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There are huge amounts of information in the real world.
These data can be acquired and processed for useful appli-
cations. Data acquisition is the process of sampling signals
that measures real world physical conditions and converts
the resulting samples into digital numeric values that can be
manipulated by computer. Data processing is, broadly, “the
collection and manipulation of data to produce meaningful
information” [1, 2].

Conventionally, the data acquisition and processing are
the usual studying method in engineering. There are also
data that could be caught and manipulated from biological
objects, either human or animal. However, the data in
biology and medicine are not as direct and significant as
physical signals. With the development of technology, the
data could be caught by sensors from biological objects
directly or indirectly. The data then could be processed to
useful information for analysis, diagnosis, and treatment.
Computer tomography is the best example [3]. The X-ray
passes through human body and is detected by photoelectric
sensor; the computer reconstructs the axial images according
to the data from sensors. It illustrates the delicate anatomic
structure of human body without incision. This technology
has a great benefit to human health. Therefore, through
advancements in data acquisition and processing in biology
andmedicine, the human health could have a great advantage
and improvement.

The main focus of this special issue is on the advance of
the data acquisition and processing techniques to facilitate
the development in biology and medicine. The special issue
explores and summarizes the most recent progressing of the
data acquisition and processing in biology and medicine. We
have accepted 5 papers after peer review. Two of them are
about the data processing of electroencephalogram (EEG) to
facilitate diagnosis [4]. C. Zhang et al. described the auto-
matic artifact removal from EEG data based on a priori arti-
fact information. In their study, a priori artifact information
acquired online was introduced into wavelet-independent
component analysis (WICA) to realize automatic artifact
removal for variable subjects and EEG acquisition environ-
ments. Their results showed that the method significantly
improved the classification accuracies for motor imagery
and emotion recognition. Y.-S. Choi reported information-
theoretical quantifier of brain rhythm based on data-driven
multiscale representation for neurological deficit evaluation
in rat. They presented a novel multiscale Renyi entropy
framework for analysis of EEG signals. Analysis of exper-
imental EEG recording has shown that multiscale Renyi
entropy correlates well with clinically relevant measures of
neurological deficits. This study lays the foundation for
applying this novel approach to clinical studies of humanEEG
signals recorded during comparable episodes of brain injury
resulting from global ischemia after cardiac arrest as well as
other clinical situations such as traumatic brain injury.
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Besides EEG, electromyography (EMG) could also be
processed for diagnosis [5]. T.-F. Lee et al. analyzed EMG
equivalent uniform voltage response to diagnose tennis
elbow. EMG is also transmission signal that could be acquired
and analyzed to help diagnosis in muscular system. The
features of surface EMG in lateral epicondylitis patients
can be extracted. The prediction model can be formed
using logistic and probit techniques to diagnose tennis
elbow. EMG analysis also has potential to detect medical
abnormalities, activation level, or recruitment order or to
analyze the biomechanics of human or animal movement.
R. Peña et al. reported a clinically practical technique to
embed physiological signals in video formedicine healthcare.
Their technique successfully embedded samples of six EEG
signals into encoded video sequences with high, medium,
and low motion. Their technique also extracted the hidden
samples from the encoded video sequences without loss of
information. It is an important aid to improve the safety and
effectiveness in medical care.

C.-H. Yang et al. used a particle swarm optimization
(PSO) algorithm to identify the possible protective models
of breast cancer association in terms of the single nucleotide
polymorphisms (SNPs) of ORAI calcium release-activated
calcium modulator 1 (ORAI1) gene based on a published
data set of 345 female breast cancer patients and 290
female controls. Two SNPs (rs12320939 and rs12313273) were
found to be the most essential components to protectively
associate in breast cancer. PSO identified SNP model may
enhance the detection of genetic variants to disease or
cancer susceptibility. Therefore, their findings provided the
important information regarding combinational patterns of
SNPs located in the relevant genes [6, 7].

