
roles that have been gradually explored and affirmed.

With the development of genetic technology, the re-
search of the immune response became prevalent in the
third decade, and specific stems about its mechanism,
regulation, and signaling pathways such as “pathway” [108],
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“target” [109], and “regulatori” [110] were found in the
ranking. In terms of the corresponding experimental
methods, some new techniques including digital droplet
PCR (ddPCR) [111], whole-genome screen [112], and
multiplexed fluorescent microsphere-based immunoassay
(xMAP technology) [113] were widely adopted. Besides,
a new type of cell was found in the list, dendritic cells [26], as
one of the sentinel cells. Dendritic cells are the most im-
portant and primary antigen-presenting cells of asthma.
)ey take up the antigen, process it, and present the pro-
cessed antigen to T cells [114]. )erefore, dendritic cell-
related studies may be one of the breakthroughs in the
treatment of asthma.

5. Conclusion and Future Trends

)e number of cell research studies of asthma indexed by
MEDLINE has increased rapidly. According to the ranking
list of frequent stems, scholars paid more attention to ex-
perimental research, especially mechanistic research, rather
than clinical research. )e immunocyte studies and struc-
tural cell research are the two main directions. Eosinophils,
mast cells, and T cells are the hot spots of immunocyte
studies, while epithelia and SMCs are the hot spots of
structural cell research. )e research trend is closely linked
with the development of experimental technology, including
animal models. Early studies featured basic research, but
immunity research has dominated in the recent decade with
the development of genetic technology.

Based on the stem rankings of three decades, future
trends can be predicted in the following aspects: (1) )e
distinct definition of asthma phenotypes associated with

genetic characteristics will provide benefits for basic studies
and clinical therapy. For instance, personalized medicine
treatment tailored to individual’s asthma phenotypes
identified through biomarkers [115]. (2) Immunity research
involving signaling pathways, regulatory mechanisms, tar-
gets with specific biomarkers, and so on at the gene level will
provide more evidence for the pathogenesis of asthma.
Meanwhile, the discovery of asthma biomarkers will con-
tribute to characterize the population and associate the
disease with environmental and therapeutic effects [116], as
well as predict prognosis [117]. (3) )e study of new cells
regulating allergy, inflammation, or remodeling of airways,
such as dendritic cells, type 2 innate lymphoid cells [118],
and regulatory T cells [119], will bring the potential to
provide therapeutic benefits.
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As a brain disorder, epilepsy is characterized with abnormal hypersynchronous neural firings. It is known that seizures initiate and
propagate in different brain regions. Long-term intracranial multichannel electroencephalography (EEG) reflects broadband ictal
activity under seizure occurrence. Network-based techniques are efficient in discovering brain dynamics and offering finger-print
features for specific individuals. In this study, we adopt link prediction for proposing a novel workflow aiming to quantify seizure
dynamics and uncover pathological mechanisms of epilepsy. A dataset of EEG signals was enrolled that recorded from 8 patients
with 3 different types of pharmocoresistant focal epilepsy. Weighted networks are obtained from phase locking value (PLV) in
subband EEG oscillations. Common neighbor (CN), resource allocation (RA), Adamic-Adar (AA), and Sorenson algorithms are
brought in for link prediction performance comparison. Results demonstrate that RA outperforms its rivals. Similarity, matrix was
produced from the RA technique performing on EEG networks later. Nodes are gathered to form sequences by selecting the ones
with the highest similarity. It is demonstrated that variations are in accordance with seizure attack in node sequences of gamma
band EEG oscillations. What is more, variations in node sequences monitor the total seizure journey including its initiation
and termination.

1. Introduction

Link prediction works on revealing edge production based
on network topology and node attributes. Meanwhile, higher
prediction capability corresponds to more accurate de-
scription of network evolution, and it has been successfully
adopted in social networks such as recommendation system.
However, it is unclear that link prediction could be adopted
for uncovering brain dynamics.

Brain is a complex system where multiple components
work together for cognitive function. Brain is so fragile that
it could be damaged forever after occasional trauma [1]. +e
cooperation and synergy among cerebral areas are funda-
mental for capability maintenance which could be in-
vestigated by graph theory as a network [2, 3]. When brain is
taken as a network, individual brain areas are considered as
nodes and their interaction are links. +e penetration of

complex network for brain research has become popular
and effective. Brain connectome reflects individual char-
acteristics, and these wiring patterns could be taken as
fingerprint of people [4]. Statistical comparison of network
parameters is an objective description of brain disorders.
Time-varying network changes reveal spatiotemporal al-
terations in the brain [5]. Certain structure affects network
function, and small-worldness topology refers to quick
information integration and requires neural remodeling
[6]. As a cooperative element, pathological condition might
stem from disconnection or rearrangement in the brain [7–9].
Investigation of pathological brain architecture changes aids
in not only clinical diagnosis and early warning, but also
mechanism discovery. However, more subjective description
techniques are needed for investigation of evolutionary
process, especially of brain progressions under pathological
condition.
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As a common brain disorder, epilepsy affects more than
60 million people around the world, and one third of them
are refractory to medicine which require precise diagnosis
and risk assessment during daily life. High amplitude syn-
chronization is an obvious signal of epilepsy under seizure
attack [10]. Multichannel EEG data records brain function
under various conditions [11]. It has become indispensable
in clinical diagnosis for epilepsy as an efficient mirror of
neural behaviors of the brain. Detailed description of EEG
signals aids in clinical evaluation and mechanism un-
derstanding. Essential component identification offers great
help for understanding its working mechanism. Qualitative
detection of EEG oscillations gained much achievement in
aiding clinical treatment of epilepsy especially under seizure
onset. Potential biomarker of epileptogenic zone includes
high-frequency oscillations. Fast activity and gamma (30–
100Hz) interictal epileptiform discharges have close re-
lationship with seizure onset according to intracranial EEG
signal analysis [12, 13]. Gamma band activity used to be one
significant marker for seizure occurrence [5]. Both fast
beta/gamma and slow delta/theta are typical phenomena in
focal epilepsies. Low frequency oscillations have been in-
vestigated as characteristic EEG patterns that influence
seizure onset in temporal lobe epilepsy (TLE) [14]. Higher
power and synchronization within theta band (4–7Hz) and
lower power in alpha band (10–13Hz) demonstrate signif-
icant variations in epilepsy patients comparing with healthy
controls [15].

Characterized with abnormal synchronized neural fir-
ings, the pathological mechanism of epilepsy involves whole
brain network rather than certain brain area [16]. Network-
based techniques are required for accounting for features of
complex systems.

Multiple brain areas and routes involve in seizure course.
Besides, the areas and routes vary with specific epilepsy types
and patients. Spatiotemporal organization and dynamics
research of EEG oscillations are necessary for precise epi-
lepsy evaluation [17]. Basically, topographical EEG analysis
quantitatively depicts seizure conditions from temporal and
spatial aspect. Under certain conditions, distribution of
connection probability follows the rule of power law which
signifies that there exist limited brain sites connecting with
most other brain areas. Meanwhile, information traffic re-
shapes corresponding network dynamics such as seizure
attacks.

Brain connectome reveals epileptic activity by network
analysis [18]. Brain network characteristics unravel functional
mechanisms in clinical epilepsy [19]. Many network-based
tools have been proposed to depict objective alterations
during the process of epilepsy, most of them focused on
evaluation indicators including degree, clustering coefficients,
the shortest path length, transitivity, and efficiency. Less
integrated and more detached networks are demonstrated in
children with frontal lobe epilepsy (FLE) particularly when
they are cognitively impaired [20]. Moreover, FLE shows
more damage in regional efficiency than TLE in structural
networks derived from diffusion tensor imaging [21]. Graph
theory discovers brain connectivity anomalies effectively [22].
More than four subtypes are divided according to nonlinear

analysis of EEG in TLE seizures, and their medial structures
demonstrate generic and disorganized network configura-
tions [23]. Asymmetry of instant phase difference is so clear
that it was capable of localizing epileptogenic zone [24].
Effects of disease duration go along with network metrics
based on machine learning techniques [22]. Lower be-
tweenness centrality reveals the effect of antiepileptic drug
use [25]. Connectivity patterns detect propagation of ictal
behavior during seizure onset for peeling off epilepsy
[26, 27]. It is found that network structure approaches
regular type while small-worldness is weakened in epilepsy
[28]. In fact, it is known that small world structure pro-
duces coherent oscillations accompanied with fast response
capability [29]. Although necessary, it is not easy to sep-
arate propagation area from epileptogenic zone. How to
define epileptogenicity degree requires further study. What
is more, not only gamma, but also delta subband EEG
oscillations are assumed to be biomarkers for epilepsy, it is
not clear what role frequency components play with epi-
leptogenic zone [5]. More efforts should be put into cap-
turing seizure network dynamics due to little consensus on
epilepsy network [10].

Link prediction works on probability estimation of future
edge generation based on network topology and node attri-
butes. +e capability of link prediction is in accordance with
the understanding of network organization that illustrated by
universal structural consistency index [30]. It is proposed that
higher prediction capability corresponds to much more ac-
curate description of network evolution [31]. Node similarity
was proposed for solving link generation problem at first.
Nodes sharing the same attributes tend to get connected in
social networks such as recommendation system. A local
näıve Bayes model uncovers hub nodes according to its
description of multiple effects from their common neighbors
[32]. Essential attributes are defined as node similarity when
they are close to each other under certain circumstances
[33, 34]. Common neighbor is the most popular structural
feature that describes friends’ friends. When two nodes share
more common neighbors, they are easier to form new edges
and the corresponding nodes would gather together into
network cluster, just as what happens in social networks [35]
and cooperation scientists [36]. Network cluster is an im-
portant feature of brain, and evolutional optimization has
been adopted for cluster identification of brain networks.
Symmetry and matching index has been proposed for
depicting cortical connectivity. +e combination of network
topology and energy deviation is efficient in classifying seizure
occurrence in epilepsy patients [37].

In this paper, we propose a novel workflow to investigate
seizure dynamics in epilepsy. Link prediction is introduced
to reveal alterations in corresponding epileptogenic net-
works that are determined by experienced clinicians. As
a preliminary work, epileptogenic networks are comprised
of intrafocus sites and extrafocus sites. Since the advantage
of network analysis is its fingerprint depiction of corre-
sponding brains, nine different types of epilepsy covering 20
patients are enrolled in this study. As weight stands for
information diffusion or energy cost in the brain, weighted
brain networks are derived from preprocessed subband EEG
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oscillations by way of phase locking value. Time window is
applied to generate transient dynamic frequency dependent
brain networks. Four popular link prediction algorithms are
adopted including CN, RA, AA, and Sorenson algorithms.
+e performance of link prediction capability is evaluated
through AUC (area under the curve).+e proposed workflow
is tested on long-term EEG recordings covering seizure
course. Traditional Granger causality is applied for dynamic
information flow detection for comparison. Node clusters are
derived by node ranking under link prediction theory.
However, these node clusters are gathered together as node
sequence first after node ranking. In order to distinguish the
roles that played by intrafocus and extrafocus sites, transient
variations of node sequences are evaluated by cosine simi-
larity and Euclidean distance. +en node index summation is
put forward to get fingerprint evaluation of each patient. +e
results demonstrate their efficiency in depicting seizure oc-
currence as well as describing epilepsy types.+e layout of the
paper is as follows.+ematerials and datasets are illustrated in
detail in Section 2.+e techniques and methods are presented
in Section 3. Section 4 demonstrates the experimental results.
Section 5 presents discussions and analyzes of the results.
Finally, the conclusions are given in Section 6.

2. Materials

2.1. Patient Data. +e EEG database is accessed from https://
epilepsy.uni-freiburg.de/. A total of 8 patients with refractory
focal epilepsy are enrolled in the present study. Details of the
patients are illustrated in Table 1, where SP� simple partial,
CP� complex partial, and GTC� generalized tonic-clonic;
H� hippocampal origin and NC� neocortical origin; and
d� depth electrode, g� grid electrode, and s� strip electrode.
Two patients are frontal lobe epilepsy with hippocampus origin
(frontal/H, short to be FLE), four patients are temporal epilepsy
with hippocampus origin (temporal/H, short to be TLE), and
two patients are temporal, occipital epilepsy with hippocampus
origin (temporooccipital/H).

2.2. EEG Database. Invasive EEG recording is taken as
presurgical epilepsy monitoring at the Epilepsy Center of the
University Hospital of Freiburg, Germany. A Neuro-file NT
digital video EEG system was applied for recording and EEG
signals are sampled at 256Hz. +e recording covers the
whole process of seizures. All clinical investigations have
been conducted according to the principles expressed in the
Declaration of Helsinki. +is research was approved by the

ethics committee of University Hospital of Freiburg (Ethik-
Kommission der Albert-Ludwigs-Universitat Freiburg,
Freiburg, Germany), and participants gave written consent
for research use of these data [38–42]. Epileptic focus
pervades hippocampus, neocortical area of brain structure
separately, and these focuses are confirmed by experienced
clinicians. +ese clinicians are also the guidance for the
implantation of recording electrodes in themeantime, which
ensures the inclusion of both intrafocus and extrafocus
areas. Later, the epileptogenic focus and the accurate time
for seizure occurrence are identified by experienced surgeon.
Long-term EEG signals were recorded by intracranial grid,
strip, and depth electrodes. For simplification, intrafocus
sites are denoted as 1 to 3 and extrafocus are denoted as 4 to
6 separately as illustrated in Figure 1. It can be assumed that
all nodes are connected with other ones except themselves.

Total 30 seizures in 3 epilepsy subtypes in 8 patients are
investigated in this study. EEG signals are divided into
preictal, ictal, and postictal sessions accordingly. No eye or
muscle artifact is recorded in these intracranial EEG signals.
Since the strongest noise is 50Hz power line interference,
preliminary EEG preprocessing is comprised of wavelet-
based general denoising and 50Hz power frequency in-
terference elimination. +en signals are removed when their
amplitudes exceed 8000 microvoltage. In earlier spectrogram
analysis, time-varying power distribution displays in various
frequency bands based on short time Fourier Transform. It is
found that increased hypersynchronous neural firings occur
in a large range of subband EEG oscillations and pervade
many areas under seizure attack.

Table 1: Detailed information of patients.

Patient Sex Age Seizure type H/NC Origin Electrodes Seizures analyzed
1 F 15 SP, CP NC Frontal g, s 4
2 M 38 SP, CP, GTC H Temporal D 3
3 F 26 SP, CP, GTC H Temporal d, g, s 5
4 F 16 SP, CP, GTC NC Frontal g, s 5
5 F 31 CP, GTC H Temporo/occipital d, g, s 3
6 F 42 SP, CP, GTC H Temporal D 3
7 M 47 SP, CP, GTC H Temporal D 5
8 F 22 SP, CP, GTC H Temporo/occipital d, s 2

1

2 3

4

56

Figure 1: Connection among intrafocus (nodes 1–3) and extra-
focus (nodes 4–6) sites in epileptogenic network.
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2.3. Network Dataset. +e network data for algorithm test
were obtained from www.linkprediction.org [43], which was
adopted many times by researchers in network science for
detecting new techniques. It includes six datasets as follows:
Jazz musician cooperation network, King James dataset,
USair dataset, Adolescent dataset, NetScience dataset, and
C. elegans dataset. +en simulated scale-free network was
brought in together with real EEG network derived from
epilepsy patients. +e number of nodes for simulated net-
work is 30 while its averaged node degree is set to be close to
EEG network. +e EEG dataset is downloaded from http://
eeg.pl/epi/ for link prediction test where the recording sites
will be taken as node number while their interaction will be
taken as links [44]. All datasets are divided into train set and
test set for algorithm validation. +e ratio for train set will
not exceed 95 percent.

3. Methods

3.1. Network Abstraction. After preprocessing, EEG signals
are divided into five subband oscillations as follows: delta
band (0.5–4Hz), theta band (4–8Hz), alpha band (8–13Hz),
beta band (13–30Hz), and gamma band (30–45Hz). PLV is
applied for detecting neural interactions among recording

sites [45], where frequency dependent time window is
adopted to detect transient fluctuations. Meanwhile, non-
overlapping time window is implemented for getting time
variant fluctuations. Network nodes correspond with re-
cording sites individually. All total PLV are considered as
weighted connections in corresponding brain areas except
that self-connections are eliminated. Higher PLV signifies
stronger correlations. +e weighted network is assigned to
quantify frequency-dependent interaction strength. Wiring
pattern is time-varying during the whole process in each
subband EEG networks. Since weights stand for interaction
strength and energy cost in the brain, binary networks
demonstrate stronger connections as weak ties are removed.
As shown in Figure 2, distinct changes occur under different
situations when the threshold value for the valid link is set to
be 0.3. What is more, it is roughly illustrated in Figure 2(j)
that intrafocus and extrafocus sites could be separated from
each other in gamma band networks when the connection
strength is considered.

3.2. Link Prediction AlgorithmComparison. Four algorithms
including CN, RA, AA, and Sorenson algorithm are in-
troduced for link predication capability comparison.
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Figure 2:Wiring patterns during seizure course in brain network. Time-varying wiring patterns during seizure course in brain network with
TLE, where weighted networks are transformed to be binary at the threshold value of 0.3. Nodes 1 to 3 denote intrafocus electrode sites while
nodes 4 to 6 denote extrafocus electrode sites. (a–e) Frequency-dependent wiring links prior to seizure attack derived from delta, theta, alpha,
beta, and gamma subband EEG oscillations; (f–j) frequency-dependent wiring links under seizure attack derived from delta, theta, alpha, beta,
and gamma subband EEG oscillations; (k–o) frequency-dependent wiring links after seizure attack derived from delta, theta, alpha, beta,
gamma subband EEG oscillations.
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RA takes node degree into consideration while allocated
resource depends on nodes’ common neighbors [46]. In the
AA technique, the nodes with smaller degree are regarded to
have higher contribution. For Sorenson algorithm, the ratio
between common neighbor number and its degree sum-
mation matters in link production. In order to compare the
performance of these algorithms, six real networks are
brought in including Jazz musician cooperation network,
King James dataset, USair dataset, Adolescent dataset,
NetScience dataset, and C. elegans dataset [43]. Simulated
small-world and scale-free networks are assigned for com-
parison which is comprised of 30 nodes. Results show that
RA technique outperforms other techniques both in real
networks and simulated networks just as that reported in the
previous literature [46, 47]. RA and local path index is
proposed by Tao Zhou and Linyuan [33, 43]. Let A (V, E)
denotes a network where V� {v1, v2, v3, vn} stands for node
set and E� {e1, e2, e3, em} stands for edge set which each edge
is connected two separate nodes. Nodes and edges are
important components for a network. As node degree
counts the number of its neighbors, higher degree might
indicate more important role it plays. CN algorithm is the
most popular technique for measuring node similarity which
is based on the number of common neighbors. Let φ(x)

denotes the set of neighbors of node x and φ(y) denotes the
neighbor set for node y, and then node similarity is defined
as the number of common neighbors as follows:

Sxy � φ(x)∩φ(y). (1)

As illustrated in Figure 3, the similarity between node 2
and node 5 is 2, in other words, S 2, 5{ } � 2.

RA considers the degree of common neighbors which act
as relay station for resource transmission. +e definition of
RA is as follows:

Sxy � 
z∈φ(x)∩φ(y)

1
k(z)

, (2)

where φ(x)∩φ(y) denotes the set of common neighbors
and k(z) represents their node degree. +en S 2, 5{ } � 1 for
nodes (2, 5) and S 6, 3{ } � 1/4 for nodes (3, 6) in Figure 3.

In AA algorithm, it presumes that more contribution
could be achieved by the nodes that have smaller node
degree. +en, its similarity is defined as follows:

Sxy � 
z∈φ(x)∩φ(y)

1
log k(z)

. (3)

+en the similarity between node 2 and node 5 in
Figure 3 would be S 2, 5{ } � 1/log 2 + 1/log 2 � 2.8854.

Sorenson algorithm considers not only common
neighbors, but also their degree. +e definition is as follows:

Sxy �
2 × φ(x)∩φ(y)

k(x) + k(y)
, (4)

k(x) and k(y) denote node degree for node x and node y,
respectively. +en S 2, 5{ } � 2/3.

For performance comparison, the edge set E will be
divided into train set Et and test set Ep. +e ratio of train set

will be increased from 70 percent to 95 percent, and the
remaining edges will be taken as test set. Area under the
receiver operating characteristic curve (AUC) is adopted for
evaluating prediction accuracy. In each test, one existing link
would be chosen randomly to compare with the randomly
chosen nonexistent edge. Let n denotes the total test times, n′
denotes the times that the higher value for existed edge than
that for nonexistent edge, and n″ denotes the times that two
values are equal, and then AUC is defined as follows:

AUC �
n′ + 0.5 n″( 

n
. (5)

As the value of AUC signifies the accuracy, the higher
AUC indicates better performance of the corresponding
algorithm. In this study, every algorithm will be tested 100
times to get the finical AUC score.

According to our results, it is found out that RA out-
performs other techniques as illustrated in Figure 4. In USair
connection dataset, King James relationship network, Ad-
olescent friendship network, NetScience scientists, and Jazz
musician cooperation networks as well as C. elegans
structural network, RA outperforms the other three tech-
niques as the train ratio increased from 70 percent to 95
percent. In order to testify its efficiency in small network
whose nodes not exceed 30, we brought in simulated scale
free network and EEG network derived from http://eeg.
pl/epi/ [44]. It turns out that RA is better than other
techniques. As illustrated in Figure 5(b), RA is also better
than its candidates in brain networks, and it was adopted for
further investigation.