The advancement of the data acquisition and processing
techniques should be the key to facilitate the development
in biology and medicine. The potential topics include, but
are not limited to, physiological data acquisition and pro-
cessing; the development of biosensor; image acquisition and
processing in biology and medicine; computer in biology
and medicine, hardware setup, and software development;
database acquisition and analysis in biology and medicine;
and computing algorithm and optimization in biology and
medicine. The goal and focus of this special issue are the
advance of the data acquisition and processing techniques to
facilitate the development in biology andmedicine.The tech-
nological advancements in this decade have been immense,
especially in sensors and computers. There is tremendous
amount of technological advancement that could be used in
biology and medicine. More technical breakthroughs in data
acquisition and processing will be developed in the future,
which may present the chance and challenge for researchers
in this field.

Cheng-Hong Yang
Yu-Jie Huang

An Liu
Yi Rong

Tsair-Fwu Lee
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The ORAI calcium release-activated calcium modulator 1 (ORAI1) has been proven to be an important gene for breast cancer
progression and metastasis. However, the protective association model between the single nucleotide polymorphisms (SNPs) of
ORAI1 gene was not investigated. Based on a published data set of 345 female breast cancer patients and 290 female controls,
we used a particle swarm optimization (PSO) algorithm to identify the possible protective models of breast cancer association
in terms of the SNPs of ORAI1 gene. Results showed that the PSO-generated models of 2-SNP (rs12320939-TT/rs12313273-CC),
3-SNP (rs12320939-TT/rs12313273-CC/rs712853-(TT/TC)), 4-SNP (rs12320939-TT/rs12313273-CC/rs7135617-(GG/GT)/rs712853-
(TT/TC)), and 5-SNP (rs12320939-TT/rs12313273-CC/rs7135617-(GG/GT)/rs6486795-CC/rs712853-(TT/TC)) displayed low values
of odds ratios (0.409–0.425) for breast cancer association. Taken together, these results suggested that our proposed PSO strategy
is powerful to identify the combinational SNPs of rs12320939, rs12313273, rs7135617, rs6486795, and rs712853 of ORAI1 gene with a
strongly protective association in breast cancer.

1. Introduction

Single nucleotide polymorphisms (SNPs) are the most com-
mon variants of human genome [1]. Genome-wide asso-
ciation studies (GWAS) have widely been used to detect
the association models to diseases in terms of multiple SNPs

[2–7].The SNP interaction was gradually identified in a lot of
GWAS [8–10] and non-GWAS [11, 12] literature.

The ORAI calcium release-activated calcium modula-
tor 1 (ORAI1) [13] was reported to be involved in cancer
progression and metastasis of several types of cancers [14–
17]. The cell- and animal-based studies found that inhibition
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of ORAI1 gene impeded the migration of breast cancer
cells [18]. Several association studies of the SNPs of ORAI1
gene were also investigated in predicting the predisposition
of diseases and cancers [19–22]. However, the SNP-SNP
interaction-based association model between SNPs ofORAI1
gene and the protective association in breast cancer was less
addressed.

For computational biologic challenge, the significant and
potential association models are usually hidden in the large
number of possible combinations between several genotypes
of SNPs. Many methods had been developed to analyze the
potential association models to GWAS using the traditional
statistics, datamining, andmachine learning techniques [23–
30]. Among them, the particle swarm optimization (PSO)
method was used to explore the association models for
several diseases and cancers [28]. The advantages of PSO are
easy and rapid to apply the statistics analysis to identify the
potential association models.

The objective of this study aims to use the PSO to
investigate whether combinational SNPs of ORAI1 gene in
data set [22] are protectively associated with breast cancer in
the Taiwanese population.

2. Methods

2.1. Problem Description. The set 𝑋
𝑖

= {𝑥
𝑖1
, 𝑥
𝑖2
, . . . , 𝑥

𝑖𝐷/2
,

𝑥
𝑖𝐷/2+1

, . . . , 𝑥
𝑖𝐷

}, including SNP combinations {𝑥
𝑖1
, 𝑥
𝑖2
, . . . ,

𝑥
𝑖𝐷/2

} with their corresponding genotypes {𝑥
𝑖𝐷/2+1

, . . . , 𝑥
𝑖𝐷

},
is defined as possible solution in the detection of protective
association model problem, and the set is named SNP bar-
code in this study. The objective function (fitness function)
𝑓(𝑋
𝑖
) is defined as the difference between case group and

control group. The objective of detecting the protective
association model is a search for maximal SNP barcode 𝑋

∗

via the evaluation of objective function𝑓(𝑋) (𝑓 : 𝛿 ⊆ R𝐷 →

R); that is, 𝑓(𝑋
∗
) > 𝑓(𝑋) for all 𝑋 ∈ 𝛿, where 𝛿 is a

nonempty large finite set serving as the search space, and
𝛿 = R𝐷.

2.2. PSO. In PSO, particle is regarded as a solution of any
problem [31]. The two experiences, (1) the particle’s own
experience (pbest) and (2) the global knowledge (gbest), are
the two important objectives for leading the particle moves
toward better search region of the problem space. An optimal
result can be searched by gbest when the PSO produce is
repeated in much generation.

Algorithm 1 illustrates the PSO produce which has the
four operations, including particle initializations, particle
evaluations, pbest and gbest updates, and particle position
update. The first step initializes the particles reasonable val-
ues. The second step computes the fitness values of particles.
The third step updates the pbest of particle if the fitness
value is better than the pbest. The fourth step updates the
gbest if a fitness value of particle is better than the gbest.
The fifth step updates the particle’s velocity and position.The
steps 2 to 5 are repeated until the maximum generation is
achieved. Next, these four operations are introduced in detail
as follows.

01: begin
02: Particle initializations
03: for g = 1 to the number of generations
04: Particle evaluations using fitness function
05: pbest update
06: gbest update
07: Particle position update
08: next 𝑔
09: end

Algorithm 1: Particle swarm optimization pseudocode.

2.3. Particle Initializations. A particle is defined as the SNP
barcode; that is, 𝑋

𝑖
= {𝑥
𝑖1
, 𝑥
𝑖2
, . . . , 𝑥

𝑖𝐷/2
, 𝑥
𝑖𝐷/2+1

, . . . , 𝑥
𝑖𝐷

}.
The initial population (i.e., generation is 0) should cover this
range as much as possible by randomizing individuals within
the problem space constrained by the prescribed minimum
andmaximum bounds:𝑋

𝑖,min = {𝑥
𝑖,1,min, 𝑥𝑖,2,min, . . . , 𝑥𝑖,𝐷,min}

and 𝑋
𝑖,max = {𝑥

𝑖,1,max, 𝑥𝑖,2,max, . . . , 𝑥𝑖,𝐷,max}. The 𝑗th element
of the 𝑖th particle can initialize as

𝑥
𝑖,𝑗,0

= 𝑥
𝑖,𝑗,min + rand

𝑖,𝑗 [0, 1] ⋅ (𝑥
𝑖,𝑗,max − 𝑥

𝑖,𝑗,min) ,

𝑥
𝑗,max =

{{{

{{{

{

SNPmax, 𝑗 ≤
𝐷

2

Genotypemax, 𝑗 >
𝐷

2
,

𝑥
𝑗,min =

{{{

{{{

{

SNPmin, 𝑗 ≤
𝐷

2

Genotypemin, 𝑗 >
𝐷

2
,

Genotype = {
1, recessive genotype
2, dominant/heterozygous genotype,

(1)

where SNPmax and SNPmin are the maximum number of
SNPs and the minimum number of SNPs, respectively.
Genotypemin is set to 1 (i.e., the minor allele is regarded as
the recessive genotype) and Genotypemax is set to 2 (i.e., the
major allele is regarded as the dominant genotype with the
homologous major genotype or heterozygous genotype).