3.3. Node Sequence Variation Analysis and Node Index
Summation. Transient similarity matrix is derived from the
RA technique by ranking nodes according to node similarity.
+e nodes owning highest similarity are selected as the one
in the sequence correspondingly. +en, six nodes that have
highest similarity are combined together as node sequence
where self-similarity is eliminated. In other words, node
sequences are comprised of nodes owning the largest value
in similarity matrix produced from RA technique. Cosine

6

4

1

2

3

5

Figure 3: A representative network example.
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similarity and Euclidean distance are taken to measure the
variation of transient node sequences, as they could measure
the distance between vectors. +ese sequences are derived
from individual adjacency matrix corresponding to preictal,
ictal and postictal EEG sessions separately. Since smaller
number 1 to 3 indicates intrafocus sites and higher number 4
to 6 indicates extrafocus sites, node index summation is put
forward by summing up node sequences to depict the
distinct roles that played by intrafocus and extrafocus points.
+en node index summation is repeated in 30 seizures of 8
patients with 3 different subtypes with epilepsy. +e total
workflow is illustrated in Figure 6 as follows.

4. Experiment and Results

Time-varying PLV was obtained by nonoverlapping time
window on EEG signals. Preictal is set to be 3 minutes prior

to occurrence and postictal is set to be 3minutes after seizure
cessation. Initiation and termination of ictal process de-
pends on clinical phenomena and was marked by experi-
enced surgeons. According to spectrogram analysis, it is
shown that higher power exist among intrafocus sites than
extrafocus ones under seizure onset in TLE patients. Si-
multaneously, delta band oscillations dominate the energy
and gamma band has minimum energy. During the seizure
attack, activated nodes could be determined according to
spectrogram analysis and node ranking. Besides, sharp in-
crease and decrease of power alteration occur in gamma and
delta band EEG oscillations separately.

Similarity, matrix is obtained by way of RA. Node se-
quence is produced by combining nodes that correspond
with highest value in the similarity matrix. Variation of node
sequence is calculated by cosine similarity and Euclidean
distance. It seems that they are sensitive to subtypes of
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Figure 4: Performance comparison of link prediction algorithms on real networks: (a) USair dataset; (b) King James; (c) Adolescent;
(d) NetScience; (e) Jazz; (f ) C. elegans.
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epilepsy. As illustrated in Figure 7, from a patient with TLE,
fluctuations in node sequences are both time-dependent and
frequency-dependent in all EEG networks. It is demon-
strated that network organization alters sharply under sei-
zure condition especially in patients with TLE. +e variation
of node sequences changes strongly compared with that
under preictal and postictal condition. Besides, intense
network variations are demonstrated both in ictal to preictal
and in ictal to postictal comparisons. Specifically, alterations
of node sequences could detect seizure onset from gamma
band EEG oscillations, while no clear difference are revealed
in the other four subband EEG oscillations. +e variation
trend is in the opposite direction between temporo/occipital
and TLE subtypes, which decrease at first and bounce back
later during ictal session in the former, and the variation

decreases during seizure occurrence with an increase occurs
prior to attack in the latter. In temporooccipital/NC sub-
types, neither clear decrease nor increase springs out.
Figures 8 and 9 display distinct variations of network
connections in gamma band in different epilepsy subtypes.
Specifically, this time-dependent variation occurs in both
temporo/occipital and TLE in descending and ascending
directions during the attack process separately.

Specifically, distance of ranked node sequence reflects the
time-varying network organizations during seizure process.
Besides, the contrary alteration of node sequence variations
indicates distinct pathological mechanism of seizures in TLE
and temporo/occipital epilepsy. All these attest that link
prediction techniques enabling uncovering heterogeneous
mechanism of epilepsy, and they might provide new insights
for epilepsy investigation.

In order to separate intrafocus from extrafocus sites,
nodes are ranked by their similarity according to link
prediction analysis. +en, node index summation is pre-
sented for characterizing time-varying networks for seizures
after node ranking in similarity matrix. Node index sum-
mation is calculated in total 8 patients over five subbands.
Results demonstrate that under seizure attack condition, the
networks tend to be closer to intrafocus. Since 1 to 3 in-
dicates intrafocus sites, higher values of node index sum-
mation demonstrate more extrafocus involving in network
sequence. As for FLE, more extrafocus sites take part in
network sequence in delta band comparing with preictal and
postictal conditions. However, more intrafocus focus sites
are involved in the other four subbands. In TLE, the roles of
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Figure 5: Performance comparison of four link prediction algorithms on two networks: (a) simulated scale-free network; (b) EEG network
in alpha band derived from on representative epilepsy patient.
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intrafocus and extrafocus sites are different as more intra-
focus takes charge during seizure process in alpha, beta, and
gamma subbands. In temporooccipital epilepsy, intrafocus
sites are dominant under ictal condition in alpha, beta, and
gamma subbands, while extrafocus sites take charge under
seizure attack in delta band, and theta band EEG networks
involve more extrafocus sites after seizure termination. As
node index summation indicates different roles played by
intrafocus and extrafocus sites, the higher value corresponds
with more extrafocus sites dominate in the network. It is
illustrated that most intrafocus sites take part in network
sequence under seizure occurrence. What is more, such
tendency is frequency dependent. In gamma band, the
networks are more obvious for reflecting seizure occurrence
than other subband EEG networks under pathological
condition.

We also calculated network metrics on time-varying
weighted networks including weighted degree, weighted
clustering coefficients, and weighted path length. +ese
measurements could detect the eruption of seizures in the

beginning. However, it fails to detect the alteration of
network organization during seizure course.

What is more, we have tested these link prediction
techniques on other biological networks including simulated
hierarchical andmodular networks. It has been found out that
RA technique is not applicable for these networks, which
might due to their special topology property Figure 10.

5. Discussion

Combining link prediction technique with theoretical net-
work topology, we propose a novel workflow for describing
and quantifying seizures from intracranial EEG recordings.
At first, EEG oscillations are divided into delta (0.5–4Hz),
theta (4–8Hz), alpha (8–13Hz), beta (13–30Hz), and gamma
(30–45Hz) bands separately. A frequency-dependent length
of window is brought in to detect transient connection
behavior by multichannel EEG signals, whereas time-
varying PLVs are derived from these subband EEG oscil-
lations. +ese PLVs are taken as elements in adjacency
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FIGURE 7: Distance of node sequences during seizure course: (a) alterations vary with time during preictal, ictal, and postictal segments in
gamma band EEG networks from one patient with FLE; (b) distance of node sequences when comparing preictal to ictal and ictal to postictal
segments in gamma band EEG networks from one patient with FLE; (c) alterations vary with time during preictal, ictal, and postictal
segments in gamma band EEG networks from one patient with temporo/occipital epilepsy; (d) distance of node sequences when comparing
preictal to ictal and ictal to postictal segments in gamma band EEG networks from one patient with temporo/occipital epilepsy.
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matrix. Simultaneously, CN, RA, AA, and Sorenson algo-
rithm are brought in for performance comparison in link
prediction based on node similarity. As RA defeats its op-
ponents, the RA technique is adopted to get largest similarity
matrix from the weighted networks. Node sequences are
detected through these similarity matrixes during seizure
condition in nine different kinds of epilepsy. Cosine similarity
and Euclidean distance are applied for calculating the vari-
ation of node sequence during the total seizure process. Node
index summation is put forward for separating intrafocus
and extrafocus sites. It is demonstrated that variation in
node sequences detect seizure bursts and monitor seizure
journey in focal and temporal epilepsy. A majority of net-
works bounce back to previous condition in these subband
EEG oscillations. +is might be a reflection of brain plasticity
under pathological condition. Take gamma band EEG os-
cillations as an example; the alteration of wiring patterns
increased in temporo/occipital epilepsy with hippocampus
origin under seizure onset, while the alterations decreased in
TLE with hippocampus origin under the same circumstances.
According to node index summation, different roles are
played by intrafocus and extrafocus sites during seizure
journey. In other words, the involvement is changing of
intrafocus and extrafocus sites in the epileptogenic net-
work. What is more, patients’ specific information could be
obtained by node index summation and frequency de-
pendency appears on epilepsy subtypes.

Normally, social networks are different from biological
networks in assortative mixing which makes them easy to
percolate and hard to be attacked on high-degree vertex [48].
+e powerful capability of link prediction has been testified
in social networks. However, the adoption of link prediction
is rare in brain networks. Apart from precise localization of
the epileptogenic zone, it is important to describe the dy-
namics in the related cortical area [16–18]. If recording sites
are taken as nodes, and their relations are regarded as links,
nodes and edges are fundamental elements of the network.
Interactions among cortical regions could be illustrated
through weighted complex networks. Recurrent seizure
occurrence affects brain structure and its function. Tracking
seizure dynamics could unravel functional integration and
segregation and then aid in clinical treatment. With the
advent of complex network, EEG recordings could be in-
vestigated for uncovering working mechanisms of the brain
integrally and systematically, which reflects faster temporal
spontaneous neural oscillations in the brain. Network
identification and characterization aids in clinical treatment
for medically intractable epilepsy patients [27]. Epilepto-
genic networks consist focus and other cortical areas in-
volved in seizure initiation and propagation.

In this study, the implantation of recording electrodes
covers both intrafocus and extrafocus brain areas. Nodes 1 to
3 denote intrafocus area and nodes 4 to 6 correspond
with extrafocus area. Long-term invasive EEG signals are
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Figure 8: Variation of node sequences during seizure course from a patient with temporo/occipital epilepsy: (a–c) variations detected by
cosine similarity under preictal, ictal, and postictal condition separately; (d) variations in preictal, ictal, and postictal condition detected
by cosine similarity together; (e–g) variations detected by Euclidean distance under preictal, ictal, and postictal condition separately;
(h) variations in preictal, ictal, and postictal condition detected by Euclidean distance together.
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recorded prior to surgery in refractory epilepsy patients.
Abnormal neural firings could be eliminated or weakened
according to disruption or control of these epileptogenic
networks. Previously, experimental results demonstrate that
link prediction on weighted network is worse than those on
undirected binary network [33]. However, binary links
would remove the important message including cooperation
strength and energy cost. What is more, such worse results
do not appear in our experiment.

Connections among brain regions quantify information
flow. Edge weights reflect the similarity distance among
brain areas. It is assumed that weak links play important
roles in psychiatric pathologies as well as in network
function [33]. In other words, weight should be considered
as an important component in brain networks. In this work,
our real networks contain both binary and weighted ones,
and RA technique outperforms other three methods in link
prediction. +e power of RA technique reflects their general
topology property along with network dynamics in these
tested networks. Node similarity is an effective indicator for
investigating network dynamics [49, 50]. All the adopted
four techniques are focused on node similarity. Results
demonstrate that this node similarity-based prediction

technique could detect seizure attack according to in-
vestigating weighted frequency dependent networks.

It is known that brain has to work cooperatively and
harmoniously. Disconnected network in brain disorder was
proposed by Wernicke in the late 19th century. However,
most work focused on quantitative measurement instead of
uncovering details. What is more, the small-worldness as-
sumption of brain network requires further investigation
[51]. In this paper, we brought in link prediction techniques
for describing and quantifying seizures from intracranial
EEG recordings. +e sliding window enables capturing
frequency-dependent network evolution during the course
of seizures [52]. Intrafocus and extrafocus sites are denoted
as 1 to 3 and 4 to 6 individually. +ese nodes are ranked to
form node sequence according to the largest similarity
matrix which was evaluated by RA technique. Nodes that
have highest similarity would be combined to form node
sequences corresponding to individual recording sites. As an
example, the sequence might be 6,54,211 during preictal
period and then it changes to 2,21,111 under seizure attack.
Cosine similarity is a measure for quantifying distance
between vectors and string in machine learning and artificial
intelligence. +e cosine similarity among these varying node
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Figure 9: Variation of node sequences during seizure course from a patient with TLE: (a–c) variations detected by cosine similarity under
preictal, ictal, and postictal condition separately; (d) variations in preictal, ictal, and postictal condition detected by cosine similarity
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sequences depicts the process of seizures especially in
gamma band EEG networks.

It is illustrated that variation of node sequence detects
seizure occurrence andmonitors seizure process in weighted
networks derived from gamma band oscillation. Take TLE as
an example; alteration of network organization bursts as
soon as seizure occurs in gamma band EEG oscillation, and
network disruption is demonstrated in other subband EEG
oscillations under attack. Our proposed workflow offers
a technique for quantifying network alterations effectively.
+ese various alterations implicit heterogeneity of network
evolution accompanied with transient ictal behaviors in
distinct epilepsy.

According to our research, RA has the best performance
in link prediction based on node similarity. It is assumed that
the consideration of the next nearest neighbors enables it to
discover transmission and connectivity capability under
nonlinear condition [33, 46, 53]. Besides, allocated resource
might be better for representing weighted networks. One
node’s resource could be distributed and flowed to its
neighbors, which was determined by network topology,
whereas power-law strength-degree correlation produces
equilibrium in resource-allocation dynamics [53]. It is
postulated that RA has splendid performance in networks
owning high clustering coefficients. Brain is such a high-
efficient complex system that higher clustering coefficients
and longer path length might coexist under pathological
epileptic condition. +is might contribute to the good
performance of the RA technique. As RA has clear physical

significance, we could presume that these frequency-
dependent varying node sequences and their distances
are another reflection of network dynamics in seizures.

6. Conclusion

Epileptic seizure investigation frommultichannel EEG signals
is critical for uncovering the pathology of epilepsy. In this
paper, we propose a novel workflow for depicting seizure
occurrence in refractory focal epilepsy. +is network-based
workflow detects the seizure occurrence and monitors the
total seizure course, which is the first work aiming at mon-
itoring alteration of network reorganizations throughout
seizures as far as we know. +e key point is that link pre-
diction technique is adopted to describe connection transi-
tions under seizure attack by way of similarity matrix. It finds
out that network variation detecting outburst as well as
termination of seizures according to gamma band EEG os-
cillations in frontal and temporal focal epilepsy.

Weighted dynamic network organization reveals in-
formation transmission and interaction strength during
seizure course. Results demonstrate that our workflow takes
the picture of network connection transitions all the way to
seizure when compared with ordinary network metrics
including weighted clustering coefficients. In the beginning,
four link prediction techniques are brought in for perfor-
mance comparison including CN, RA, AA, and Sorenson
algorithm which have demonstrated their powerful capa-
bility in social networks based on evaluating local property
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Figure 10: Time-varying wiring patterns in gamma band EEG oscillations: (a–c) binary brain networks for preictal, ictal, and postictal stages
at the threshold value of 0.3 in patient with TLE; (d–f ) binary brain networks for preictal, ictal, and postictal stages at the threshold value of
0.3 in patient with temporooccipital/H epilepsy.
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of networks. It is supposed that higher predictability corre-
sponds with better description of network dynamics. Since RA
is superior to other three rivals, node sequences are produced
from similarity matrix by ranking nodes based on RA tech-
nique. Node sequence variations are calculated covering
seizure onset in subband EEG networks in all subtypes. Cosine
similarity is better than Euclidean distance in detecting var-
iance in these node sequences during the whole seizure
process. Experimental results reveal that it could quantitatively
characterize and monitor seizure occurrence. Distinct varia-
tions in node sequences are demonstrated in various epilepsy
subtypes. +ese variations might be a reflection of their
heterogeneous pathology. Node index summation quantifies
both temporal and frequency information about subtype
epilepsy. In conclusion, link prediction might be an efficient
assistant technique for uncovering brain network dynamics in
epilepsy.

+e presented workflow introduces link prediction tech-
nique for depicting brain networks. Epileptogenic cortical
network plays dominant roles in working mechanism of ep-
ilepsy. Heterogeneity is a critical problem when investigating
epilepsy’s pathology. +e combination with link prediction
and network organization offers new insights for un-
derstanding epilepsy through the point of seizure occurrence.
In refractory focal epilepsy, surgery is a good choice to ease the
pain of patients. And the separation of intrafocus and extra-
focus sites aids in diagnosis and clinical treatment in epilepsy
research. According to our experimental results, RA ranks
individual nodes efficiently while variation in node sequences
detects seizure occurrence. Limited by the number of subjects
in this research, our preliminary work did not get statistical
results for characterizing distinct epileptic brain networks.
+erefore, more research is needed for deeper understanding.
For example, more investigation should be taken to uncover
the contrary changes between TLE and temporo/occipital
epilepsy brain especially in gamma band EEG oscillations.
What is more, RA should be investigated further by com-
putational neuroscience methods. Besides, as gamma band
EEG oscillation is believed to play important role in higher
cognitive function; distinguishable alteration in gamma band
networks needs more attention in epilepsy research.
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A complete digital tooth model is needed for computer-aided orthodontic treatment. However, current methods mainly use
computed tomography (CT) images to reconstruct the tooth model which may require multiple CT scans during orthodontic
progress, and the reconstructedmodel is also inaccurate in crown area.*is study developed a toothmodel reconstructionmethod
based on integration of CT images and laser scan images to overcome these disadvantages. In the method, crown models and
complete tooth models are first reconstructed, respectively, from laser scan images and CT images.*en, crownmodels from laser
scan images and tooth models from CT images are registered. Finally, the crown from laser scan images and root from CT images
were fused to obtain a new tooth model. Experimental results verified that the developed method is effective to generate the
complete tooth model by integrating CT images and laser scan images. Using the proposed method, the reconstructed models
provide more accurate crown than CT images, and it is feasible to obtain complete tooth models at any stage of orthodontic
treatment by using one CT scan at the pretreatment stage and one laser scan at that stage to avoid multiple CT scans.

1. Introduction

In clinical orthodontics, a digital three-dimensional (3D)
complete tooth model is needed for diagnosis, treatment
planning, appliance design, tooth movement monitoring, and
so on. With the development of the imaging and computer
techniques, it is feasible to reconstruct digital tooth models
from 3D dental images to conduct computer-aided ortho-
dontic treatment.

Currently, laser scan images and computed tomography
(CT) images are the most widely used 3D images in clinical
orthodontics. Laser scan images have a high resolution up to
ten-micron level, and the reconstructed tooth models have
been used in space analysis, diagnosis, and computer-aided
design of personalized orthodontic appliance, and so on
[1–3]. However, the laser scan images only provide the 3D
information of crown surface, and CT images is necessary in
these applications where 3D information of root is needed

including tooth arrangement, tooth movement monitoring,
and orthodontic treatment simulation [4–7]. Complete 3D
tooth models can be reconstructed from CT images [8, 9].
However, the reconstructed model from CT images is in-
accurate in the crown area to be employed for personalized
orthodontic appliance design due to the low image reso-
lution [10]. In addition, multiple CT scans are needed in
clinic for progress and posttreatment records, which is not
recommended, since the subject would be exposed to high
level of radiation [10, 11].

In this study, a new tooth model reconstruction method
based on integration of laser scan images and CT images was
developed. Crown models and complete tooth models were
first reconstructed, respectively, from laser scan images and
CT images. *e crown models and tooth models were then
registered to align the crown part of the two types of models.
New complete tooth models were finally generated by fusing
the crown from laser scan images and root from CT images.
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*e fusion of laser scan images and CTimages is challenging.
It is difficult to extract the virtual root boundary (the
boundary to be combined with the crown from laser scan
images) from the CT tooth model because of the complex
boundary of laser crown. Additionally, it is difficult to
combine the registered crown and root models since the
density of vertexes of the two models is inconsistent due to
different image spatial resolutions of two sources.

Compared to the previous tooth model reconstruction
method from laser scan images or CT images, the contri-
bution of this study mainly includes two aspects. First, the
reconstructed tooth model using the developed method can
provide the complete 3D information of tooth, and the crown
part is accurate enough to be applied for appliance design.
Second, by applying the developed method, it is feasible to
obtain the complete tooth model at any stage of orthodontic
treatment by using one CTscan at pretreatment stage and one
laser scan at that stage to avoid multiple CT scans.

2. Methods

*e framework of the tooth model reconstruction method
based on integration of laser scan images and CT images is
shown in Figure 1.*e laser crown models (Figure 1(b)) and
completed CT tooth models (Figure 1(d)) are firstly seg-
mented and reconstructed from laser scan images (Figure
1(a)) and CT images (Figure 1(c)), respectively.*e two types
of models are then registered (Figure 1(e)) using principal
component analysis (PCA) algorithm [12] and iterative
closest point (ICP) algorithm [13] to align their crown parts.
Finally, the crowns from laser scan images and roots from CT
images are fused to generate new tooth models (Figure 1(f))
using the Delaunay-based region-growing method [14].

2.1. Crown Model Segmentation from Laser Scan Images.
*e triangular mesh model (Figure 2(a)) including all tooth
crown surface in stereolithographic format is automatically
obtained from the laser scanner. Individual tooth crown models

(Figure 2(d)) are segmented from the mesh model by applying
a modified fast watershed mesh segmentation method.

In the commonly used fast watershed mesh segmenta-
tion method [15], a height function is defined based on the
curvature of triangular facet to extract the boundary of
neighboringmeshmodels. However, over segmentationmay
occur when using this method, and the method may fail to
segment individual crowns due to the slow curvature change
at the boundary between neighboring crowns. In this study,
a modified fast watershed mesh segmentation algorithm is
developed to segment individual crowns. Compared to
the commonly used fast watershed mesh segmentation
method, the modification mainly includes the following
two points. (1) A region-growing algorithm [16] is applied
to presegment the occlusion area of each crown to avoid
over segmentation of the commonly used fast watershed
mesh segmentation method (Figure 2(b)). (2) Both cur-
vature and area of triangular facet are employed to define
a height function to extract boundary of neighboring
crowns (Figure 2(c)). For a given triangular facet t1, the
height function H(t1, t2) between t1 and one of its first-
order neighboring triangular facets t2 is written as

H t1, t2(  � w
area t1(  + area t2( 

max area ti( ( 
+ (1−w)C t1, t2( , (1)

where ti represents the 1-neighboring facets of t1, area(·) is
the area of a facet, C(t1, t2) is the curvature of t1 and t2 [15],
and w is the weight factor which could be adjusted according
to the model. In this study, w is empirically set to be 0.16.