2.4. Particle Evaluations. The fitness function is defined by
the frequency difference value between breast cancer patients
and controls, and the relevant equation can be written as

𝑓 (𝑋
𝑖
) =

(𝑋
𝑖
∩ control)
controls

−
(𝑋
𝑖
∩ breast patients)

patients
. (2)

The𝑋
𝑖
represents the 𝑖th particle.The𝑋

𝑖
∩ control is defined

as the total number of intersections between the 𝑖th particle
and control group. The controls are defined as the total
number of control group. The 𝑋

𝑖
∩ breast patients is defined

as the total number of intersections between the 𝑖th particle
and breast patient group.The patients are defined as the total
number of breast patient group.
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Table 1: Estimated risk of each individual SNP on the occurrence of breast cancer.

SNPs Genotype Breast cancer patients (%)∗1 Controls (%)∗1 OR (95% CI)∗2
(𝑛 = 345) (𝑛 = 290)

rs12320939 (1) TT 67 71 0.74 (0.51–1.09)
(2) GG/GT 278 219 1

rs12313273 (1) CC 20 29 0.55 (0.31–1.00)
(2) TT/TC 325 261 1

rs7135617 (1) TT 55 51 0.89 (0.59–1.35)
(2) GG/GT 290 239 1

rs6486795 (1) CC 35 43 0.65 (0.40–1.04)
(2) TT/TC 310 247 1

rs712853 (1) CC 33 28 0.99 (0.58–1.68)
(2) TT/TC 312 262 1

∗1The genotype information of case and control was derived from our previous work [32] and it was reachable at http://bioinfo.kmu.edu.tw/BRCA-ORAI1-
5SNPs.xlsx.
∗2The genotype frequencies on the occurrence of breast cancer are not significant (𝑃 > 0.05).
OR = odds ratio.

2.5. pbest and gbest Updates. The pbest can record the particle
experience, and gbest can record the common experience
of particles. For pbest update, if the current fitness value of
particle is better than pbest, then both the position and fitness
values of pbest are replaced by the current position and fitness
values of this particle. For gbest update, if the fitness value of
pbest is better than that of gbest, then both the position and
fitness values of gbest are replaced by the current position and
fitness values of pbest.

2.6. Particle Position Update. Theparticle position is updated
by the three different vectors, including the inertia weight
𝑤, pbest, and gbest. Equation (3) is the 𝑤 updating function,
and this function can iteratively reduce the value of 𝑤 from
𝑤max to 𝑤min [33]. Equation (4) is used to update the particle
velocity. Equation (5) is used to adjust the particle position.
Consider

𝑤LDW = (𝑤max − 𝑤min) ×
Iterationmax − Iteration

𝑖

Iterationmax
+ 𝑤min,

(3)

Vnew
𝑖𝑑

= 𝑤LDW × Vold
𝑖𝑑

+ 𝑐 × 𝑟
1
× (𝑝𝑏𝑒𝑠𝑡

𝑖𝑑
− 𝑥

old
𝑖𝑑

)

+ 𝑐 × 𝑟
2
× (𝑔𝑏𝑒𝑠𝑡

𝑑
− 𝑥

old
𝑖𝑑

) ,

(4)

𝑥
new
𝑖𝑑

= 𝑥
old
𝑖𝑑

+ Vnew
𝑖𝑑

, (5)

where 𝑤max is maximum value of inertia weight 𝑤 and 𝑤min
is minimum value of inertia weight 𝑤. Iterationmax is the
maximumgeneration.The 𝑟

1
and 𝑟
2
are the random functions

within the range [0, 1]. The acceleration constants 𝑐
1
and 𝑐
2

are used to control the particle search direction (pbest or
gbest). Velocities Vnew

𝑖𝑑
and Vold
𝑖𝑑

are the new and old velocities,
respectively. The 𝑥

old
𝑖𝑑

and 𝑥
new
𝑖𝑑

are the current and updated
particle positions, respectively.