2.2. Tooth Segmentation and Reconstruction from CT Images.
To reconstruct the complete tooth model from CT images
(Figure 3(a)), tooth contours (Figure 3(c)) are first seg-
mented from transverse section slice-by-slice (Figure 3(b))
using the hybrid level set-based method [8, 9], and 3D tooth
surface model (Figure 3(d)) is reconstructed from the seg-
mented tooth contours using the Marching Cube algorithm
[17]. In the procedure of tooth contour segmentation

(a) (b)

(c) (d)

(e) (f)

Figure 1: Framework of the tooth model reconstruction method based on integration of laser scan images and CT images. (a) Laser scan
images of mandibular; (b) individual crowns segmented from laser scan images; (c) CT images of mandibular; (d) 3D tooth models
reconstructed from CT images; (e) registration of crown models from laser scan images and CT images; (f) tooth models reconstruction by
fusing crowns from the laser scan images and roots from CT images.
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(Figure 3(b)), a user first manually selects a starting slice from
the crown part of the volumetric CT images and picks seed
points for each tooth in this slice. *en, the tooth contour is
segmented slice-by-slice automatically from the CT images.
*e automatic segmentation starts from the selected starting
slice and propagates along the crown and root directions for
crown and root segmentation, respectively. For each slice, the
Radon transform is employed to extract a separation line of
neighboring teeth [9], and the hybrid level set model is then
applied to segment each tooth contour from the mesial and
distal sides of the corresponding separation line. Tooth
contour propagation strategy which uses segmented tooth
contour of previous slice as the tooth shape prior to current
slice is employed to initialize the tooth contour automatically.
More details of the hybrid level set-based tooth contour
segmentation method can be found in [8].

2.3. Registration of Crown Models from CT Images and Laser
Scan Images. In this study, the aim of model registration is
to align the crown part of the two types of models. For the
simplicity of computation, the tooth model reconstructed
from CT images is sectioned using a plane to generate
a crown model for registration with the crown model from
laser scan images. *e registration between the two types of
models is performed through two steps: a coarse registration
step based on PCA algorithm [12] and a fine registration step
based on ICP algorithm [13]. During the registration pro-
cess, the crown models from laser scan images are fixed, and
the crown models from CT images are registered to the laser
scan crown models.

In the coarse registration using PCA algorithm, the
covariance matrix of each model is calculated, respectively,
from the corresponding node coordinates. *ree orthogonal
unit eigenvectors are then extracted from the covariance

matrixes, respectively, to establish the body-fitted coordinate
system of the corresponding mesh model, and the origin of the
coordinate system is set at the centroid of all the mesh model
nodes. *e aim of coarse registration is to find an affine
transformation matrix such that the two body-fitted coordinate
systems can be aligned after the affine transformation. Let
CMlaser and CMCT be the covariance matrixes of crownmodels
from laser scan images and CTimages, respectively, and EMlaser
and EMCT be the corresponding eigenvector matrixes. *e
rotation matrix R1 and the translation matrix T1 of the affine
transformation can be obtained as follows:

R1 � EMlaser · Inv EMCT( ,

T1 � Centroid Plaser( −R1 · Centroid PCT( ,
(2)

where Inv(·) is the matrix inverse operator, PCT and Plaser
are the node sets of the two mesh models, respectively, and
Centroid(·) is the centroid of the node set operator. *en an
affine transformation is performed on PCT using R1 and T1,
to generate the coarse registration result PCCT.

*e fine registration using ICP algorithm aims at finding
a set of affine transformation matrixes such that the mean
square error (MSE) of the distance between the corre-
sponding nodes of the laser scan crown and the coarsely
registered CTcrownmodels achieve minimum after the affine
transformations. Let M and N denote the number of nodes in
PCCT and Plaser, respectively. *e procedure of the ICP al-
gorithm for the fine registration is conducted as follows.

Step 1. Build the kd-tree [18] of PCCT and Plaser,
respectively.
Step 2. Calculate the rotation matrix Rint and trans-
lation matrix Tint using the quaternion method [13].
Step 3. Transform PCCT using an affine transformation
with parameters Rint and Tint.

(a)

(b)

(d)

(c)

Figure 2: Modified fast watershed mesh segmentation method for individual crown model segmentation. (a) Mesh model from laser
scanning of mandibular; (b) manually selected seed points of each crown (green points) and presegmentation result in the occlusion area of
each crown; (c) height function distribution of facets; (d) individual crown segmented using the modified fast watershedmesh segmentation
method.
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Step 4. For each node ni(i � 1, . . . , M) in PCCT, search
its nearest node nj(j � 1, . . . , N) in Plaser and calculate
the corresponding Euclidean distance Dij between ni

and nj. *e registration error EC is defined as

EC �

�������


M
i�1 D2

ij

M



, (3)

Step 5. Go back to step 2 until the registration error EC
is smaller than a preset threshold Eth.

2.4. Fusion of Crown from Laser Scan Images and Root from
CT Images. In this study, the Delaunay-based region-growing
(DBRG) algorithm [14] is applied to generate a new tooth
model by fusing the crownmodels from laser scan images and
root models from CT images. In this procedure, each tooth
model is proceeded independently using the DBRG algorithm.
Two sets of triangle denoted by F and RQ, respectively, and
a set of edges denoted by E are defined. *e fusion of the laser
scan crown and CT root models is performed as follows:

Step 1. Calculate the Delaunay triangulation T of all the
vertexes in the two registered models.
Step 2. Choose a starting triangle fromT, put the starting
triangle into F, and put its edges into E (the starting
triangle is selected from those triangles with a largest z
coordinate of vertexes and minimum circumradius).
Step 3. Calculate the local smooth degree (LSD) of these
triangles in T who have edges in E and put these triangles
into RQ (the definition of LSD can be found in [14]).

Step 4. Denote the triangle with the largest LSD in RQ
by t0 and check whether the local geometry and to-
pology between t0 and triangles in F is correct. If it is
correct, (a) remove t0 from RQ, (b) put t0 into F, (c) put
edges of t0 into E, and (d) delete the edges in E that are
no longer the boundary edges of F. If not, remove t0
from RQ and repeat Step 4 until RQ is empty.
Step 5. Go back to Step 3 until RQ is empty.

3. Experiments

*is study was reviewed and approved by Institutional
Review Board of Shenzhen Institutes of Advanced Tech-
nology, Chinese Academy of Sciences. Written informed
consents of the subjects are obtained. Intraoral laser scan
images and CBCT images of five subjects (4 male, 1 female;
average age 18± 1.9) with crowded teeth in need of or-
thodontic treatment are obtained at the pretreatment stage.
*e laser scan images and CBCT images have isotropic voxel
sizes of 50 μm and 0.125mm, respectively.

3.1. Results of Model Reconstruction from 3D Images.
Tooth models of one subject reconstructed from laser scan
images and CBCTimages are shown in Figures 4(a) and 4(b),
respectively. Visually, the crown models reconstructed from
laser scan images provide more detail information of crown
than those from CBCT images.

3.2. Results of CrownModel Registration. *e superimposed
crown models from laser scan images and CBCT images of

(a)

(d)

(b)

(c)

Crown
direction

Root
direction

Figure 3: Framework of tooth segmentation and reconstruction from CT images. (a) CT images; (b) tooth contour segmentation slice-by-
slice; (c) segmented individual tooth region in each slice; (d) reconstructed tooth models from the segmented tooth region using marching
cube algorithm.
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one subject after model registration are shown in Figure 5,
and the corresponding registration error distribution of
nodes is shown in Figure 6.

In this study, the average distance (AD) from the laser
scan crown model to the registered CT crown model is
applied to quantify the registration error of the two models.
*e registration error for all the tested subjects is 0.19±
0.03mm, and the registration error of each subject is listed in
Table 1.

3.3. Results of Model Fusion. For all the tested images, new
tooth models are successfully generated based on the fusion
of the crown from laser scan images and the root from CT
images. Figure 7 shows the generated tooth models of one

subject based on the fusion. Compared to themodels directly
reconstructed from laser scan images and CT images in
Figure 4, the models obtained by the fusion method not only
contain the complete 3D tooth information but also provide
accurate crown.

(a) (b)

Figure 4: Crown and tooth model reconstruction results of one subject. (a) Crown models reconstructed from laser scan images; (b) tooth
models reconstructed from CBCT images.

(a) (b)

Figure 5: Crown registration results from lingual view (a) and labial view (b). Red: the crown model based on CT images; gray: the crown
model based on laser scan images.
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(c)

Figure 6: Error map of registration result from lingual view (a) and labial view (b), and the histogram of distance between the corresponding
nodes of two model (c).

Table 1: Registration error of each subject.

Subjects AD (mm)
Subject 1 0.18
Subject 2 0.16
Subject 3 0.23
Subject 4 0.21
Subject 5 0.17
All 0.19± 0.03
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4. Discussion

In computer-aided orthodontics, complete 3D digital tooth
models are needed for diagnosis, treatment planning, and
treatment simulation. One can reconstruct the complete tooth
models from CT images. However, the reconstructed models
are inaccurate in the crown part for personalized appliance
design. Additionally, multiple CT scans are necessary for
progress and posttreatment records if only using the CT
image to reconstruct the tooth models. Compared with CT
images, laser scan images can be used to reconstruct much
more accurate crown models without radiation [19, 20]. In
this study, we developed a new tooth model reconstruction
method based on the fusion of the crown model from laser
scan images and root model from CT images. By applying the
developed method, it was feasible to obtain the complete
tooth model at any stage of orthodontic treatment by using
one CT scan at pretreatment stage and one laser scan at that
stage to avoid multiple CT scans. Additionally, the recon-
structed tooth model using the developed method provided
more accurate crown than CT images.

In the developed method, the crown models from laser
scan images and the tooth models from CT images are first
registered and then fused to generate the complete tooth
models, and both the registration and fusion procedure
would affect the accuracy of the reconstructed model. In
previous works of the dental model registration, the mean
registration errors are among 0.1mm and 0.3mm [21–23].
In this study, the mean registration error in the developed

method is 0.19mm and is clinically acceptable [24]. To
evaluate the model fusion error, the laser scan crown is
chosen as the ground truth and compared with the fused
tooth model, and AD was used to quantify the fusion error.
*e error map of one subject is shown in Figure 8. For all the
tested subjects, the fusion error is 0.015± 0.004mm which is
rather small and clinically acceptable [25], and the fusion
error of each subject is listed in Table 2.

In the developed method, manual initialization is needed
for the segmentation of CT images and laser scan images
which leaded to limited difference of segmentation results
for different trained users [8, 15]. While the registration and
fusion procedure are performed fully automatically, we
could thus achieve results with good reproducibility and
reliability compared to those manually operating works
[21, 25].*e proposedmethodmay fail to reconstruct angled
teeth since the slice-by-slice image segmentation strategy
used in the method has difficulty in the segmentation of
these teeth [26].

(a) (b)

Figure 7: Tooth models from the fusion of crown from laser scan images and root from CT images. (a) Lingual view of fused tooth models;
(b) labial view of fused tooth models.
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Figure 8: Error between the laser scan crown model and the tooth models from the fusion procedure. (a) Lingual view; (b) labial view;
(c) histogram of the error.

Table 2: Fusion error of each subject.

Subjects AD (mm)
Subject 1 0.014
Subject 2 0.011
Subject 3 0.020
Subject 4 0.017
Subject 5 0.013
All 0.015± 0.004
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5. Conclusion

*is study presented a new tooth model reconstruction
method based on integration of laser scan images and CBCT
images. Compared to those commonly used tooth model
reconstructed methods which directly reconstruct complete
tooth model from CT images, the proposed method can
generate tooth model with more accurate crown and can
obtain a complete tooth model at any stage of orthodontic
treatment by using one CT scan at pretreatment stage and
one laser scan at that stage to avoid multiple CTscans. *us,
the proposed tooth model reconstruction method based on
image integration can benefit the computer-aided ortho-
dontic treatment.
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According to the American Heart Association, in its latest commission about Ventricular Arrhythmias and Sudden Death 2006,
the epidemiology of the ventricular arrhythmias ranges from a series of risk descriptors and clinical markers that go from
ventricular premature complexes and nonsustained ventricular tachycardia to sudden cardiac death due to ventricular tachycardia
in patients with or without clinical history. )e premature ventricular complexes (PVCs) are known to be associated with
malignant ventricular arrhythmias and sudden cardiac death (SCD) cases. Detecting this kind of arrhythmia has been crucial in
clinical applications. )e electrocardiogram (ECG) is a clinical test used to measure the heart electrical activity for inferences and
diagnosis. Analyzing large ECG traces from several thousands of beats has brought the necessity to develop mathematical models
that can automatically make assumptions about the heart condition. In this work, 80 different features from 108,653 ECG
classified beats of the gold-standard MIT-BIH database were extracted in order to classify the Normal, PVC, and other kind of
ECG beats. )ree well-known Bayesian classification algorithms were trained and tested using these extracted features. Ex-
perimental results show that the F1 scores for each class were above 0.95, giving almost the perfect value for the PVC class. )is
gave us a promising path in the development of automated mechanisms for the detection of PVC complexes.

1. Introduction

According to the World Health Organization, cardiovascular
diseases (CVD) are the main cause of death worldwide. An
estimated 17.5 million people died from CVD in 2012, rep-
resenting 31 of all global deaths [1]. )e latest standard in the
American Heart Association (AHA) on ventricular arrhyth-
mias and sudden cardiac death in 2006, the epidemiology of
ventricular arrhythmias includes a series of risk factors and
clinical applications.)ese arrhythmias range from premature
complexes, ventricular tachycardia and sustained ventricular
tachycardia in individuals without cardiac issues background
to sudden death due to ventricular tachyarrhythmia [2]. )e
electrocardiogram (ECG) is the main tool for the prediagnosis
of heart diseases. Today, computer-aided analysis of short time

ECG records, taken from supine positions, is a well-established
procedure.

A normal heartbeat (NB) reflects a heart regular activity
condition. On the other hand, premature ventricular con-
traction (PVC) is a kind of arrhythmia caused by an ectopic
cardiac pacemaker located in the ventricle. PVC is a type of
ECG arrhythmias that is identified for presenting anomalies
in the normal cardiac rhythm, generating alterations in the
heart rate that disrupts the mechanic and electric heart ac-
tivity due to these delayed contractions (premature). On the
ECG, these PVCs are characterized by premature and bi-
zarrely shaped QRS complexes, usually wider than 120ms,
and a T wave larger than usual. A PVC event can be seen in
healthy people and/or persons with some cardiac disorders,
normally asymptomatic.)e bizarrely shapedQRS complexes
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can increase the risk of a cardiac arrest and eventually may
lead to a sudden cardiac death [3]. A bigger problem,
however, is to track the presence and number of arrhythmias
over days, weeks, and months. Since cardiologists cannot
spend a lot of time in the analysis of millions of heartbeats
from an individual, it is necessary to use automated math-
ematical algorithms to detect these abnormal events [4].

)ere have been so many improvements in ECG con-
ditioning; some of these are signal-to-noise ratio enhance-
ment, wave detection characteristics, heart rate variability
analysis, and ECG patterns classification, among others.
Since the new algorithms are increasingly more powerful
and precise, gaps between the use of recent algorithms and
the standard analysis methodology of the available evidence
have begun to emerge [5–7]. Nazarahari et al. [8] used
a neural network (NN) to classify six relevant types of
heartbeats from a set of features created by new wavelet
functions along with different distances and principal
component analysis (PCA) to reduce the dimensionality.
Martis et al. [9] applied the bispectrum computation in each
beat and PCA to create the features that ultimately fed NN
and support vector machines (SVMs) algorithms to classify
between five types of heartbeats including the normal
heartbeats (NBs) and premature ventricular contraction
(PVC) beats. Afkhami et al. [10] derived morphological,
statistical, and temporal features from the heartbeats amid
probability density function extracted from the Gaussian
mixture modeling (GMM) parameters to train an ensemble
of decision trees. Javadi et al. [11] extracted features using
the wavelet transform from key morphological shapes of the
ECG and combined negative correlation learning with
mixture of experts to train a negatively correlated NNs
(neural networks). Kamath [12] used the Teager energy
operator to derived nonlinear components in time and
frequency; consequently, he fed a NN classifier to make
predictions for five different arrhythmia beats. Martis et al.
[13] segmented the QRS wave from each beat, derived
features using the discrete wavelet transform (DWT), and
compared PCA, linear discriminant analysis(LDA), and
independent component analysis (ICA), three different di-
mensionality reduction techniques, to obtain the best
method with greater performance classifying heartbeats.
Sharma and Ray [14] put every heartbeat through the Hilber-
Huang transform for feature extraction along with other set
of features as statistical features, Kolmogorov complexity
and weighted mean frequency which served as training for
a SVM classifier. Banerjee and Mitra [15] proposed heuristic
classification based on the cross wavelet transform of ECG
signals to classify between abnormal and normal heartbeats.
Oliveira et al. [16] designed a dynamic Bayesian network,
and with a threshold set by an expert, it is able to classify
between PVC and other kinds of beats.

)ese works give valuable information about the insights
of the ECG nature and classification boundaries of the
heartbeats and have a high classification performance. In this
work, we compared three generative classifiers to distinguish
between NB, PVC, and others. We attempted to simplify the
feature extraction and use much more simple Bayesian
generative model algorithms, Gaussian Näıve Bayes (GNB),

Gaussian linear discriminant analysis (LDA), and quadratic
discriminant analysis (QDA). In the case of the GNB, it
assumes independence between features in such a way that
every feature is parametrized by univariate μ and σ, and the
LDA/QDA takes into account the joint distribution of the
features, and these are parametrized by μ and . )ese
parameters are much more simple to understand, interpret,
and correlate with the labels in question and are preferred
over a complex hyperparameters as those can give much
more detailed information about the characteristics, attri-
butes, or components from the recollected and extracted
data.

2. Materials and Methods

In this work, we considered the MIT-BIH arrhythmia da-
tabase, available in the PhysioNet web page [17, 18]. It
consists of 48 half-hour signal records of two channel
ambulatory ECG recordings, digitized at 360 samples per
second with 11-bit resolution over a 10mVmaximum range.
)e most important part of this database is that it has
reference notations at each beat done by expert cardiologists.

All the experiments were performed in MATLAB® 2014.
For research purposes, along with the MIT-BIH arrhythmia
database, the PhysioNet web page provides a file for every
ECG record with a beat classification. We relabeled this
database for this work in a similar way as in [8–16]. We kept
the original labels of NB and PVC, and wemapped the rest of
the heartbeats as “Others Beats” (OB). A total of 74,924 beats
are classified as NB, 7129 beats as PVC, and 26,600 as OB.
Giving a total of 108,653 beats for multiclass classification
purposes. Samples of these beats can be seen in Figure 1.

In Figure 2 is shown the workflow that we followed in
this research. First, we extracted every beat from every signal
in the database. )en, we put the data through a series of
preprocessing steps that include the normalization, the
transformed space, and the outlier detection. We proceeded
with the experimentation using the generative models and
the cross validation for the fair and safe comparison of our
results.

2.1. Beat Extraction. For feature extraction purposes, we
segmented each heartbeat taking a time window of 0.2ms
from R peak backwards and 0.46 from R peak forward,
lasting 0.66ms, which is approximately what a normal beat
lasts. In this way, we created a matrix where every row was
a heartbeat and the columns represented each sample point.

2.2. Preprocessing and Extraction of Features from ECGBeats.
In order to train the classifiers and have a better perfor-
mance, we processed the signals. )e first step was to mean
normalize every sample of every signal, and that was done
with the following equation:

xnormalized �
xsample − xμ

xmax −xmin
, (1)

where xsample corresponds to the sample in a particular ECG
signal, xμ is the mean of signal, xmax is the maximum value of
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ECG signal, and xmin is the minimum value of the signal
where the sample is located.

)e main feature extraction is explained in Figure 3.
Once the signals were mean normalized, each one was di-
vided in four vectors. Each quartered vector was under
a processing procedure for the extraction of 20 features. For
each quartered vector, we used a procedure that we named
“Feature Statistic Calculation” (FSC) where we calculate the
mean, the standard deviation, and the maximum and
minimum values. Also, for each quarter, we used another
procedure that we named as “Samples Features Extraction”
(SFE) where we extracted six samples that characterized the
quartered vector. )ese six characteristic samples are the
beginning and the ending of the quartered vector and four
samples equally spaced from the quartered vector. )e
discrete Fourier transform (DFT) was applied in each of
these quartered vectors, and for the resulting transformed
quartered vectors, the same procedure of implementing the
FSC and SFE was performed. At the end, as a result, we have
extracted ten features from the quartered vector of the
original heartbeat plus another ten features from the
transformed quartered vector. As we divided all the signals
in four vectors, we ended up with 80 features to feed the
classifiers.

A great number of elements that has nothing to do with
a disease can distort the ECG signals. )e easier ones to
remove with digital signal processing techniques (such as
filters) are the 60 Hz powerline frequency and muscle-noise
signals. However, as these data come from ECG Holters (a
wearable device that records the signal from a patient
through a considerable number of hours), many of

heartbeats and the signal itself are disturbed by muscle
movements, and these heartbeats recorded are very different
in shape from the ones recorded before or after by standard
methods. Using an outlier algorithm that helped our algo-
rithm to be correctly trained as the models used are based on
Gaussian distribution, outliers can affect greatly the per-
formance of the model.)e next step in the procedure was to
get rid of the samples considered outliers. For this task, an
algorithm which is based both in the multivariate Maha-
lanobis distance and in the comparison of the critical value
of the χ2 distribution was used [19]. For this, we needed to
assume that the dataset behaves as a normal distribution;
then, the Mahalanobis distances from every feature sample
follow a Chi-square distribution with d grades of liberty, in
this case 80. Any value above the 97.5th quantile is con-
sidered an outlier. )e dataset was reduced to 84,586 beats,
with 58,049 normal beats, 5,222 PVC beats, and 21,315 beats
classified as others.

)e “cluster-based visualization with scatter matrix” al-
gorithm [20] was implemented in order to visualize and
project the data in such way that it could be better classified.
)e scattering of matrices is a technique used to reduce the
dimensionality and to maximize the dispersion between
groups. However, this method is for clustered or labeled
datasets. It is well known that the total variance St can be
scattered in the sum of two terms called scattered matrices,
which calculate the variance within the group Sw and the
variances between each group Sb. Due to the importance of
themedia within each cluster as representatives of each group,
it is natural to project the information in a subspace covered
by the media of each group.)is can be done defining a set of
orthonormal vectors bi � 1, . . . , Nc (Nc number of clus-
ters) using the method of Gram–Schmidt orthogonalization:

X
c

� 

Nc

i�1
X · b

T

i  · bi , (2)

with X being the whole dataset. A way to preserve as much
separation as possible between the groups, after the pro-
jection of the dataset into a subspace covered by the medias
of each group, is through the process of whitening before this
procedure:

Xesf � α · β−1/2
· X. (3)

)is last implementation is with the only purpose to
reduce the dimensionality and visualization, and it does not
intervene or affect in the process of clustering, where alpha
and beta are the eigenvectors and eigenvalues, respectively.
)e computation of the scatter matrices for each class is by the
following equations:
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Nj

i�1
X
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i − μ
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i − μ

C
j  ,

S
C
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Nc

j�1
Nj · μj − μ 

T
· μj − μ  ,

M
C

� S
C
w 
−1

· S
C
B ,

(4)

where Xi is the dataset of ith cluster, μ is the general mean,
and μi is the mean of each cluster. Consequently, the di-
agonalization of the new scatter matrix MC shows that for
each class, typically, the major part of the information is
within the first eigenvalues. )is eigenvector forms the
second and third dimension for visualization purposes. )e
first three lower dimensional projections are shown in
Figure 4; this image shows that there are some clear
boundaries and three different types of beats, the normal, the
PVC, and the others. )e dataset was divided uniformly into
70, 15, and 15, for the training set, the validation set, and the
testing set, respectively, without repetitions.

2.3. /e Classifiers and the Classification. Once the data is
prepared and ready to be used as a training set for the
classifiers, we can make inferences with the Bayesian gen-
erative models. )e Bayes theorem is defined as

P qk X, θk

  �
p X qk, θk

  · qk θk

 

p(X)
. (5)

For classification purposes, the divisor or the marginal
probability is not necessary because it plays a constant role,
and as we are interested to knowwhich class qk have a higher
probability, then P(qk|X, θk) is proportional to p(X|qk, θk)·

(qk) for every class:

P qk X, θk

 ∝p X qk, θk

  · qk θk

 , (6)

where P(qk|X, θk) is the posterior probability, in this case,
the class qk given a sample X or a feature vector following

a Gaussian distribution with parameters θk; p(X|qk, θk) is
the likelihood of the sample X, given a class qk following
a Gaussian distribution with parameters θk; and p(qk) is the
probability that the class qk is presented.

For numerical stability, we can use the logarithm op-
erator, and now we can represent the classifier as a sum of
logarithms:

log P qk X, θk

  ∝ log p X qk, θk

   + log p qk θk

  .

(7)

)e probability of the priori for each class is given by the
ratio P � nc/N, where nc is number of times c class is
presented, and N is the total number of instances. )is
remains constant and only the likelihood changes for every
classifier, as it modeled different.

As we have numerical data and in GNB assume that
every feature is independent, the likelihood is formed by the
multiplication of every feature parameterized by univariate
Gaussian distribution’s μ and σ. LDA and QDA are rep-
resented by μ and , as these classifiers model the joint
distribution of the features, and the likelihood term is
modeled by the multivariate Gaussian distribution (MGD)
with d dimensions and k classes and is defined by the fol-
lowing equation:

MGD � −
1

(2π)d/2|  |1/2e
−(1/2) x−μk( )

TΣ−1 x−μk( ). (8)

And substituting it in likelihood in (7), we have

qk(x) � −
1
2
log 

k




−
1
2

x− μk( 
T

−1
k

x− μk( 

+ log p qk θk

  ,

(9)

which leads to the QDA classifier.
If we assume the same covariance for all the classes, this

enables us to use a linear classifier for each class:

qk(x) � x
T

−1
μk −

1
2
μT

K
−1
μk + log p qk θk

  . (10)
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2.4. Evaluation of the ECG Classifier. Before explaining the
experimentation process, the evaluation needs to be
explained. )e efficiency of a test is entirely captured by the
following four basic measurements: true positive (TP), false
negative (FN), false positive (FP), and true negative (TN).
From these four basic measurements, all the other statistical
measures can be derived. In this context, a true positive
means that a PVC was predicted and the arrhythmia really
happened, while a true negative means that a PVC was not
diagnosed and the arrhythmia was, indeed, not present.
However, a false positive means that a PVC was identified,
but it really did not happen. Finally, a false negative is that
a PVC was not detected although the arrhythmia really was
there. Sensitivity (Se) or Recall indicates the ability of a test
to identify positive cases; a test with high sensitivity has few
false negatives. Positive predictive value (PPV) or Precision
provides the probability of being true positive when the test
is positive. Equations (11) and (12) show how to calculate the
above-mentioned measurements:

Se �
TP

TP + FN
, (11)

PPV �
TP

TP + FP
. (12)

For the relation between these two parameters, we used
the F1 score implemented as a good evaluator in [21] and can
be expressed as

F �
2 · Se · PPV
Se + PPV

. (13)

In the worst-case scenario, the F1 score is zero if the two
parameters are zero; and in the best-case scenario, the F1
score is 1 if the two parameters are one. )is ratio gives
a good sense of how the algorithm does the classification.

2.5. Experimentation SetUp. )e experiment was performed
as follows: 10-crossfold validation performed for the clas-
sifier selection and assessment. )e training and validation
set were concatenated, and 10-crossfold validation was done
for the three classifiers. We calculated the F1 score for every
fold, and the mean was extracted in order to have an average
of the performance from each classifier. Every class has a F1
score; in this way, every classifier has three F1 scores, and as
a way to select the best among these, we calculated once
again the mean from those results, and the model with the
higher average was selected.With the training and validation
set concatenated, the trained classifier chosen was tested
then with the test set. )e results from this experiment are
shown in the following section.

3. Results and Discussion

Each record of the MIT-BIH Arrhythmia database was
downloaded in the “mat” format.)e extraction of every NB,
PVC, and OB were just explained in the previous section. A
dataset of 108,653 beats with 80 features were extracted, and
after taking out the outlier samples, the database was re-
duced to 84,586 samples. For the training we used 70% of the

data, for validation 15% of the data, and the remaining 15%
was for testing purposes.

)ree supervised learning algorithms were implemented
to classify the ECG beats, and the results from this are shown
in Table 1. It can be seen that the mean F1 scores for the
Näıve Bayes is the lowest with a considerable 0.86. )e top
ones were the LDA and QDA, with mean F1 scores of 0.96
and 0.98, respectively. Obviously the QDA algorithm has the
highest performance.

)e new training set is composed of the training and
validation sets, and it was used to train a new QDA model
which was then tested with the remaining test set data. )e
results for this last algorithm are presented in Table 2. )e
performance of this last model is over 0.95 for sensitivity,
recall, and F1 scores for each class. Also, the confusion
matrix is added in the results Table 3; this shows which beats
were classified correctly and which ones were not.

)e present work proposes certain specific features as
a way to generalize and reclassify the heartbeats. )e results
from the algorithms commonly applied give us an insight on
the standard methodology followed in the classification of
the heartbeats and in the degree of the complexity needed to
discern between the classes even though there are some
simple linear classifiers able to obtain high percentages in the
classification rate.

However, there are much more complex models avail-
able with the capacity to learn even nonlinear features which
are the state of the art in machine learning algorithms as is
seen in Table 4. )e classification difficulty varies depending
on the kind of classes to detect; anyway most of them have
already high percentages in their classification rates. )e
main goal of our work is not about the reaching of the 100
percent in the classification rate or to achieve better per-
formance than the related works, but instead demonstrating
that simple features can have unambiguous boundaries and
that such features can reach a probability distribution which

Table 1: Performance of each classifier tested.

Mean F1 scores for each train-validation test
GNB QDA LDA
0.868 0.983 0.960

Table 2: Performance of the QDA classifier.

Performance of the final QDA model
Se PPV Fscore

NB 0.991 0.987 0.989
OB 0.959 0.974 0.967
PVC 1 0.980 0.990

Table 3: Confusion matrix of the classifier selected over the test set.

Confusion matrix of the final QDA model
NB OB PVC

NB 8698 78 1
OB 114 3014 14
PVC 0 0 769
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will then be helpful in giving insights about the different
types of beats that we are trying to classify.

For example, in [8, 9, 12, 13], we use NNs to discriminate
between the different types of beats according to their re-
spective application. )e multilayer NNs have been a great
tool for classification purposes; they are powerful and their
deep learning extension (state of the art for complicated
problems like image classification and object detection on
images) has put them into a powerful place to solve many
problems. However, they are called “black box” algorithms
since it is very hard to interpret the hyperparameters they
learned through the training process. Also, the mixture of
experts used in [11] with temporal-frequency domain fea-
tures from the wavelet transform does not provide further
insights of the classification boundaries which could be
extrapolated into a medical interpretation. Although de-
cision trees (applied in [10]) are known for being algorithms
used in Business Applications for their great intuitive design
and modeling, these along with the features extracted from
HOS and GMM may represent a difficult task to find some
interoperability; and Ensemble learning makes it even
harder.

)e SVM was considered state of the art for classification
in its time, the kernel approach made suitable for tasks very
hard to accomplish, and it is widely used nowdays as in
[12, 14] but represents the same lack of interpretability for
being a discriminant model along with the complicated
feature extraction (Bispectrum, PCA transformations, and
temporal-frequency coefficients of Hilbert-Huang trans-
formation). Finally heuristic classification and dynamic
threshold in [15, 16] works, respectively, depend on medical
expertise to tune the decision. We believe that all these
methods and approaches are suitable for the classification
purpose, but we also believe that they overkill the issue. In
our method, for all this, we get rid of all the unnecessary extra
complexity, and we use simple Bayesian models adapted to

explore and analyze the data using our proposed features for
these classifications achieving very good results as shown.

)e independence assumption, the linear and quadratic
boundaries from the Näıve Bayes, the discriminant linear
and quadratic classifiers, respectively, and the results from
these classifiers give us an insight of the separation between
classes with the features that we proposed. )ese algorithms
make evident the advantage that there are no other
hyperparameters to tune as in logistic regressions, in support
vector machines, in neural networks, and so on. )e results
are showing us that the boundary among classes is not
complicated for a linear classifier using the features pro-
posed. )e finding of promising algorithm candidates and
methodologies to classify ventricular heartbeats, as well as
normal heartbeats and other types of beats, can lead to better
treatment and diagnosis of heart issues. Comparing our
method with the results of other works puts our approach
very close to similar implementations in which complex
classifiers were used.

4. Conclusion

We evaluated the Näıve Bayes, LDA, and QDA algorithms to
classify ECG beats in normal, PVC, and other kinds. )ese
three models have high F1 scores, with Näıve Bayes pre-
senting 0.86 while LDA and QDA presenting more than
0.95. However, in relation to the last two, the QDA classifier
have a higher 0.983 F1 score. )is performance results is the
reason why we preferred the QDA classifier over the other
three models.)is chosen classifier was trained with both the
training and validation sets, and it was tested with the
corresponding data test set giving promising results. )e F1
scores for each class were above the 0.95, giving almost the
unit value for the PVC class; this was possible due to the fact
that the relation of sensitivity and recall for this kind of beats
yields better results than those in all the other classes. It can

Table 4: Comparisons between related works.

Comparison with other works
Work Year Features Classifier Classes Acc Se PPV
Nazarahari
et al. [8] 2015 Wavelet + distances measures Multilayer perception Normal, PVC, APC,

paced, LBBB, RBBB 97.51 — —

Martis et al. [9] 2013 QRS, bispectrum, PCA SVM NN N, LBBB, RBBB, APC,
VPC 93.48 — —

Afkhami et al.
[10] 2016 RR interval, HOS, GMM Decision trees, ensemble

learnes
AAMI, all classification in

MIT-BIH 99.7 100 100

Javadi et al.
[11] 2013 Wavelet +morpho-logical and

temporal features
Mixture of experts, negative

correlation learning N, PVC, other 96.02 92.27 79.4

Kamath [12] 2011 Teager energy functions in time
and frequency domains Neural network N, LBBB, RBBB, PVC,

paced beats 100 100 100

Martis et al.
[13] 2013 DWT+PCA+ ICA+LDA SVM, NN, PNN AAMI 99.28 — —

Sharma and
Ray [14] 2016 Hilbert–Huang transform,

statistical features SVM N, LBBB, RBBB, PVC,
paced, APC 99.51 99.36 100

Banerjee and
Mitra [15] 2014 Cross wavelet transform Heuristic classification Abnormal versus normal 97.6 97.3 98.8

Oliveira et al.
[16] 2016 Dynamic Bayesian networks Dynamic threshold PVC versus others 99.88 99 99

Work FSC, SFE QDA NB, PVC, OB 98.3 100 98
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be proved from the confusion matrix that every PVC beat
was correctly classified. )e algorithms proposed in this
work are, in nature, simple, and given that they are gen-
erative these assign a probability distribution to the features
which can also give insights about the distinct heartbeats and
their behavior. )e finding of even more features for the
mapping of these heartbeats into a better feature space and
for their interpretation in behalf of the medical field is an
active area of research.
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Previous methods for predicting protein-protein interactions (PPIs) were mainly focused on PPIs within a single species, but PPIs
across different species have recently emerged as an important issue in some areas such as viral infection. .e primary focus of this
study is to predict PPIs between virus and its targeted host, which are involved in viral infection.We developed a general method that
predicts interactions between virus and host proteins using the repeat patterns and composition of amino acids. In independent
testing of the method with PPIs of new viruses and hosts, it showed a high performance comparable to the best performance of other
methods for single virus-host PPIs. In comparison of our method with others using same datasets, our method outperformed the
others. .e repeat patterns and composition of amino acids are simple, yet powerful features for predicting virus-host PPIs. .e
method developed in this study will help in finding new virus-host PPIs for which little information is available.

1. Introduction

Viral infection involves a large number of protein-protein
interactions (PPIs) between virus and its targeted host..ese
interactions range from the initial binding of viral coat
proteins to host membrane receptor to hijack the host
transcription machinery by virus proteins. Various viral
diseases are caused by infection with pathogenic viruses. For
instance, Ebola virus disease is a highly contagious and fatal
disease caused by infection with Ebola virus. During the 2014
Ebola epidemic, the world witnessed over 28,000 cases and
over 11,000 deaths [1]. So far, there is no specific vaccine or
effective treatment for Ebola virus disease [2]. Despite the
increased number of known virus-host PPIs, viral infection
mechanism is not fully understood. .us, identifying in-
teractions between virus proteins and host proteins helps
understand the mechanism of viral infection and develop
treatments and vaccines.

So far, many computational methods have been de-
veloped to predict PPIs. However, most of these methods
predict PPIs within a single species and cannot be used to

predict PPIs between different species because they do not
distinguish interactions between proteins of the same species
from those of different species. Recently, a few computa-
tional methods have been developed to predict virus-host
PPIs using machine learning methods. For instance, a ho-
mology-based method [3] predicts PPIs between H. sapiens
and M. tuberculosis H37Rv. Support vector machine (SVM)
models developed by Cui et al. [4] and Kim et al. [5] pre-
dicted PPIs between human and two types of viruses
(hepatitis C virus and human papillomavirus). However,
these methods are intended for PPIs between virus of a single
type and host of a single type. Recent computational
methods developed for predicting virus-host PPIs [6–8] are
also limited to PPIs between human and the human im-
munodeficiency virus 1 (HIV-1) and cannot predict PPIs of
new viruses or new hosts which have no known PPIs to the
methods. A recent SVM model called DeNovo can excep-
tionally predict PPIs of new viruses with a shared host [9].

In this paper, we present a new method for predicting
virus-host PPIs, which is applicable to new viruses or hosts
using amino acid repeat patterns and composition. Proteins
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in a variety of species contain significant amino acid repeats,
with more abundance of repeats in eukaryotic proteins than
in prokaryotic proteins [10, 11]. It has been found that
proteins with a large number of amino acid repeats have
a greater number of interacting partners compared to those
without [12]. Experimental results of our method show that
the repeat patterns and local composition of amino acids are
simple, yet powerful features for predicting virus-host PPIs.
.e rest of this paper discusses the details of the method and
its experimental results.

2. Materials and Methods

2.1. Features and Representation. Proteins are of different
lengths and have different amino acid compositions. Many
features of proteins have been used to predict PPIs from
protein sequences. In this study, we represent a virus-host
PPI by three features (F1, F2, and F3):

F1: sum of squared length of single amino acid repeats
(SARs) in the entire protein sequence
F2: maximum of the sum of squared length of SARs in
a window of 6 residues
F3: composition of amino acids in 5 partitions of the
protein sequence

F1, which is the sum of squared length of SARs in the
protein sequence, is defined by (1). Since SAR of length 1 is
also included in F1, the F1 score reflects global composition
of amino acids as well as amino acid repeats. Figure 1 shows
an example of how we compute F1.

F1(SAR) � 
SAR∈sequence

length(SAR)
2
.

(1)

Feature F2 is defined by (2). It appears to be similar to F1,
but there are two differences: (1) for F2, the sum of squared

length of SARs is computed for every window of size 6 instead
of a whole protein sequence, and (2) the maximum of the sum
of squared length of SARs in a window is selected for F2. For
example, a protein sequence SWWWWRSSSRRRRRRSSSWW
has 15 possible windows of size 6, as shown in Figure 2. For
each amino acid, we compute its F2 score by selecting the
maximum of the sum of squared length of the SAR in
a window of size 6:

F2(SAR) � max
window∈sequence


SAR∈window

length(SAR)
2
. (2)

.e reason that we use a window of size 6 for F2 is
because a window larger than 6 residues generates a same
score for different repeat patterns. For example, with
a window of size 7, wemay obtain a same value of F2 even for
different patterns of single amino acid repeats, whereas with
a window of size 6, we obtain all different values of F2 for
different patterns of single amino acid repeats (Figure 3).

While feature F1 represents the repeat patterns and
global composition of amino acids in the whole protein
sequence, feature F3 represents the local composition of
amino acids. For feature F3, we partition a protein sequence
into 5 segments of equal length except the last one and
compute the composition of amino acids in each of the 5
segments. Since the three features, F1, F2, and F3, are
computed for each amino acid, every pair of virus and host
proteins is represented in a feature vector with 280 elements
(140 for a virus protein and 140 for a host protein).

2.2. Datasets of Virus-Host PPIs. We constructed several
datasets of virus-host PPIs to examine the applicability of the
prediction method to new viruses and hosts. .e first
training dataset consists of PPIs of human with positive-
sense single-stranded RNA (+ssRNA) viruses except hepa-
titis C virus (HCV) and severe acute respiratory syndrome

Protein sequence S W W W W R S S S R R R R R R S S S W W

Repeats of S S S S S S S S

length (repeat S) = 1 length (repeat S) = 3 length (repeat S) = 3

Repeats of W W W W W W W

length (repeat W) = 4 length (repeat W) = 2

Repeats of R R R R R R R R

length (repeat R) = 1 length (repeat R) = 6

Feature 1(S) = 12 + 32 + 32 = 1 + 9 + 9 = 19 

Feature 1(W) = 42 + 22 = 16 + 4 = 20

Feature 1(R) = 12 + 62 = 1 + 36 = 37 

Figure 1: Example of computing feature 1 (F1) of amino acid repeats. F1 is the sum of squared length of single amino acid repeats (SARs)
in the whole protein sequence. In this example, F1 (repeats of S)� 12 + 32 + 32 �19, F1 (repeats of W)� 42 + 22 � 20, and F1 (repeats of R)�

12 + 62 � 37.
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(SARS) virus. .e SVM model trained with the training
dataset was tested on PPIs of five new viruses: HCV, SARS
virus, influenza A (H1N1) virus, human papillomavirus
(HPV-16), and human immunodeficiency virus HIV-1. Both
HCV and SARS are positive-sense single-stranded RNA
(+ssRNA) viruses, but the remaining three viruses are of
different type. H1N1 virus is a negative-sense single-
stranded RNA (−ssRNA) virus, HPV-16 is a double-
stranded DNA (dsDNA) virus, and HIV-1 is a retrovirus.