2.7. Parameter Settings. In this study, the PSO parameters
are chosen under the optimal setting [34]. For example,

the population size is 50, the maximum generation is 100, the
𝑤max of the inertia weight 𝑤 is 0.9, the 𝑤min is 0.4 [33], 𝑉max
is set to (𝑋max − 𝑋min), and 𝑉min is set to −(𝑋max − 𝑋min).
Learning factors 𝑐

1
and 𝑐
2
are both set to 2 [35].

2.8. Data Set Collection. In this study, we selected the five
ORAI1 related SNPs from theHapMapHanChinese database,
including rs12320939, rs12313273, rs7135617, rs6486795, and
rs712853, and the breast cancer data set with patients (𝑛 =

345) and controls (𝑛 = 290) were obtained from our previous
study [22].

2.9. Statistical Analysis. Theodds ratio (OR), 95% confidence
interval (CI), and 𝑃 value were used to evaluate the detected
associationmodels. A𝑃 value < 0.05 indicates the occurrence
of the association models significantly differing between the
breast cancer patients and controls. The SPSS version 19.0
(SPSS Inc., Chicago, IL) was used to compute all statistical
analysis.

3. Results

3.1. Evaluation of the Breast Cancer Risk of Individual SNP.
Table 1 showed the breast cancer risks of five individual SNPs
in ORAI1 gene. Among them, we identified six genotypes
of SNPs with the protective association against breast can-
cer, including rs12320939-TT, rs12313273-CC, rs7135617-TT,
rs6486795-CC, and rs712853-CC. However, the frequency
differences of these genotypes for each individual SNP were
nonsignificant between the breast cancer patients and con-
trols.

3.2. The Association Models of 2-SNP Combinations with
Maximum Differences between Cases and Controls. Table 2
showed the top ten association models of 2-SNP com-
binations from five SNPs listed in Table 1. Four associa-
tion models showed significant difference between paired
specific combination and others (𝑃 < 0.05), including SNPs
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Table 2: The top ten best protective association models of 2-SNP combinations.

Specific 2-SNP combination∗1 Genotypes∗1 Case number
/control number OR 95% CI 𝑃 value Power

1-2 Others 330/261 1 0.005∗2 0.792
1-1 15/29 0.409 0.215–0.779

2-4 Others 330/261 1 0.010∗2 0.752
1-1 15/28 0.424 0.222–0.810

1-3 Others 278/219 1 0.123 0.339
1-2 67/71 0.743 0.509–1.085

2-3 Others 327/261 1 0.022∗2 0.629
1-2 18/29 0.495 0.269–0.912

1-4 Others 310/247 1 0.073 0.432
1-1 35/43 0.649 0.403–1.044

3-4 Others 310/247 1 0.073 0.432
2-1 35/43 0.649 0.403–1.044

4-5 Others 311/249 1 0.096 0.385
1-2 34/41 0.664 0.409–1.078

2-5 Others 325/261 1 0.048∗2 0.506
1-2 20/29 0.554 0.306–1.002

1-5 Others 289/234 1 0.311 0.174
1-2 56/56 0.810 0.538–1.218

2-3 Others 292/239 1 0.451 0.118
2-1 53/51 0.851 0.558–1.296

∗1The information of the SNP and genotypes is provided in Table 1.
∗2The models have significance on the occurrence of breast cancer (𝑃 < 0.05).
OR = odds ratio.

Table 3: Estimated joint effects on models of 2- to 5-SNP combinations associated with breast cancer.