.e second training dataset is composed of PPIs between
human and +ssRNA viruses, including HCV and SARS
virus..e SVMmodel trained on the second training dataset
was tested on PPIs of new hosts: Mus musculus, Bos taurus,
Rattus norvegicus, Sus scrofa, and Escherichia coli K-12.

Data of virus-host PPIs were collected from IntAct [13]
and VirusMentha [14]. But PPIs of HCV with human were

obtained from the Hepatitis C Virus Protein Interaction
Database (HCVpro) [15] because HCVpro has more
human-HCV PPIs than IntAct. .e sequences of the pro-
teins involved in the virus-host PPIs were obtained from the
UniProt database [16].

.e training and test datasets constructed in our study
can be summarized as follows.

1. Training (TR) and Test (TS) Datasets for Assessing the
Applicability of the Prediction Model to New Viruses

TR1: 638 PPIs between 499 human proteins and 25
+ssRNA virus proteins
TS1: 515 PPIs between 423 human proteins and 11
HCV proteins
TS2: 30 PPIs between 27 human proteins and 12 SARS
virus proteins

Protein sequence S W W W W R S S S R R R R R R S S S W W

Windows of size 6 in the protein sequence:

1 S W W W W R 6 R S S S R R 11 R R R R R S

2 W W W W R S 7 S S S R R R 12 R R R R S S

3 W W W R S S 8 S S R R R R 13 R R R S S S

4 W W R S S S 9 S R R R R R 14 R R S S S W

5 W R S S S R 10 R R R R R R 15 R S S S W W

Figure 2: Example of computing feature 2 (F2) of amino acid repeats. F2 is the maximum value of the sum of squared length of single amino
acid repeats in a window of size six. .e maximum repeat size of amino acid S is 3, which is observed in the windows starting at 4, 5, 6, 7, 13,
14, and 15. So, F2 (repeats of S) � 32 � 9. .e maximum repeat size of amino acid W is 4, observed in the windows starting at 1 and 2.
F2 (repeats of W)� 42 �16. .e maximum repeat size of amino acid R is 6, observed in the window starting at 10. F2 (repeats of R)� 62� 36.

Case Window of size 6 Equation for feature #2 Value

1 02 = 0 0

2 ∙ 12 = 1 1

3 ∙ ∙ 12 + 12 = 2 2

4 ∙ ∙ ∙ 12 + 12 + 12 = 3 3

5 ∙ ∙ 22 = 4 4

6 ∙ ∙ ∙ 22 + 12 = 5 5

7 ∙ ∙ ∙ ∙ 22 + 12 + 12 = 6 6

8 ∙ ∙ ∙ ∙ 22 + 22 = 8 8

9 ∙ ∙ ∙ 32 = 9 9

10 ∙ ∙ ∙ ∙ 32 + 12 = 10 10

11 ∙ ∙ ∙ ∙ ∙ 32 + 22 = 13 13

12 ∙ ∙ ∙ ∙ 42 = 16 16

13 ∙ ∙ ∙ ∙ ∙ 42 + 12 = 17 17

14 ∙ ∙ ∙ ∙ ∙ 52 = 25 25

15 ∙ ∙ ∙ ∙ ∙ ∙ 62 = 36 36

Case Window of size 7 Equation for feature #2 Value

1 ∙ ∙ ∙ ∙ 12 + 12 + 12 + 12 = 4 4

2 ∙ ∙ 22 = 4 4

Figure 3: Values of feature 2 for windows of six and seven residues. With a window of size 6, different patterns of single amino acid repeats
lead to 15 different values for feature 2. With a window of size 7, different patterns of single amino acid repeats can lead to a same value for
feature 2, as shown in this example.
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TS3: 377 PPIs between 307 human proteins and 10
H1N1 virus proteins
TS4: 319 PPIs between 298 human proteins and 11
HPV-16 proteins
TS5: 1,578 PPIs between 1,056 human proteins and 46
HIV-1 proteins

2. Training (TR) and Test (TS) Datasets for Assessing the
Applicability of the Prediction Model to New Hosts

TR2: 689 PPIs between 522 human proteins and 35
+ssRNA virus proteins
TS6: 191 PPIs between 141 Mus musculus proteins and
116 virus proteins
TS7: 125 PPIs between 87 Bos taurus proteins and 34
virus proteins
TS8: 86 PPIs between 79 Rattus norvegicus proteins and
24 virus proteins
TS9: 57 PPIs between 38 Sus scrofa proteins and 10
virus proteins
TS10: 78 PPIs between 64 Escherichia coliK-12 proteins
and 27 virus proteins

Machine learning-based approaches to PPI prediction
require both positive and negative PPI data, but negative
data are not available in databases. Constructing a negative
dataset of PPIs is not straightforward because there is no
experimentally verified noninteracting pair [17]. Eid et al.
[9], for example, used negative sampling for their negative
dataset. In our study, we constructed a negative dataset with
human proteins whose sequence similarity is lower than 40%
to any human protein in the positive dataset by running CD-
HIT [18]. Our negative dataset includes 2,819 interactions
between 90 virus proteins and 2,819 human proteins. .e
training and test datasets constructed in this study are
available in Additional files 1 and 2.

2.3. Prediction Models of Virus-Host PPIs. We built several
support vector machine (SVM) models using LIBSVM [19]
to evaluate our approach. .e radial basis function (RBF)
was used as a kernel of the SVM models, and the best values
of parameters C and c were obtained by running the grid
search of LIBSVM on training datasets. Unless specified
otherwise, the results shown in this paper were obtained with
C� 2 and c � 0.5. .e SVM models take a pair of virus and
host protein sequences as input. As output, the SVMmodels
classify whether or not the virus protein interacts with the
host protein. .e SVM models and supporting data are
available at http://www.bclab.inha.ac.kr/VHPPI.

3. Results and Discussion

3.1. Performance Measures. .e performance of the SVM
models was evaluated by several measures: sensitivity (Sn),
specificity (Sp), accuracy (Acc), positive predictive value
(PPV), negative predictive value (NPV), and Matthews
correlation coefficient (MCC), which are defined by the
following equations:

Sn �
TP

TP + FN
, (3)

Sp �
TN

TN + FP
, (4)

Acc �
TP + TN

TP + FP + TN + FN
, (5)

PPV �
TP

TP + FP
, (6)

NPV �
TN

TN + FN
, (7)

MCC �
(TP × TN)−(FP × FN)

�����������������������������������
(TP + FP)(TP + FN)(TN + FP)(TN + FN)

 .

(8)

In (3)–(8), true positives (TP) are host proteins that are
correctly predicted as interacting with a virus protein. True
negatives (TN) are noninteracting host proteins that are
correctly predicted as noninteracting with a virus protein.
False positives (FP) are noninteracting host proteins that are
incorrectly predicted as interacting with a virus protein.
False negatives (FN) are interacting host proteins that are
incorrectly predicted as noninteracting with a virus protein.

3.2. Results of Cross Validation. We performed 10-fold cross
validation of the SVM model with several datasets which
contain different ratios (1 :1, 1 : 2, and 1 : 3) of positive to
negative PPIs between +ssRNA viruses and human. As shown
in Table 1, the best performance of the SVM model was
observed in the balanced dataset with 1 :1 ratio of positive to
negative data. As expected, running the SVM model on
unbalanced datasets resulted in lower performances than
running it on the balanced dataset with 1 :1 ratio of positive to
negative data. Datasets are available in Additional file 3.

We also examined the contribution of the features to the
prediction performance of the SVM model. Table 2 shows
the results of using different combinations of features in 10-
fold cross validation of the SVM model with the 1 :1 dataset
of Table 1. Among the single features, F3, which is the local
composition of amino acids, was the best in all performance
measures. With F3 alone, the SVM model achieved an ac-
curacy above 92% and an MCC above 0.86, indicating that
F3 is a very powerful feature in predicting virus-host PPIs.
.e best performance of the SVMmodel was observed when
F1 and F3 were used. We also examined this work with
different combinations of features. We used double amino
acid repeats (DARs) for F1 and F2 instead of single amino
acid repeats (SARs), but here for F2, we used a window size
of 10 residues not 6 residues because we are working with
DAR, so a window size of 10 residues is the biggest available
window size that obtain a different value for every double
amino acid repeat in it, but a window size of 6 residues does
the same thing for the single amino acid repeat.

For features F1 and F2, we tried both single amino acid
repeats (SARs) and double amino acid repeats (DARs) along
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with different partitions of a protein sequence. As shown in
Table 3, SAR resulted in a better performance than DAR.

For feature F3, we tried several different partitions of
a protein sequence in several datasets. Table 4 shows the
performance of our SVMmodel in three different datasets of
virus-host PPIs. All the results shown in Table 4 were ob-
tained by using SAR for features F1 and F2, but with dif-
ferent partitions for feature F3. On average, partitioning
a protein sequence into 5 segments showed the best per-
formance in all performance measures except sensitivity. In
addition to the performance gain, partitioning a protein
sequence into 5 segments is more advantageous than 7 or 9
segments with respect to the size of a feature vector that
represents the sequence. When we partition a protein se-
quence into 5 segments, every pair of virus and host proteins
is encoded in a feature vector with 280 elements (20 elements

for F1, 20 elements for F2, and 20× 5�100 elements for F3
for each of the virus and host proteins). If we partition
a protein sequence into 7 or 9 partitions, a feature vector will
require 360 elements (20 elements for F1, 20 elements for F2,
and 20× 7�140 elements for F3 for each of the virus and
host proteins) or 440 elements (20 elements for F1, 20 el-
ements for F2, and 20× 9�180 elements for F3 for each of
the virus and host proteins). However, the larger feature
vectors did not result in performance improvement in
predicting virus-host PPIs.

3.3. Results of Independent Testing on PPIs of New Viruses.
As discussed earlier, we trained the SVM model with the
training dataset TR1 consisting of PPIs of human with
+ssRNA viruses except hepatitis C virus (HCV) and SARS

Table 1: Results of 10-fold cross validation of SVM model on 1,072 PPIs between 36 RNA viruses and 812 human proteins with different
ratios of positive to negative instances.

P : N Dataset Sn (%) Sp (%) Acc (%) PPV (%) NPV (%) MCC AUC

1 :1

1 88.24 97.34 92.79 97.07 89.22 0.859 0.963
2 81.03 94.36 87.7 93.49 83.26 0.761 0.931
3 77.74 94.04 85.89 92.88 80.86 0.728 0.926

mean ± SD 82.34 ± 4.39 95.25 ± 1.49 88.79 ± 2.92 94.48 ± 1.85 84.45 ± 3.51 0.78 ± 0.06 0.94 ± 0.02

1 : 2

1 64.89 97.34 86.52 92.41 84.72 0.693 0.893
2 58.31 97.57 84.48 92.31 82.4 0.646 0.886
3 63.64 96.08 85.27 89.04 84.09 0.661 0.891

mean ± SD 62.28 ± 2.85 97 ± 0.65 85.42 ± 0.84 91.25 ± 1.57 83.74 ± 0.98 0.67 ± 0.02 0.89 ± 0.00

1 : 3

1 46.24 98.28 85.27 89.94 84.58 0.58 0.850
2 46.87 98.59 85.66 91.72 84.77 0.59 0.863
3 49.37 97.28 85.31 85.83 85.22 0.576 0.858

mean ± SD 47.49 ± 1.35 98.05 ± 0.56 85.41 ± 0.18 89.16 ± 2.47 84.86 ± 0.27 0.58 ± 0.01 0.86 ± 0.01
Sn: sensitivity, Sp: specificity, Acc: accuracy, PPV: positive predictive value, NPV: negative predictive value, MCC:Matthews correlation coefficient, and AUC:
the area under the ROC curve.

Table 2: Comparison of different combinations of features in 10-fold cross validation of SVM model.

Features Sn (%) Sp (%) Acc (%) PPV (%) NPV (%) MCC AUC
F1 81.66 97.02 89.34 96.48 84.10 0.796 0.916
F2 69.75 85.11 77.43 82.41 73.78 0.555 0.849
F3 87.78 97.81 92.79 97.56 88.89 0.860 0.965
F1 + F2 80.88 95.61 88.24 94.85 83.33 0.773 0.925
F1 + F3 88.56 97.34 92.94 97.08 89.48 0.862 0.966
F2 + F3 87.46 96.87 92.16 96.54 88.54 0.847 0.961
F1 + F2 + F3 88.24 97.34 92.79 97.07 89.22 0.859 0.963
F1: sum of squared length of single amino acid repeats in the entire protein sequence, F2: maximum of the sum of squared length of single amino acid repeats
in a window of 6 residues, F3: composition of amino acids in 5 partitions of the protein sequence, Sn: sensitivity, Sp: specificity, Acc: accuracy, PPV: positive
predictive value, NPV: negative predictive value, MCC: Matthews correlation coefficient, and AUC: the area under the ROC curve.

Table 3: Results of 10-fold cross validation of SVM model on different combinations of the three features we used in our method.

F1 and F2 F3 Sn (%) Sp (%) Acc (%) PPV (%) NPV (%) MCC AUC
SAR 5 partitions 88.24 97.34 92.79 97.07 89.22 0.859 0.963
SAR 7 partitions 88.24 97.96 93.10 97.74 89.29 0.866 0.965
SAR 9 partitions 89.19 96.08 92.63 95.79 89.88 0.855 0.962
DAR 5 partitions 84.80 94.51 89.66 93.92 86.14 0.797 0.937
DAR 7 partitions 85.42 94.51 89.97 93.97 86.64 0.803 0.938
DAR 9 partitions 85.27 94.20 89.73 93.63 86.47 0.798 0.940
SAR: single amino acid repeats for F1 and F2, DAR: double amino acid repeats for F1 and F2, Sn: sensitivity, Sp: specificity, Acc: accuracy, PPV: positive
predictive value, NPV: negative predictive value, MCC: Matthews correlation coefficient, and AUC: the area under the ROC curve.
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virus and tested it on PPIs of new viruses which were not
used in training the model. .e test datasets include PPIs of
five viruses (HCV, SARS virus, H1N1 virus, HPV-16, and
HIV-1) with human. H1N1 virus is a negative-sense single-
stranded RNA (-ssRNA) virus, and HPV-16 is a double-
stranded RNA (dsDNA) virus. HIV-1 is a retrovirus, which
is a +ssRNA virus with a DNA intermediate.

In addition to species difference, we also analyzed the
sequence similarity between the training datasets and test
datasets using EMBOSS Needle tool [20] to assess the in-
dependence of the test data from the training data. As shown
in Table 5, target virus proteins in the test datasets showed
a very low average sequence similarity in the range (3.12% to

5.20%) to the virus proteins in the training dataset (see
Additional file 4 for the similarity of every sequence pair
between the training and test datasets).

Table 6 shows the results of testing the prediction model
on 5 independent datasets of PPIs of new viruses. Despite
such a low sequence similarity and species difference, the
SVM model showed a high performance in independent
testing. In particular, the SVM model showed a higher
sensitivity (94.37% and 96.67%) for HCV and SARS virus,
which are +ssRNA viruses. It is interesting to note that HPV-
16, which is a dsDNA virus, showed the highest specificity of
94.04% and accuracy of 87.93%. Figure 4 shows the ROC
curves of independent testing of the SVM model on PPIs of
five new viruses.

3.4. Results of Independent Testing on PPIs of New Hosts.
In order to examine the applicability of the SVM model to
new hosts, we tested it on PPIs of viruses with new hosts,
which were not used in training the model. As described
earlier, the model trained with PPIs of human with +ssRNA
viruses was tested on PPIs of five new hosts (Mus musculus,
Bos taurus, Rattus norvegicus, Sus scrofa, and Escherichia coli
K-12) with the viruses. As shown earlier in Table 5, the
average sequence similarity of the human proteins in the
training dataset to the new hosts is low, ranging between
8.04% and 9.76%. Despite the low sequence similarity and
species difference, testing the model on PPIs of new hosts
showed a relatively good performance (Table 7). Figure 5
shows the ROC curves of independent testing of the SVM
model on PPIs of five new hosts.

It is interesting to note that proteins of new hosts have
a higher average sequence similarity to those in training
datasets than proteins of new viruses, but the SVM model
showed a lower performance for new hosts. .is can be
explained by the number of partner proteins of the target
proteins shared by training and test datasets. As shown in
Table 8, the number of common proteins between the test
datasets for new viruses (TS1-TS5) and their training
dataset TR1 is larger than the number of common proteins
between the test datasets for new hosts (TS6-TS10) and
their training dataset TR2. .us, the SVM model showed
a better performance for new viruses than for new hosts.

Table 4: Results of testing our SVMmodel with different partitions
of a protein sequence on three datasets.

Our dataset

F3 Sn
(%)

Sp
(%)

Acc
(%)

PPV
(%)

NPV
(%) MCC AUC

5 partitions 88.24 97.34 92.79 97.07 89.22 0.859 0.963
7 partitions 88.24 97.96 93.10 97.74 89.29 0.866 0.965
9 partitions 89.19 96.08 92.63 95.79 89.88 0.855 0.962

DeNovo dataset

F3 Sn
(%)

Sp
(%)

Acc
(%)

PPV
(%)

NPV
(%) MCC AUC

5 partitions 86.35 86.59 86.47 86.56 86.39 0.729 0.926
7 partitions 83.60 81.18 82.41 82.30 82.54 0.648 0.907
9 partitions 84.27 79.53 81.95 81.17 82.84 0.639 0.902

Barman dataset

F3 Sn
(%)

Sp
(%)

Acc
(%)

PPV
(%)

NPV
(%) MCC AUC

5 partitions 73.72 83.48 78.60 81.69 76.06 0.575 0.847
7 partitions 78.55 78.55 78.55 78.55 78.55 0.571 0.858
9 partitions 78.16 79.81 78.99 79.47 78.52 0.580 0.860

Average of the above three results

F3 Sn
(%)

Sp
(%)

Acc
(%)

PPV
(%)

NPV
(%) MCC AUC

5 partitions 82.77 89.14 85.95 88.44 83.89 0.721 0.912
7 partitions 83.46 85.90 84.69 86.20 83.46 0.695 0.910
9 partitions 83.87 85.14 84.52 85.48 83.75 0.691 0.908
All the results were obtained by commonly using SAR for features F1 and F2.

Table 5: Training (TR) and test (TS) datasets for assessing the
applicability of the SVM model to new viruses and to new hosts.
.e average sequence similarity between proteins in TR and those
in TS was analyzed using EMBOSS Needle tool [20].

Proteins in
training
datasets

Target proteins
in test datasets

Average
sequence

similarity (%)

25 virus
proteins
in TR1

11 HCV proteins in TS1 5.03
12 SARS virus proteins in TS2 5.20
10 H1N1 virus proteins in TS3 5.03
11 HPV-16 proteins in TS4 3.12
46 HIV-1 proteins in TS5 3.56

522
human
proteins
in TR2

141 Mus musculus proteins in TS6 9.20
87 Bos taurus proteins in TS7 9.07

79 Rattus norvegicus proteins in TS8 9.76
38 Sus scrofa proteins in TS9 8.70

64 Escherichia coli K-12 proteins in TS10 8.04

Table 6: Results of independent testing our SVM on PPIs of new
viruses with human.

Virus Sn
(%)

Sp
(%)

Acc
(%)

PPV
(%)

NPV
(%) MCC AUC

HCV 94.37 52.04 73.20 66.30 90.24 0.512 0.925
SARS
virus 96.67 73.33 85.00 78.38 95.65 0.720 0.970

H1N1
virus 90.72 67.90 79.31 73.87 87.97 0.602 0.938

HPV-16 81.82 94.04 87.93 93.21 83.80 0.764 0.938
HIV-1 87.83 64.64 76.24 71.30 84.16 0.539 0.882
Average 90.28 70.39 80.34 76.61 88.36 0.627 0.930
Sn: sensitivity, Sp: specificity, Acc: accuracy, PPV: positive predictive value,
NPV: negative predictive value, MCC:Matthews correlation coefficient, and
AUC: the area under the ROC curve.
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.ese results corroborate the known problem with pair-
input methods, which was first reported by Park and
Marcotte [21]. According to their study [21], prediction
methods that operate on pairs of objects such as PPIs
perform much better for test pairs that share components
with a training set than for those that do not. .us, our
prediction model showed a better performance in testing
for new viruses which share more partner proteins
(i.e., host proteins) with training datasets than in testing for
new hosts which share fewer partner proteins (i.e., virus
proteins) with training datasets.

3.5. Comparison to Other Methods. For a comparative
purpose, we ran our SVMmodel on the datasets of two other
methods for virus-host PPIs: Barman’s method [22] and

DeNovo [9]. In Barman’s study [22], three machine learning
methods (SVM, Naive Bayes, and Random Forest) were used
to predict virus-host PPIs using several features such as
domain -domain association in interacting protein pairs and
composition of methionine, serine, and valine in virus
proteins. In a 5-fold cross validation with virus-host PPIs
from VirusMINT [23], their Random Forest (RF) and SVM
showed a better performance than Naive Bayes. .us, we
tested our SVMmodel on the same dataset used in Barman’s
study, which contains 1,035 positive and 1,035 negative
interactions between 160 virus proteins of 65 types and 667
human proteins. As shown in Table 9, our SVM model
outperformed Barman’s SVM model in all performance
measures and our SVM model outperformed Barman’s RF
model in all performance measures except specificity and
PPV. .e dataset used for comparison of our SVM model
with Barman’s SVM and Random Forest models is available
in Additional file 5.

For comparison with DeNovo’s SVM model, we tested
our SVM model on DeNovo’s SLiM testing set, which
contains 425 positive and 425 negative PPIs (Supplementary
file S12 used in DeNovo’s study ST6). As shown in Table 10,
our SVM model was better than DeNovo in all performance
measures (sensitivity of 86%, specificity of 87%, and accu-
racy of 86%). .e dataset used for comparison of our SVM
model with DeNovo is available in Additional file 6.

4. Conclusions

Amino acid repeats are prevalent in a variety of proteins but
are rarely used in predicting PPIs. We developed a new
method that predicts potential interactions between virus
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Figure 4: ROC curves of independent testing of the SVMmodel on
PPIs of new viruses with human. .e SVM model showed the
largest area under the ROC curve (AUC) of 0.970 for the PPIs of the
SARS virus with human.

Table 7: Results of independent testing our SVM on PPIs of new
hosts with viruses.

Host Sn
(%)

Sp
(%)

Acc
(%)

PPV
(%)

NPV
(%) MCC AUC

Mus
musculus 85.86 61.78 73.82 69.20 81.38 0.491 0.887

Bos taurus 98.40 27.20 62.80 57.48 94.44 0.365 0.926
Rattus
norvegicus 91.86 27.90 59.88 56.03 77.42 0.257 0.828

Sus scrofa 100.00 5.26 52.63 51.35 100.00 0.164 0.952
Escherichia
coli K-12 94.87 91.03 92.95 91.36 94.67 0.860 0.959

Average 92.02 54.23 73.13 67.80 86.86 0.501 0.911
Sn: sensitivity, Sp: specificity, Acc: accuracy, PPV: positive predictive value,
NPV: negative predictive value, MCC:Matthews correlation coefficient, and
AUC: the area under the ROC curve.

PPIs of Rattus norvegicus
with viruses (AUC = 0.828)

PPIs of Mus musculus with
viruses (AUC = 0.887)
PPIs of Bos taurus with
viruses (AUC = 0.926)

PPIs of Sus scrofa with
viruses (AUC = 0.952)
PPIs of Escherichia coli K-12
with viruses (AUC = 0.959)
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Figure 5: ROC curves of independent testing of the SVMmodel on
PPIs of new hosts with viruses. .e SVMmodel showed the largest
area under the ROC curve (AUC) of 0.959 for the PPIs of E. coli
K-12 with viruses.
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and host proteins using global and local compositions of
amino acids as well as amino acid repeat patterns.

We tested the prediction model on independent datasets
of virus-host PPIs, which were not used in training the
model and have a very low sequence similarity to any protein
in training datasets of the model. Despite a low sequence
similarity between proteins in training datasets and target
proteins in test datasets, the prediction model showed a high
performance comparable to the best performance of other
methods for single virus-host PPIs. In comparison of our
method with others using same datasets, our method out-
performed the others. Experimental results demonstrate that
the repeat patterns and composition of amino acids are
simple, yet powerful features for predicting virus-host PPIs.
.emethod can be used to find potential PPIs of new viruses
or hosts, for which little information is known.
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Inspired by gestalt psychology, we combine human cognitive characteristics with knowledge of radiologists in medical image
analysis. In this paper, a novel framework is proposed to detect breast masses in digitized mammograms. It can be divided into
three modules: sensation integration, semantic integration, and verification. After analyzing the progress of radiologist’s
mammography screening, a series of visual rules based on the morphological characteristics of breast masses are presented and
quantified by mathematical methods. .e framework can be seen as an effective trade-off between bottom-up sensation and top-
down recognition methods. .is is a new exploratory method for the automatic detection of lesions. .e experiments are
performed on Mammographic Image Analysis Society (MIAS) and Digital Database for Screening Mammography (DDSM) data
sets. .e sensitivity reached to 92% at 1.94 false positive per image (FPI) on MIAS and 93.84% at 2.21 FPI on DDSM. Our
framework has achieved a better performance compared with other algorithms.

1. Introduction

Breast cancer is responsible for 23% of all cancer cases and
14% of cancer-related deaths amongst women worldwide
[1]. Mammography is a reliable and trustworthy tool for
early detection of breast cancer [2, 3]. Early detection of
potential abnormalities could generate a recommendation
for further examination [4]. Current progress has shown that
computer-aided detection (CAD) systems can assist doctors
in finding breast masses from digitized mammograms at an
early stage, which greatly improves doctor’s working effi-
ciency [5]. Efficient CAD systems have potential to reduce
the breast biopsies and release radiologists from heavy
workload [6, 7].

However, CAD for breast mass detection is a challenging
task due to the varying sizes, shapes, and appearances as well
as densities of masses [8, 9]. Conventional methods for
breast mass detection mainly rely on the threshold values
[10] or mass templates [11] based on various kinds of filter

operators. However, the false-positive results are still very
high [12, 13]. .e threshold methods based on gray-level
images or various filtered images consider only the simple
brightness of masses. Although there are ongoing research
studies trying to model templates that use the general geo-
metric properties of themasses [11], these are always complex,
multiparameter models which are not applicable to all masses
with various sizes and shapes.

In order to cope with the problems above, some re-
searchers get inspirations from the doctors’ detection pro-
cess. .ey use the visual salience to locate the suspicious
lesions [14, 15]. Visual saliency models human beings’ ability
that perceives salient features in an image. In computer
vision, these visual saliency-based methods compute proba-
bilistic maps of an image where the pixels are very different
from surrounding regions [16]..ese methods greatly simplify
the process of mass detection. For example, Tourassi et al. [14]
proposed a novel similarity measure by incorporating the
Gaussian salient map of image pixels. Agrawal et al. [16]
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proposed an automatic mass detection algorithm using the
graph-based vision saliency (GBVS) map. However, most of
these methods are derived from natural scene statistics while
the characteristics of medical images are different. In fact, they
only consider the size and brightness of suspicious regions,
which is not enough for mass detection, as shown in Figure 1.
Some masses are so small or they adhere tightly to glandular
tissue. .e visual significance is relatively low, resulting in
a high false positive.

At present, deep learning [18] has been shown to be
consistently producing higher performance compared with
traditional machine learning methods [19]. Directly distilling
information from training samples and convolutional neural
networks (CNNs) [20] have been successfully applied to some
medical tasks: for example, breast mass detection/diagnosis
[21, 22], segmentation of the left ventricle [23], and classi-
fication of skin cancer [19]. Dhungel et al. [24] presented an
automated mass detection method using a cascade of deep
learning and random forest classifiers. Kooi et al. [25] have
shown that a CNN trained on a large data set of around 45,000
images outperforms a state-of-the-art system in CAD.Most of
these methods work well on large data sets but exhibit certain
limitations on small data sets because they need to decide
a large number of parameters [26]. .erefore, the traditional
machine learning method is still valuable in some aspects, like
data mining based on small samples [27], integration of
multiple knowledge [28], and so on.

Studies have shown that the recognition of doctors plays
an important role in lesion detection of radiology [29, 30].
Gestalt psychology tries to understand the laws of our ability
to acquire and maintain meaningful perceptions in an ap-
parently chaotic world [31]. Meanwhile, the theory has been
validated on extensive experiments, which are performed on
neatly organized dot lattices on a screen. .ese dots share
many similarities with pixels in medical images [32, 33].

Hence, we consider incorporating visual perception prop-
erties described by the Gestalt psychology framework into
mass detection. Inspired by Gestalt psychology, the Gestalt
framework covers sensation (bottom-up) and perception
(top-down), which are also collectively called recognition
[34]. .e theory aims to formulate visual rules according to
which perceptual input is organized into unitary forms. .e
Gestalt theory includes the following principles: proximity,
similarity, continuity, symmetry, closure, simplicity, and so
on [34]. .ese visual rules can be used to help doctors to
distinguish cancer masses from normal tissues.

Inspired by the framework of Gestalt theory, we pro-
pose to apply visual rules to medical image analysis. More
exactly, we present an automatic mass detection framework
based on Gestalt psychology. It contains three modules:
sensation integration, semantic integration, and validation.
In each module, a series of mathematical and calculation
models for visual rules are presented. .e proposed au-
tomatic mass detection method integrates human cogni-
tion properties and the visual characteristics of breast
masses. To the best of our knowledge, combining bottom-
up sensation and top-down recognition of the radiologist
has not been attempted before. Experimental results
demonstrated that the proposed method has yielded better
performance than other algorithms.

2. Mass Detection Framework Inspired by
Gestalt Psychology

In this paper, we propose to incorporate the visual perception
properties into breast mass detection. First, the characteris-
tics of mammogram reading by radiologists are analyzed as
per Gestalt psychology. Second, a framework for automatic
detection of masses is proposed. All visual rules in the
framework are quantified through mathematical methods.

(a) (b) (c)

Figure 1: Sample images from MIAS data set [17].

2 Journal of Healthcare Engineering



2.1. Analysis of Mammogram Screening under the Gestalt
Framework. In most cases, screening mammogram is
a process of discovery, detection, and diagnosis by the
radiologist [35]. .e diversity of mammogram tissues
brings many problems to mass detection. Radiologists are
professional analysts who spend thousands of hours re-
fining their abilities of detecting lesions in medical images.
.ey gain a lot of experience in the learning process.
According to Gestalt psychology research, radiologists
read the images with the eyes and the brain..e visual rule
plays an important role in recognizing masses from mam-
mogram screening.

In clinical practice, radiologists tend to analyze medical
images from overall impression down to individual parts
for single-read mammography (or top-down), as shown in
Figure 2. At the beginning, radiologists go through the
mammogram and then focus on the highly suspicious
areas. In vision psychology, the eyes can only accept a small
number of associated units. If a Gestalt framework contains
too many unrelated units, the eyes try to simplify it and
combine the units into a big unit that can be processed
easily. .at is, our brain tends to combine and simplify the
units [31]. .en, all the suspicious areas (called regions of
interest, ROIs) will be further analyzed to get the masses.
Many factors need to be considered by radiologists, such as
morphology, density, and correlation with surrounding
tissue. Generally speaking, a mass is a generic term in-
dicating a localized swelling protuberance or lump in the
breast [11].

2.2. (e Framework of Automatic Mass Detection Based on
Gestalt Framework. Inspired by the clinical practice, a mass
detectionmethod based onGestalt framework is proposed in
this paper (Figure 3). We divide the framework into three
stages including sensation integration, semantic integration,
and verification. It can be viewed as a combination of
bottom-up sensation and top-down recognition methods.
For each part, there are various visual rules based on Gestalt
psychology and morphological characteristics.

2.2.1. Stage 1: Sensation Integration. In the initial stage, the
visual sense of the radiologist plays an important role in mass
detection. .e attention is a process of selecting and getting
visual information from pixels of the image (bottom-up) [36].

Observation 1: From doctors’ experience, the mass areas are
located in the breast zone and are always more salient than the
surrounding area. Inspired by the Gestalt framework, three rules
are defined for image simplification, including figure-ground
segregation, visual patches generation, and visual attention.

(1) Figure-Ground Segregation. .e principle of figure-
ground segregation is one of the basic cognitive principles
[37]. When applied to a mammogram, this principle sup-
poses that the background does not contain any valuable
information and is neglected by radiologists, obviously
a simplified treatment. As a result, some existing methods
propose to separate the figure from the background [38]. .e

Mass detection

Visual rules & knowledge

Overall
observation

Simplified
treatment

Medical visual
attention

Lesion
analysis

Figure 2: .e clinical diagnosis of breast mass by the radiologist.

Input image A: figure-ground
segregation 

B: visual
attention 

C: visual patches
generation 

D: densification
of mass 

E: shape of mass
Detection result

ELM classifier

Stage 1:
sensation integration

Stage 2:
semantic integration

Stage 3:
verification

Figure 3:.e framework of the proposed approach. It can be divided into three stages including sensation integration, semantic integration,
and verification. Visual rules used in the framework are modeled and indicated with the labels A, B, C, D, and E.
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mammograms have low contrast and still have noise in the
background such as tape markings and labels (as shown in
Figure 3). We use an adaptive global threshold to compute the
outline of the breast region [39]. Based on the morphological
analysis, an image enhancement method is adopted [40],
which can effectively suppress the background and enhance
the features of masses on mammograms simultaneously.
Meanwhile, the pectoral muscle is removed [41].

(2) Visual Attention in the Medical Image. As we all know,
the mass areas are always “brighter” than the surrounding
areas. .at is, the highlighted region attracts more visual
attention than the background region when doctors browse
the mammogram. It is called prominence in Gestalt psy-
chology. A simple method is to predefine a threshold value
for a breast image. However, this approach is unfavorable as
there is a large variance between tissues in mammogram.
Following [42], opening operation is adopted to find the
focal area in the mammogram:

IΦ � I ∘ Φ � (I⊗Φ)⊕Φ, (1)

where ∘ is themorphological opening operation, ⊗ is the erode
operation, and ⊕ is the dilation operation. .e morphological
opening operation consists of two steps in our method. Firstly,
the original image I is eroded (⊗) with the structural element
Φ. Φ is created by a flat disk-shaped structuring element with
the specified radius of 6 pixels in the experiments. Secondly,
dilation (⊕) is performed on the eroded image to produce the
final reconstructed image (IΦ). And then, we perform regional
maximum on the reconstructed image, which retrieves all the
salient regions without overselecting any of them.

(3) Visual Patches Generation. Gestalt theory aims to for-
mulate some rules according to which the perceptual input is
organized to unitary forms such as wholes, groups, or gestalt.
.e most common method is to group the similar or
proximate object together. Inspired by the concept of
“superpixel” [43], the basic processing units (visual patches)
are generated by using our previous work [44]. In [44], the
abdominal computed tomography (CT) image is divided into

many visual patches as per the law of similarity evaluated by
both intensity and spatial distance. Now, the proposed
method is applied on mammograms (Figure 4). Visual
patches are generated by clustering pixels based on both
intensity similarity and spatial proximity. Firstly, K cluster
centers are set to divide the image into several rectangular
patches. .en, we use the following similarity index Ds (2) to
cluster pixels in mammograms:

Ds �
μ
S
dxy + dg, (2)

where dxy is the spatial proximity, IΦ � I ∘Φ � (I⊗Φ)⊕Φ,

which is calculated by Euclidean distance on image plane, dg

is the intensity distance, and μ is the parameter of the pixel
compactness [44]. S is a constant which balances the spatial
proximity in image gray space, which is set as 25 in the
experiment. .e generated visual patches act as the basic
processing units in the mass detection.

Visual patches are generated only in the salient positions
which reduce the computation expense greatly as shown in
Figure 4. .ese visual patches are the basic processing and
analysis units in our algorithm. Suppose we have M visual
patches which meet the condition of visual attention. U �

P1, P2, . . . , PM  is the set of M visual patches in a mammo-
gram, and we assume that all of these patches are candidate
masses in the sensation phase.Meanwhile, we define another set
N � ϕ to store the patches which is regarded as normal tissue.

2.2.2. Stage 2: Semantic Integration. After the first stage
(sensation integration), there are still many false-positive
patches in U after the first stage (sensation integration).
According to morphological characteristics of breast tissue,
we introduce the semantic integration to further distinguish
the masses patches from normal tissue. Kinds of semantic
features of visual patches are used to help separate the mass
from the normal tissue. .e semantic integration can be
regarded as a top-down recognition process [45].

Observation 2: Normal tissue is always rich in glands and has
poorer or lower density than that of the mass region. In addition,

Figure 4: Visual patches based on Gestalt psychology.
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the shape of masses tends to be round and oval [46, 47].Masses
and glandular tissues have very different shapes. Following the
Gestalt principle, we propose two rules based on morphological
characteristics of masses, including densification and shape.

(4) Densification of Mass. Eltonsy et al. [11] showed that the
growth of a mass disrupted the normal breast parenchyma
structure and formed a focal activity area called “focal seeds”
in our research. According to the Gestalt principle, the law of
similarity indicates that elements are perceptually grouped
together if they are similar. .e focal seed is regarded as an
entirety because it has a strong self-similarity as shown in
Figure 5(a), whereas normal tissue sometimes has a poor
densification and even forms some holes in the visual patch
(Figure 5(b)). .emain reason is that normal tissue contains
rich glands that affect the consistency of a given visual patch.
.e visual patches of masses exhibit homogeneity, whose
solidity values are very high [48]. Here, the densification is
defined as

Dens � 
i


j

(ij)M(i, j)− uiuj

σiσj

,

ui � 
i


j

i · M(i, j),

uj � 
i


j

j · M(i, j),

σ2i � 
i


j

M(i, j) i− ui( 
2
,

σ2j � 
i


j

M(i, j) i− uj 
2
,

(3)

where M(i, j) is the gray-level co-occurrence matrix of
the visual patch P(i, j) and u and σ are the mean value and

variance for each visual patch P, respectively. .e bigger the
Dens (densification) is, the greater the probability of it being
a tumor; otherwise, it is more likely to be the normal tissue.
.erefore, a threshold Tdens is assigned based on the results
of statistical analysis. Each visual patch in the candidate set U

is detected, and the false-positive rate of visual patches is
reduced as shown in (4), where N is the set to store visual
patches of normal tissue:

Pi ∈ N if Dens Pi( <Tdens,

Pi ∈ U if Dens Pi( ≥Tdens,
(4)

(5) Shape of Mass. As we all know, an abundance of glands
exist in the breast. .ey are radically arranged from the
center of nipple, like a crown, occupying a large part of the
mammogram. .e brightness of the gland is most similar to
the tumor tissue, and this causes high false-positive results in
various CAD systems [16]. But the shape of visual patches
which contain glandular tissue is always a long strip as
shown in Figure 6.

Comparatively, the visual patches of tumor tend to be
round and oval [46] (Figure 5(a)). In addition, the focused
visual patch is positioned only in the center area of mass
rather than its edge. .e main reason is that many masses
have no obvious margins surrounded by glandular tissues.
.e continuity law of Gestalt states that elements of objects
tend to be grouped together and integrated into perceptual
wholes. In other words, the patches containing glandular
tissue can be easily perceived with the distribution of con-
tinuity. In that case, the linear patches can be filtered from the
candidate visual patches.

Here, we bring in the concept of eccentricity to restrict
the shape of each visual patch, which is an important index
in ellipse. An ellipse fitting algorithm is used for each visual

(a)

(b)

Figure 5: .e densification of different patches. Visual patches of (a) mass and normal tissue.
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patch edge to get the eccentricity (Figure 6). .e elliptic
equation is defined as

A′x2
+ B′xy + C′y2

+ D′x + E′y + F′ � 0. (5)

.ere are 6 parameters in (5), that is, A′, B′, C′,
D′, E′, and F′. .ey can be estimated by using the least-
squares method according to the edge points of each patch.
.en, the eccentricity is defined using the long and minor
axis of the fitted ellipse:

E Pi(  �

������
a2

i − b2i



ai

�

��������

1−
bi

ai

 

2




,

ai � 2

�������������������������

−2F′

A′ + C′ −
����������������

B′2 + A′ −C′/F′2,






bi � 2

��������������������������

−2F′

A′ + C′ +
����������������

B′2 + A′ −C′/F′2,






(6)

where ai and bi are margin axis and minor axis of the ellipse,
respectively. E(Pi) measures the circularity of the visual patch
Pi and the range is from 0 to 1. Since we assume that the
eccentricity value of a visual patch is significantly lower in
tumors than that in normal tissues. A thresholdTe is defined to
reduce the false-positive rate:

Pi ∈ N if E Pi( ≥Te,

Pi ∈ U if E Pi( <Te.
(7)

Based on the above rules, the number of candidate patches
in setU is greatly reduced, while the sensitivity and specificity
are very high which will be explained in detail in the ex-
periment. Another advantage of our method is that the fo-
cused visual patches only lie in the center of tumors. It can lay
the foundation for the further proceeding and analysis, such
as mass segmentation and mass diagnosis.

2.2.3. Stage 3: Verification: False-Positive Reduction Based on
Texture Feature Classification

Observation 3: (e Gestalt theory shows that the information

of visual perception is affected by observer’s prior experience.
Radiologists accumulate a great deal of knowledge to identify
the texture of breast tissue. We propose a validation method
based on texture of mass and extreme learning machine (ELM)
classification method.

.e importance of texture features is obvious for mass
detection. In this research, we have extracted intensity and
gray-level co-occurrence matrix (GLCM) features on the
candidate visual patches, including N dimensions for the
patch Pi, F(Pi) � g1, g2, . . . , gN . Among these features,
two of them are the first-order texture feature, which is the
mean of gray value and gray variance describing visual
patches. Ten features are calculated from the gray-level co-
occurrence matrix, namely, contrast, correlation, energy,
homogeneity, standard deviation, inverse difference move-
ment, kurtosis, skewness, entropy, and root mean square.

.e candidate patches left in U serve as the seeds of
region growing algorithm. ROIs are obtained by clustering
these visual patches based on texture features F. .e features
of each ROI are represented by the average value of asso-
ciated patches as shown in (8), where Mj is the total number
of visual patches in ROIj:

F ROIj  �
Pi⊆ROIjF Pi( 

Mj

. (8)

Recently, extreme learning machine (ELM) has been
extensively studied, and important progress has been made
in both theories and practical applications. .e ELM theory
in [49] has proved that random feature mapping can provide
universal approximation capability. .e ELM has built some
tangible links between machine learning techniques and
biological learning mechanisms. It is an emerging learning
algorithm for the generalized hidden layer feedforward
neural network [49, 50]. Here, the ELM is used to simulate
the final decision of doctors. Furthermore, it classifies the
ROIs into normal and abnormal cases based on the texture
feature extraction.

3. Experimental Results

3.1.DataSet andParameter Setting. Our proposed method is
tested on two publicly available data sets: MIAS [17] and
DDSM [51]. A set of 257 mammograms of MIAS is used in
the research. Among these images, 207 images do not

Figure 6: Visual patches with the glandular.
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contain any lesions while other 50 images have masses. .e
spatial resolution of image in MIAS is 50 µm × 50 µm, and
grayscale intensity is quantized to 8 bits. .e DDSM data set
contains 210 images, in which 130 images contain masses
and the other ones are normal mammograms. .e images of
DDSM have been resized to 1024 × 1024 pixels, and gray-
scale intensity is quantized to 8 bits in accordance with
images in MIAS. In both MIAS and DDSM data sets, the
mammograms containing masses have been annotated by
expert radiologists, which are used for reporting the de-
tection performance in our experiments. .e ELM classi-
fication method divides visual patches into mass and
nonmass candidates using 10-fold cross validation.

In our research, a series of indexes are used to quanti-
tatively evaluate the effectiveness of our method. .e per-
formance indexes include sensitivity (Sens), false positives
per image (FPI), homogeneity (Dens), and free-response
receiver operating characteristic (FROC). .ese indexes are
described below.

(a) Sens and FPI are computed as a region-based
evaluation. If the ratio of the overlapping region
of the ground truth and the computer-segmented
mass region is larger than 50%, the region is con-
sidered as “True Positive Marks” or “Positive ROIs”
[52]. Otherwise, it is considered as “False Positive
Marks,” which is also called “Negative ROIs” in our
experiments. For computer-aided systems, we would
like the value of sensitivity to be as high as possible.
Meanwhile, FPI should be low while guaranteeing
high sensitivity [53].

Sens �
number of true positive marks

number of regions

FPI �
number of false positive marks

number of images
.

(9)

(b) In Section 3.2, we use homogeneity (Dens) to
characterize the distribution of visual patches, which
is defined as (3). It is based on the fact that every
visual patch is an independent processing unit that
should be homogeneous as per Gestalt rules [44]..e
value of Dens ranges from 0 to 1. When patches are
uniform, the value of Dens tends to be 1, while for
nonuniform patches, the value tends to be 0.

(c) In Section 3.5, free-response receiver operating
characteristic (FROC) [52] curve is used. .e FROC
curve is defined as the plot of sensitivity (Sens) versus
the average number of false positives per image (FPI).

All numerical methods are performed using MATLAB
2012b software running on a desktop PC with a 2.50GHZ
CPU and 2G RAM. Different from data-driven algorithms
like deep learning, our method does not need a large amount
of data. .e major reason is that it is designed based on
human visual characteristic and radiologists’ experience.
.ere are all together three types of parameters in our

method, which are (descending order of importance) the
thresholds for visual rules, the parameters for generating
visual patch, and some other parameters of the ELM classifier.

.e medical images from different hospitals or different
apparatuses may be completely different. .us, the pa-
rameters of the method should be modified on different
apparatuses or data sets. .e thresholds for visual rules
(medical image attention, densification of mass, and shape of
mass) are crucial in the proposed method, which determine
the number of suspicious regions, because three key pa-
rameters in the method are independent. By comparing the
Sens and FPI in different thresholds, three parameters can be
determined for new validation data. In addition, the pa-
rameters for visual patches generation and ELM classifier
have less impact on detection performance than that for
visual rules. If the input size of image is [M, N], then the
initial size of the visual patch can be calculated by M∗N/K,
where K is the cluster parameter for visual patches gener-
ation. .at is to say, the bigger the value of K is, the smaller
the size of visual patches is, and vice versa. .e initial size of
the visual patch is preferably less than the size of the entire
breast mass. In this manuscript, both M and N is 1024, and
K is set as 2000. ELM has been extensively studied, and it
shows a good convergence speed and stability [49]. In our
research, the parameters of ELM do not require careful
adjustment. All parameters used in the experiments are
shown in Table 1.

3.2. (e Effectiveness of Visual Patches. .e mass region
patches on mammogram are called “positive patches,” and
the normal tissue ones are “negative patches” in the fol-
lowing content. Figure 7 shows the statistical histogram of
homogeneity of visual patches both for negative and positive
patches. It is obvious that the homogeneity of all patches is
above 0.85, with positive patches having a homogeneity
value above 0.9, center around the value 0.95. We can draw
a conclusion that the use of visual patches ensures the se-
mantic consistency of objects in ROIs, which lays a solid
foundation for further research. Besides, the homogeneity of
positive patches is a bit higher than that of negative patches,
which supports the description of similarity rules defined in
Section 2.2.2. As shown in Figure 7, the homogeneity dis-
tribution curves of positive and negative patches are similar

Table 1: .ree types of parameters in the experiments.

Type Parameters Setting value

Visual rules

Medical visual attention
threshold range: [0 1] 0.5

Densification of the mass
threshold range: [0 1] 0.93

Shape of mass threshold
range: [0 1] 0.86

Generation of
visual patch

Image size [1024, 1024]
Cluster parameter, K 2000

ELM
Tradeoff parameters C � 10

Kernel type RBF
Kernel parameter 0.01
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to normal distribution. .e two curves are distinguishable
owing to the higher homogeneity of positive patches than
that of the negative ones.

3.3. Mass Detection Performance. In the proposed frame-
work, a series of visual rules have been defined, and finally,
all the salient patches are saved (in set U). We compare the
performance of our framework to three existing visual sa-
liency algorithms: Agrawal et al. [16] (graph-based vision
saliency), Achanta and Süsstrunk [54] (maximum sym-
metric surround saliency), and Murray et al. [55] (saliency
estimation using a nonparametric low-level vision model),
as shown in Figure 8.

In Figure 8, each row corresponds to the output of four
algorithms, and the correspondingmammograms are shown
in the first column. .e detection results of three stages in
the proposed method have been listed in Figure 8(d). It is
obvious that our method outperforms other saliency algo-
rithms for mammogram mass detection. At the stage of
verification, the false-positive rate is further reduced and
there is a bit impact on the mass region compared with
normal tissue. We experimentally observe that Agrawal et al.
[16] yielded a relatively good result that is in accordance with
what is reported in [16]. However, it computes the saliency
of a region with respect to its local neighborhood using the
directional contrast. But it is invalid when the mass is
surrounded by dense gland tissues as shown in the last row
of Figure 8. However, the positive aspect of our method is
that it combines visual cognitive theory with various mor-
phological characteristics of masses. .e advantages can be
summarized as follows: (1) .e detection method based on
gestalt rules is able to detect masses of varying sizes, resulting
in a low false-positive rate (the green region in Figure 8). (2)
.e salient visual patches of our method mostly lie in center
of the ground truth regions. .e detected results based on
the proposed method can be used for further analysis, such
as mass segmentation and diagnosis.

Table 2 shows the overall performance of our proposed
method on MIAS and DDSM data set. As shown in Table 2,
the performances of three stages of our method are given.
Masses are detected effectively, and Sens reaches 92% at
1.94 FPI and 93.84% at 2.21 on MIAS and DDSM data sets,
respectively. As shown in Table 3, we can get extended
statistic information on both the total number and

percentage of patches and ROIs. Meanwhile, the perform-
ance curves are plotted in Figure 9. From Table 3 and
Figure 9, the number of positive patches and positive ROIs
remains largely unchanged, whereas the number of negative
examples is greatly reduced as the detection stages are in-
troduced..e performance curves show the similar change of
detection performance for MIAS and DDSM. We can draw
a conclusion that the positive visual patches can be preserved,
and false-positive results are declined dramatically under the
gestalt rules constraint.

3.4. Influence of the Breast Density for Mass Detection
Performance. In general, masses in low-density breast are
easily detected than masses in high-density breast [56]. To
further evaluate the ability of our method, mass images
with different densities are separated to test on the MIAS
and DDSM data sets..e results are summarized in Table 4.
.ere are three types of densities for MIAS, that is, fatty
(F), fatty-glandular (G), and dense-glandular (D). Dif-
ferent from MIAS, the images in DDSM data set are di-
vided into four categories based on breast density, that is,
1, 2, 3, and 4.

.e quantity proportions of each subset with different
densities are listed in the first row of Table 4..is table shows
Sens and FPI of mass images with different densities. It
shows that the algorithm has good performance and works
well on different mass images. Looking at the MIAS results,
the proposed method has superior performance on fatty (F)
and fatty-glandular (G) breast images compared to the
dense-glandular (D) images. Similarly, the method performs
better in low-density (level 1 and level 2) images than high-
density (level 3 and level 4) images on DDSM. Masses in
low-density images usually have distinctive visual features
compared with the tissue around it. Conversely, some visual
patches with high density may cause erroneous judgment at
the final recognition stage. So, the false-positive rates would
increase when the data set includes many breast images with
high density. In this section, the sensitivities for all lesions
are 92% at 1.94 FPI on MIAS and 93.84% at 2.21 FPI on
DDSM.

A common method for evaluating true-positive detection
is free-response receiver operating characteristic (FROC)
analysis [57]. It is a plot of operating points showing a tradeoff
between the sensitivity rate and the average number of false
positives per image. .e complete FROC curves of our
method are presented in Figure 10. .e blue and red curves
denote the detection results on MIAS and DDSM, re-
spectively.We can get a favorable detection result when a false
positive reaches 2 per image on the two data sets.

3.5. Comparison of Experimental Results. .e mass saliency
is introduced in the proposed framework. In order to
evaluate the ability of our method, experiments were con-
ducted with 10-fold cross validation on MIAS and DDSM.
.e performance is compared with other popular algorithms
in terms of Sens and FPI. It is clearly shown in Table 5 that
the proposed method has equivalent or even better accuracy

0.85 0.87 0.89 0.91 0.93 0.95 0.97 0.99 1
Homogeneity

0
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30

(%
)

Negative visual patches
Positive visual patches

Figure 7: .e statistical histogram of homogeneity of negative and
positive visual patches.
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(a) (b) (c) (d)

Figure 8: Sample results of the saliency algorithms. Green denotes the saliency region detected by these algorithms, pink represents the
ground truth region containing mass, and white denotes the crossing region between green and pink. (a) Agrawal et al. [16], (b) Achanta and
Süsstrunk [55], (c) Murray et al. [56], and (d) the three stages of our method. Stage 1: the fifth column is the detection result of sensation
integration. Stage 2: the sixth column is the detection result of semantic integration. Stage 3: the last column is the final detection result
(verification) of our method.

Table 2: Mass detection performance (Sens and FPI) of different stages in our method.

Data Index Stage 1 Stage 2 Stage 3
Visual attention Densification Shape Texture

MIAS Sens 100% 98% 96% 92%
FPI 4.12 4.21 2.82 1.94

DDSM Sens 99.23% 96.92% 96.15% 93.84%
FPI 4.78 4.19 3.01 2.21

Table 3: Mass detection performance (number and percentage of patches/ROIs) of different stages in the proposed method.

Data Unit
Stage 1 Stage 2 Stage 3

Visual attention Densification Shape Texture

MIAS

Total patches 864 100% 684 79.10% 518 59.95% 218 25.23%
Positive patches 82 100% 77 93.9% 75 91.46% 71 86.59%
Negative patches 782 100% 607 77.62% 443 56.67% 147 18.80%

Total ROIs 256 100% 248 96.88% 189 73.83% 143 55.86%
Positive ROIs 50 100% 50 100% 48 96% 46 92%
Negative ROIs 206 100% 198 96.12% 141 68.45% 97 47.09%

DDSM

Total patches 2300 100% 1397 60.74% 1074 46.70% 671 29.17%
Positive patches 198 100% 185 93.43% 180 90.91% 161 81.31%
Negative patches 2102 100% 1212 57.66% 894 42.53% 510 24.26%

Total ROIs 766 100% 690 90.08% 528 68.93% 418 54.57%
Positive ROIs 144 100% 142 98.61% 137 95.14% 131 90.97%
Negative ROIs 622 100% 548 88.10% 391 62.86% 287 46.14%
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than other algorithms. High sensibility and low FPI rep-
resent the good performance of an algorithm. We can get
a series of Sens at different FPIs as shown in Figure 10.
.e sensibility reaches 92% at 1.94 FPI or 94% at 2.16 FPI on
MIAS. Accordingly, the sensibility reaches 93.84% at
2.21 FPI or 94.6% at 2.66 FPI on DDSM. .e comparative
studying methods [52, 53, 58], following the similar pipeline,
include two parts: image preprocessing and suspicious mass

regions identification with different adaptive thresholds. In
contrast, a sliding window scheme is utilized in [59], and
texture features are modeled by kernel-based supervised
hashing to get the mass location. Different from the sliding
window in [59], visual attention of radiologists is used in our
method. In the end, our method not only utilizes the ad-
vantages of machine learning approaches, but the visual
saliency of mass is also modeled which achieves significant
improvement in reducing false positives and sensitivity.

4. Conclusion

In this paper, we have proposed an automatic mass detection
framework for digitized mammograms. .e main contri-
butions of our research can be summarized as follows: (1)
.e visual characteristic of radiologists is modeled based on
the Gestalt theory. (2) An automatic mass detection frame-
work is proposed which is in accordance with the doctors’
visual perception. Some constraints are defined such as density
and shape of visual patches. .ese parameters are probably
used by experienced radiologists in detection/diagnosismasses
and so on. (3) Our framework achieves a good performance
both on MIAS and DDSM data sets.

Table 4: Influence of the breast density on the proposed detection
algorithm.

MIAS
Density F G D — All
Proportion 44% 36% 20% — 100%
Sens 90.9% 94.44% 90% — 92%
FPI 1.77 2.05 2.1 — 1.94
DDSM
Density 1 2 3 4 All
Proportion 7.69% 23.84% 36.92% 31.53% 100%
Sens 90% 96.77% 93.75% 92.68% 93.84%
FPI 1.2 2.0 2.08 2.75 2.21
.e first row shows the quantity proportion of each subset with different
densities on both MIAS and DDSM data sets. .e metrics are Sens and FPI.
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Figure 9: .e number and percentage of patches/ROIs are counted for each step of our method: (a) plotted on the MIAS data set and
(b) plotted on the DDSM data set.
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Figure 10: FROC curves of the proposed method on MIAS and
DDSM data sets.

Table 5: Comparing the performance (Sens and FPI) of the
proposed method with existing algorithms on the MIAS and
DDSM data sets.

Algorithm Data set Sens FPI
Wavelet processing and adaptive
threshold [51] MIAS 90.9% 2.35

Havrda and Charvat entropy and
OSTU [52] MIAS 93.2% 7.6

Adaptive median filtering and texture
analysis [58] MIAS 92.3% 2.75

Our method (Gestalt psychology) MIAS 94% 2.16
Wavelet processing and adaptive
threshold [51] DDSM 91% 2.1

Kernelized supervised hashing [59] DDSM 94% 4.1
Our method (Gestalt psychology) DDSM 94.6% 2.66
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Different from existing detection techniques, our
methods use the visual patches as the basic processing unit.
We focus on providing a more efficient and more innovative
data analysis method for lesions detection than traditional
methods. In our future work, more mammograms from
different apparatuses will be tested to evaluate the perfor-
mance of our proposal. We will further improve our method
as per the feedback reports from more radiologists. More-
over, we would like to focus on expanding this research to
the deep learning method.
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This paper addresses the problem of automatically locating the boundary between the stomach and the small intestine (the pylorus)
in wireless capsule endoscopy (WCE) video. For efficient image segmentation, the color-saliency region detection (CSD) method is
developed for obtaining the potentially valid region of the frame (VROF). To improve the accuracy of locating the pylorus, we
design the Monitor-Judge model. On the one hand, the color-texture fusion feature of visual perception (CTVP) is constructed
by grey level cooccurrence matrix (GLCM) feature from the maximum moments of the phase congruency covariance and
hue-saturation histogram feature in HSI color space. On the other hand, support vector machine (SVM) classifier with the
CTVP feature is utilized to locate the pylorus. The experimental results on 30 real WCE videos demonstrate that the proposed
location method outperforms the related valuable techniques.

1. Introduction

Wireless capsule endoscopy (WCE) was invented by a group
of researchers in Baltimore in 1989 and introduced by Given
Imaging Inc. as a commercial tool [1]. And it has a good
performance in screening bleeding, ulceration, submucosal
swelling, worms, polyps, and cancer, which is a vital break-
through in the comprehensive examination of gastrointesti-
nal tract (GI) which is painless [2, 3]. So far, the WCE
system of Chongqing Jinshan Science and Technology Group
(Jinshan) mainly consists of the camera capsule, image
recorder, capsule guiding device, and image workstation
[4]. The capsule enters the digestive tract from the mouth
and captures the images of the digestive tract by a digital
camera in the capsule. However, a WCE video generally lasts
over 8 hours and contains more than 40,000 frames which
bring the clinician a heavy burden for the diagnosis and
treatment of diseases. Even an experienced clinician will take
over an hour at least to analyze the data of each patient on
average. Therefore, it is necessary to detect lesion images
automatically [2]. But different digestive tract organs have

different textures, which means that the same lesion appears
differently in different organs as shown in Figure 1. For this
reason, the computer researchers [5, 6] generally find the
organic boundaries for segmenting theWCE video according
to different organs before recognizing lesion images in a sin-
gle organ. Yuan and Meng [5] and Karargyris and Bourbakis
[6] just detect the lesion images in the small intestine, but
they both manually select the part of WCE video about the
small intestine for avoiding the disturbance of other organs.
However, it is a time-consuming and laborious task to locate
the organic boundaries artificially. So it is important to auto-
matically locate organic boundaries, which not only can help
the clinician to ensure relevant organ section and reduce the
review time, but also is the vital preliminary work for auto-
matic lesion recognition [7]. In this paper, we propose a
novel method to locate the boundary between the stomach
and the small intestine (the pylorus).

Many works are for WCE video segmentation and have
been devoted to locate the pylorus because the key of WCE
video segmentation is finding the organic boundaries.
Although the researches on this work are not mature enough,
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they have yielded a great number of positive results. Cunha
et al. [7] utilize MPEG-7 scalable color and SVM classifier
to segment a WCE video into four parts including the
entrance, stomach, small intestine, and large intestine based
on Gaussian prior probabilities. In terms of their global
model fitting step, this step is a time-consuming procedure
for estimating and judging all frames in a WCE video. Some
other classifiers based on color have been proposed to locate
the pylorus. Berens et al. [8] report a stomach/intestine
classifier with the hue-saturation histograms to predict the
pylorus. However, this method just achieves an average
performance of 86% and 85% for accuracy and recall, respec-
tively. Li et al. [9] use color histogram in Lab color space
and textural features in wavelet domain to represent the
visual content. Furthermore, they apply motion analysis
approaches to segment WCE video [10]. But the best aver-
age performance of CE video segmentation in terms of
recall is 71.89%. Especially, the researchers all propose a
two-level approach for WCE video segmentation [11, 12].
They all firstly find the approximate positions of organic
boundary and then refine the boundary. However, these
two approaches are both time-consuming tasks because they
need to compute almost all the images about the stomach and
the small intestine in WCE videos. Although Zhou et al. [11]
considers the influence of the impurities, gastric juice, and
illumination, they only use some fixed thresholds that
weaken the robustness of denoting the valid regions of
frames. And at the rough level, he computes a completed
average dissimilarity curve to find the probable boundary,
which adds some computing burden. Zhou et al. [12] applies
the trained KNN classifier to the improved WLD features of
the images around the candidates and selects three best can-
didates as the output in the end. However, this method needs

manual intervention to select the best one from the three
candidate positions of the pylorus.

All of these above methods have ignored many interfer-
ing factors that lead to the dissatisfied accuracy and are
time-consuming because they must deal with almost all the
frames of theWCE video. The proposed method in this paper
successfully shortens the time of locating the pylorus and
improves the location accuracy by contrast with some of
the above methods.

The contributions in this paper can be summarized into
the following three points:

(1) The CSD method is proposed to obtain the VROF
region effectively and adaptively to remove the bad
effects of the disturbances including food debris,
strong shadows, overexposure, air bubbles, and
gastric juice.

(2) The Monitor-Judge model is designed to locate the
organic boundary (the pylorus) for reducing time
consumption.

(3) The CTVP feature is constructed by grey level cooc-
currence matrix (GLCM) feature from the maximum
moments of the phase congruency covariance and
hue-saturation histogram feature in HSI color space,
which is better to express the difference between
stomach images and small intestine images than
other selected features [11, 12].

2. Materials and Methods

In this section, a novel method is proposed to locate the
pylorus in this paper. Firstly, WCE video images are divided
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Figure 1: WCE videos about different organs of the digestive system and color change curve in Lab color space around the pylorus. WCE
videos are provided by Jinshan. And some sample frames of a video show the results of screening digestive system by WCE. The pylorus is
the end of the stomach and the boundary between the stomach and the small intestine, where the color of the images has changed
markedly as shown in the a/b color curve. After images have been converted into Lab color space, the a/b color curve is generated by the
average values in channel a and b of the continuous images around the pylorus.
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into small windows that form a window pair sequence, and
we obtain the VROF region of images by the CSD method.
Secondly, we propose the Monitor-Judge model for locating
the pylorus: Monitor constantly monitors the suspicious
window pair with the pylorus according to the ratio of the
color dissimilarity of current window pair and the average
color dissimilarity of previous window pairs; Judge classifies
images and estimates the pylorus position in the suspicious
window pair by SVM classifier with the CTVP feature.

2.1. VROF Region Extraction. Actually, many possible distur-
bances such as gastric juice, shadows, excessive bright
regions, and air bubbles show various appearances in differ-
ent images and make it difficult to extract color or texture
feature from the histology of digestive tract and therefore
cause these extracted features unreliable.

The disturbances are as follows. (1) Food debris: food
debris is one of the common impurities that obscure digestive
tract tissue; (2) strong shadows: strong shadows are the lack
of describing the real color and texture of digestive tract
tissue; (3) overexposure: overexposure is one kind of image
distortion caused by fierce reflection; (4) air bubbles: air bub-
bles are mainly caused by gastrointestinal peristalsis and
pressure change; (5) and gastric juice: gastric juice is liquid
commonly found in the stomach. Figure 2(a) gives some
examples of WCE images with disturbances.

Valid region of the frame (VROF) is the region of a WCE
image without any disturbance. VROF can show the color
and texture of digestive tract tissue clearly.

CIE Lab color is designed to approximate human vision,
which aspires to perceptual uniformity [13]. The three coor-
dinates of CIELAB represent the lightness of the color (L∗ =0
yields black and L∗ =100 indicates diffuse white; specular
white may be higher), its position between red/magenta and
green (a∗, negative values indicate green while positive values
indicate magenta), and its position between yellow and blue
(b∗, negative values indicate blue and positive values indicate
yellow). For removing these disturbances, we convert WCE
images into Lab color space and find that tissue of digestive
tract shows commonly stronger color reflection in channel
a than the color reflection in any disturbance, and the tissue
has obvious difference in channel b with any disturbance.
Figure 2(c) shows the difference in histograms of channel a
and channel b between digestive tract tissue and the distur-
bance. In terms of Lab color, digestive tract tissue in the
image is salient region in contrast with disturbance region.

IG [14] as one of the saliency detection methods is simple
to implement and computationally efficient. For obtaining
the VROF region (salient region) in WCE images, the
color-saliency detection (CSD) method is proposed in this
paper based on IG. In the remainder of this subsection,
details about the CSD method are described.

DoG filter, as a kind of band pass filters, is widely used for
edge detection because it approximates the Laplacian of
Gaussian (LoG) filter but it is much faster to compute than
the LoG filter [14]. It satisfies detecting intensity changes
when the standard deviations of the Gaussians are in the ratio
1 : 1.6 [14, 15]. DoG filter is chosen for WCE image
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Figure 2: Process results of obtaining the VROF region and histogram comparison in Lab color space between digestive tract histology and
the disturbance. The descriptions of the figure from left to right now follow. (a) Samples with five categories of the disturbances marked by red
dashed line that are food debris, strong shadows, excessive bright region, air bubbles, and gastric juice consecutively. (b) Lab color model. (c)
The comparison result of histograms between digestive tract histology and the disturbance in channels a and b in Lab domain. (d) Images
processed by CSD method. The black regions are invalid and the colored parts are used for feature extraction.
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reprocessing in the CSD method. The DoG filter is given by
the following:

DoG x, y =
1
2π

1
δ21

e− x2+y2 /2δ21 −
1
δ22

e− x2+y2 /2δ22 1

Our method of finding the saliency map S for an image of
width W and height H pixels is formulated as follows:

S x, y = au − a x, y α + bu − b x, y β, 2

where au and bu are the arithmetic mean pixel values of
channels a and b in Lab color space. a x, y and b x, y are
the corresponding image pixel values in the Gaussian blurred
results of the original image in Lab color space and α is
greater than one and must be an odd number. When α is
greater, the saliency region represents the area with stronger
value in channel a. β should be greater than one and smaller

than α. The experiments show that α = 3 and β = 1 5 con-
tribute to good results presented in Figure 2(d).

VROF is the region of a frame where S x, y > 0 and the
results are presented in Figure 2(d).

2.2. Monitor-Judge Model for Pyloric Position

2.2.1. Monitor-Judge Model. In WCE videos with good qual-
ity, the sequence frames have an obvious color change when a
capsule enters the next digestive organ. These characteristics
can be found from the a/b color curve in Figure 1. Therefore,
we design Monitor-Judge model for monitoring and judging
the suspicious window pair with the pylorus as shown in
Figure 3. For efficiency, we can divide the WCE video into
many small windows with m images, which form window
pair sequences W1,W2 , W2,W3 ,… , Wn−1,Wn . In this
method, images are converted into Lab color space. In order
to reduce the influence of luminance, only the average values
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Figure 3:Monitor-Judgemodel. The procedures are described simply as follows. (1) Initialize t = 0,MDC =DC1; (2) compute the average Lab
color values Mk and Mk+1 in the current window pair Wk,Wk+1 ; (3) compute the color dissimilarity DCk in the window pair; (4) if DCk
/MDC > 0 2 + 0 3∗t, Judge checks the current window pair and t = t + 1, or go back to (2) to monitor the next window pair.
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of data in channels a and b of the VROF region are consid-
ered as colored features in this procedure.

avgc =
〠

i,jIc i, j
Nvalid

,

Mc,k =
〠m

1 avgc
m

,

3

where avgc and Mc,k represent the average color values of a
frame and the image window k respectively; c presents any
channel of Lab color space, that is, L, a, or b. Ic i, j is the
value of the pixel in the valid regions, and Nvalid represents
the total number of pixels in the valid region of a frame.
Then, Euclidean distance is utilized to demonstrate the color
dissimilarity of a window pair.

DCk = Ma,k −Ma,k+1
2 + Mb,k −Mb,k+1

2,

MDC =
〠t=k−2

t=1 DCt

k − 2
,

4

where DCk stands for the color dissimilarity in Wk,Wk+1 .
MDC stands for values in the average dissimilarity previous
window pairs.

By analyzing many WCE videos, we find that the color of
the WCE images about the same digestive organ generally
have little change and the color of WCE images around the
organic boundary has changed markedly. According to this,
the key idea of the Monitor-Judge model is constantly com-
paring the color dissimilarity (DCk) of the current window
pair k with the average color dissimilarity (MDC) of all
previous window pairs and then considering detecting

organic boundary in the current window pair. Obviously,
the proposed model does not need to deal with these images
after finding organic boundary and it is more efficient than
the two-level approaches in [11, 12]. The experiment shows
that it just needs 2.55 times of Monitor-Judge operation on
average to find the organic boundary.

In this model, the time complexity is O m ⋅W ⋅H
which is better than the method in [11]; m is the size of win-
dow and W and H are the width and height of an image,
respectively. The pylorus appears in 400th~6000th images
in our data. The intestinal peristalsis makes the capsule
move forward slowly. The camera in the endoscopy takes
three pictures per second, so that at least five continuous
images are exactly similar. To improve efficiency, an interval
of five frames in a window with 100 frames for extracting
color feature will greatly reduce the cost of time through
many experiments.

2.2.2. The Color-Texture Fusion Feature of Visual Perception
(CTVP). Because there are some changes of color and texture
between two adjacent organs in general, a classifier with
the CTVP feature is applied to a target window pair
shown in Figure 4.

The small intestine has a large number of small intestine
villi as textureby contrastwith the stomach, and themaximum
moments can highlight the textures shown in Figure 5. To
extract a useful texture feature, we firstly calculate the maxi-
mum moments of phase congruency [16] based on Fourier
components of original image deal with 2D log-Gabor filter
[17], and then extract the integrated GLCM features from the
maximummoments.

The 2D phase congruency PC2D x is defined as follows:
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Figure 4: Construction of the fusion feature (CTVP) for describing the WCE image effectively.

PC2D x =
〠

S
〠

O
Wo x Aso x cos φso x − φo x − sin φso x − φo x − To

〠
S
〠

O
Aso x + ε

, 5
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where the numerator is the weighted and noise compensated
local energy summed over all orientations, and the denomi-
nator is the total sum of filter response amplitudes over all
orientations and scales [16]. x is the pixel location in the spa-
tial domain.Wo x is weighing function of phase congruency
by frequency spread at orientation o. Aso x denotes the
amplitude of the grey scale WCE image. φso x denotes the
phase response of original image at scale s and orientation o
of log-Gabor filter. φo x represents the mean phase angle at
orientation o. To is the estimated noise energy at orienta-
tion o. ε is small constant which prevents division by zero.
⌊ ⌋ symbol denote that the enclosed quantity is equal to itself
when its value is positive and zero otherwise. An overall mea-
sure of phase congruency in the two-dimensional (2D) local
energy is firstly calculated in several orientations (typically
six) by using data from oriented 2D Log-Gabor wavelets [17].

The maximummoments of the phase congruency covari-
ance is given by

M =
a + c + b2 + a − c 2

2
, 6

where a =∑ PC2D o cos o 2, b =∑PC2D o 2 sin o cos o ,
and a =∑ PC2D o sin o 2. PC2D o refers to the phase con-
gruency value determined at orientation o and the sum is
performed over the discrete set of orientations.

After getting the map of maximum moment, the cooc-
currence probabilities are calculated from this map as texture
features. These probabilities represent the conditional joint
probabilities of all pairwise combinations of grey levels in
the spatial window of interest given by two parameters: inter
pixel distance (δ) and orientation (θ) [18]. The probability
measure can be defined as follows:

Ci,j =
Pi,j δ, θ

〠G

i,jPi,j δ, θ
, 7

where Pi,j δ, θ represents the number of occurrences of grey
level pair i, j within the given window, given a certain δ, θ
pair, and Gi,j is the quantized number of grey levels. In this
paper, we consider four properties as features concluding
contrast, correlation, energy, and homogeneity that are for-
mulated as follows:

Contrast =〠Ci,j i − j 2,

Correlation =〠
i − ux j − uy Ci,j

σxσy
,

Energy =〠Ci,j
2,

Homogeneity =〠
i − ux j − uy Ci,j

1 + i − j

8

By analyzing many WCE images in the stomach and the
small intestine, it is found that color of images between the
stomach and the intestine has obvious discrimination in
general. It is reported that color histogram contributes to
good performance of described images among different
digestive organs [11]. HSI color space decomposes an image
into components of hue (H), saturation (S), and intensity (I)
[19]. The intensity of image is instable because of constant
movement of capsule endoscopy. So, we also choose HS his-
togram to represent the color features. Importantly, after
RGB images are converted into HSI space, we calculate the
HS histogram from the VROF region.

HistH i =
nH i
Nvalid

,

HistS i =
nS i
Nvalid

,
9

whereNvalid is the total number of pixels in the VROF region,

(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 5: Comparison of the maximum moments of the phase congruency covariance between the stomach and the small intestine.
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nH i and nS i are the frequency of the ith bin in H and I
channels of the VROF region, and i = 1, 2,… , 16.

SVM classifier [20] with RBF kernel is utilized for classi-
fying images in three target windows. Then we judge the
position of the pylorus from the classification results. In this
step, the time complexity from GLCM is O ηN where η is
the range of the intensity level (e.g., 256).

3. Results and Discussion

3.1. Dataset and Experiment Design. The WCE video data
used in these experiments is acquired from different patients
with different ages and provided by Jinshan in Chongqing.
There are 30 videos being used for the experiments in this
paper, and each video contains more than 42000 frames with
256× 240 pixels. It is worth mentioning that our samples are
very diverse and come from all over the world like China,
Middle East, and Europe. For privacy reasons, the names of
the cases are not real and just indicate where they are from.
We randomly select 3801 images around the pylorus in eight
videos, and 1822 are before the pylorus, 1979 are after the
pylorus. That is to say, there are 3801 frames included in
the training and validation set. The label of the images that
before and after the pylorus are 0 and 1, respectively. In addi-
tion, another nine cases are used for testing the accuracy of
the estimate position of the pylorus based on the proposed
method in this paper. The rest of the videos are for demon-
strating the importance of the VROF region.

The accuracy of locating the pylorus is assessed by the
error frames between the boundary obtained from the exper-
iments and the one manually labelled by three clinicians. The
mean and the median errors are considered in experiment
results. The mean error is the average error of all test videos
and the median error is the middle error value in all test
videos. To verify the effectiveness of our proposed algo-
rithms, three traditional performance metrics such as accu-
racy, sensitivity (recall), and specificity are measured in our
experiments. Those three performance metrics are described
as follows:

Accuracy = PT +NT
PT + PF +NT +N F

,

Sensitivity =
NT

PF +NT
,

Specif icity =
PT

N F + PT
,

10

where PT is the number of actually positive frames predicted
as positive frames, NT is the number of actually negative
frames predicted as negative frames, PF is the number of true
positive frames predicted as negative frames, and N F is the
number of true negative frames predicted as positive frames.

To demonstrate the operation of the proposed method,
we perform six sets of experiments.

The first experiment confirms the importance of seg-
menting the VROF region. The second one compares the
performance of SVM classifier, K-nearest neighbour (KNN)
classifier, and Naive Bayes classifier. SVM classifier with

RBF kernel is selected in this experiment. The parameter K
used in KNN classifier is 5. The third one compares the
CTVP feature with HS histogram, the ULBP feature, and
the improved WLD. The fourth one evaluates the influence
of different window sizes on locating the pylorus. The fifth
one compares and analyzes the performance of different
methods. The last one gives analysis of the location error of
the proposed method.

In order to obtain convincing results, all the systems run
on our own data. On the one hand, our results of the pro-
posed method are compared with the existing methods
which we try our best to reimplement based on the literature.
On the other hand, these results are also compared with
the ground truth (GT); GT has been generated artificially
by three clinicians who are from Third Military Medical
University, China. For convincing research, the error stan-
dard is set up by those three clinicians.

3.2. Experiment Results. The first experiment is for revealing
the importance of segmenting the VROF region. Table 1
shows the efficiency of finding right window with the pylorus
based on entire frames and VROF regions by frequency and
time consumption. Frequency is smaller, the efficiency of
finding the right window with the pylorus is better. Based
on the VROF region, it just needs 2.55 times of theMonitor-
Judge operation and about 16 seconds tofind the rightwindow
with thepylorus. The results clearly confirm the significance of
valid region denotation. And the better performance of using
VROF regions can be explained by the fact that it is necessary
to reduce the negative influence brought by gastric juice,
shadows, excessive bright regions, and bubbles.

The second experiment is for evaluating the classification
performance of different classifier and selecting the appropri-
ate classifier in the proposedmethod.As shown in Figure 6,we
apply 10-fold cross validation operations 10 times to evaluate
the classification performance of KNN classifier, Naive Bayes
classifier, and SVM classifier based on the different values of α
and β in the CSDmethod. It is found that the CTVP feature is
reliable and effective to describe the WCE images of different
digestive organ, because SVM classifier and KNN classifier
both obtains the acceptable classification results. From
Figure 6(a), α = 3 and β = 1 5 contribute to the best perfor-
mance of KNN classifier and SVM classifier; and the average
accuracy of SVM classifier are 98.9%, which has an increase
of 1% than that of KNN classifier. Because a peculiarity of
the KNN classifier is that it is sensitive to the local structure
of the training data, the SVM classifier with RBF kernel is a
more appropriate choice for the proposed method.

Table 1: Performance comparison of using entire frame and
valid region.

Frequency Time consumption (s)
Mean Median Max Min Average

Entire region 3.59 1.5 19 1 161

VROF region 2.55 1.5 7 1 16

Frequency: the times of monitoring needed to find the right window with the
pylorus. Time consumption: time consumption for finding the right window
with the pylorus.
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The third experiment is for presenting a comparison
between different features. The results in Table 2 are acquired
by 10-fold cross validation method to display the perfor-
mance of different features including HS histogram, the
ULBP feature, the improved WLD, the integrated M_GLCM,
and the CTVP feature. It is found that the proposed the
CTVP feature is more reliable and effective for classifying
the stomach and the small intestine than these comparison
features. The improved WLD is not good choice to describe
the WCE images in our training data because the average
accuracy of SVM classifier with the improved WLD is just
86.0%. The average accuracy of the CTVP feature are
98.9%, which is more suitable to describe an image than

independent color or texture feature. HS histogram and
ULBP [11] achieves an average performance of 97.1%
and 95.4% for accuracy and specificity, respectively. Never-
theless, it is not more excellent than the CTVP feature in
this paper.
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Figure 6: Classification performance of different classifiers and the influence of different parameters of the CSDmethod on the CTVP feature.
(a) The CSD method with α = 3, β = 1 5. (b) The CSD method with α = 5, β = 3. (c) The CSD method with α = 7, β = 5. (d) CSD method with
α = 9, β = 7.

Table 2: Classification rates of different features.

Features Accuracy Sensitivity Specificity

HS histogram and ULBP [11] 97.1% 98.7% 95.4%

Improved WLD [12] 86.0% 90.2% 82.5%

The integrated M_GLCM 94.09% 94.68% 93.51%

HS histogram (VROF region) 93.44% 96.13% 90.86%

CTVP 98.9% 99.7% 98.1%
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Figure 7: Mean error and median error of locating the pylorus in
the proposed method with different sizes of sliding window. The
x-axis represents the different sizes (m in Section 2.2.1) of sliding
window and the y-axis shows the location error.
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The fourth experiment is for evaluating the influence of
different window sizes on locating the pylorus. In Figure 7,
we evaluate the influence of different values of m on locating
the pylorus by mean error and median error. The results
shows that the proposed method with m = 100 has the best
performance of locating the pylorus. This be explained by
the fact that m = 100 can weaken the influence of classifica-
tion error in our data set.

The fifth experiment is for comparing the performance of
the proposed method with two existing valuable methods. In
Table 3, we compare and analyze the performance of differ-
ent location methods by the location accuracy and the time
consumption. Zhou et al. [12] get three candidate positions
of the pylorus as the output. Table 3 just shows the best one
of three candidates of the pylorus based on Zhou S.’s
approach. The error of Zhou S.’s approach is 360 and 201
frames of mean and median, respectively. It is because Zhou
et al. [12] do not think about the disturbances in images,
which makes a bad influence on the selection of the candi-
dates of the pylorus and leads to poor performance of

classification. Although Zhou et al. [11] has considered the
negative effects of the disturbances that cause the result of
extracting features unreliable, it is lack of robustness to
denote valid regions with some fixed condition in HSI color
space. The examples in Figure 8 show that the proposed
CSD method is more adaptive to extract the VROF region
than Zhou R.’s method. Zhou R. uses the peak of the com-
pleted dissimilarity curve in Lab color space to locating the
pylorus approximately. However, not only computing this
completed dissimilarity curve is time-consuming, but also
the position of the pylorus may not appear near the peak in
our data because of the shortage of his mechanism for denot-
ing the valid regions in WCE images. If they fail in the rough
level, it is impossible to find the correct position of the pylo-
rus in the fine level. These defects of Zhou R.’s method lead to
the low accuracy (mean error is 1385 frames) and long execu-
tion time (141 minutes). The Monitor-Judge model shows
excellent performance on locating the pylorus in WCE video:
On the one hand, the error of locating the pylorus is just 9
and 4 frames of mean and median, respectively; on the

Table 3: The results of the different location methods.

Cases
Clinicians’ annotation Zhou R.’s method [11] Zhou S.’s method [12] The proposed method

Position Position Time (min) Position Time (min) Position Time (min)

Duan 4849 5061

≈141

4861 3.89 4852 2.43

Liu 5440 4082 3921 2.88 5420 2.81

Feng 1634 4790 1271 3.41 1660 1.31

Wang 2042 1202 1991 1.77 2044 1.6

AMTA 710 578 501 2.86 708 0.56

AMM 1380 1192 1331 2.87 1380 0.37

RG 4019 1355 3531 2.33 4032 0.58

NNY 1704 4239 1511 3.23 1708 1.44

Mean — 1385 141 360 2.91 9 1.39

Median — 1099 141 201 2.78 4 1.26

Mean is the average error of locating the pylorus andmedian is the median of errors in the testing cases. Time represents time needed for locating the pylorus.

(a) (b) (c)

Figure 8: Different method for extracting the VROF region. (a) Original images with gastric juice and bubbles. (b) The process results of (a)
based on Zhou R.’s operation [11]. (c) The process results of (a) based on CSD method.
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other hand, the proposed method takes less time (1.26
minutes on average) to locating the pylorus than these two
exiting methods.

The sixth experiment is for analyzing the reason of the
location error. As shown in Table 3, there is an obvious dis-
tinction of the position of the pylorus between clinician and
our method in Feng. In Figure 9, we analyze the location
error in the video (Feng) by the cosine similarity of color fea-
ture. The result shows that the color features of the frames
around the position of the pylorus that annotated by clinician
do not have a distinct change in general. However, the posi-
tion that annotated by the proposed method is clearly
marked boundary of the color feature. Due to some hardware
problems or other unknown factors, this error is caused by
the color distortion of the image that also makes trouble for
the clinicians. In consideration of the importance of color
feature for describing the stomach and the small intestine,
the error is generally acceptable by the clinicians.

4. Conclusions

In this paper, we have introduced an effective method to
locate the pylorus in WCE videos. Firstly, the CSD method
is designed to obtain the VROF region for the color feature
extraction, which can remove the bad effects of the distur-
bances including food debris, strong shadows, overexposure,
air bubbles, and gastric juice. Secondly, the Monitor-Judge
model and the CTVP feature are proposed to promote the
efficiency and accuracy of locating the pylorus. Based on
color variation rule of sequential images, the proposed
Monitor-Judgemodel reduces the time consumption of locat-
ing the pylorus. And the CTVP feature is very suitable to
describe the images about the stomach and the small intes-
tine. Thirdly, the SVM classifier is applied to predict frames
in the target windows. And the position of the pylorus in
WCE video is determined by analyzing the classification
errors of the SVM classifier. Experimental results show that
the proposed approach outperforms the techniques proposed
in [11, 12] in terms of the location efficiency and accuracy on

a database of 30 WCE videos. In the future, we will collect
more WCE videos to verify the validity of the method for
locating the boundary between the small intestine and the
large intestine and investigate new methods for abnormality
detection in different digestive organs.
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