Combined SNP
number
(specific SNP
combination)∗1

SNP
genotypes

Case number
/control number OR 95% CI 𝑃 value Power

2-SNP Others 330/261 1 0.005∗2 0.792
(1-2) 1-1 15/29 0.409 0.215–0.779
3-SNP Others 330/261 1 0.005∗2 0.792
(1-2-5) 1-1-2 15/29 0.409 0.215–0.779
4-SNP Others 330/261 1 0.005∗2 0.792
(1-2-3-5) 1-1-2-2 15/29 0.409 0.215–0.779
5-SNP Others 330/262 1 0.008∗2 0.750
(1-2-3-4-5) 1-1-2-1-2 15/28 0.425 0.223–0.813
∗1The information of the SNP and genotypes is provided in Table 1.
∗2The models have significance on the occurrence of breast cancer (P < 0.05).
OR = odds ratio.

(1-2)-genotypes (1-1), SNPs (2-4)-genotypes (1-1), SNPs (2-3)-
genotypes (1-2), and SNPs (2-5)-genotypes (1-2). In these 2-
SNP association models, the SNPs (1-2)-genotypes (1-1), that
is, [rs12320939-TT]-[rs12313273-CC], had the maximum fre-
quency difference (5.65%) between the breast cancer patients
and controls and displayed the smallest OR value (<1) with a
protective effect against breast cancer. Similarly, the SNPs (1-
2)-genotypes (1-1) displayed the highest power value between
these models of 2-SNP combinations.

3.3. The Association Models of 3- to 5-SNP Combinations with
Maximum Differences between Cases and Controls. Using
similar computation like in Table 2, Table 3 showed the
best association models of 3- to 5-SNP combinations with
maximum difference between the breast cancer patients and
controls. We found that three SNPs rs12320939, rs12313273,
and rs712853 were strongly associated with protective effect
against breast cancer when their genotypes were TT, CC,
and TT/TC, respectively (OR = 0.409, 95% CI = 0.215–0.779,
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𝑃 = 0.005). The 4-SNP combinations showed that rs7135617
was included to generate the protective association with
breast cancer. The OR, 𝑃 value, and power were the same
for 3-, 4-, and 5-SNP combination models. For 5-SNPmodel,
SNPs (1, 2, 3, 4, 5) showed a similar protective effect against
breast cancer when their genotypes are TT, CC, GG/GT, CC,
and TT/TC, respectively (OR = 0.425, 95% CI = 0.223–0.813,
𝑃 = 0.008).

4. Discussion

SNP interaction analyses can improve the performance of
association studies in disease predisposition [26, 36–41]. In
this study, we investigated the protective factors for genetic
variants of complex traits in breast cancer. We hypoth-
esized that five important SNPs within the ORAI1 gene
may reduce the genetic susceptibility to breast cancer. In
the current study, a robust PSO algorithm combined with
the statistical analysis was used to detect the relationship
between protective association of breast cancer and ORAI1
SNPs. As expected, our proposed PSO algorithm has a good
performance to identify the protective effects of ORAI1 SNPs
against breast cancer in this study.

The statistical analyseswere reported to have the difficulty
to identify the complex multifactor association [42]. Accord-
ingly, several studies proposed comprehensive approaches to
identify the associationmodelwith disease related factors [27,
30, 43, 44]; these approaches have adequate power to explore
the potential association models. The SNP combination
generated by PSO can detect the association relationship in
terms of selecting several important genotypes of SNPs. This
algorithm can help us to understand the genetic basis of the
complex diseases/traits.

Our previous studies had shown that ORAI1 is an asso-
ciated gene to breast cancer with the nodal involvement,
progesterone receptor status, and estrogen receptor status
studies [22]. In our previous work [32], the specific combi-
national SNPs of ORAI1 gene were reported to be associated
with breast cancer risk. However, the protective association
of breast cancer in terms of combinational SNPs of ORAI1
gene was not investigated in SNP-SNP interaction manner.
In the current study, we found a strong protective association
between specific combinational SNPs of ORAI1 gene in
relation to breast cancer susceptibility.

We detected the possible 2-factor association models in
terms of specific SNP combination. PSO analysis selected
two SNPs (rs12320939 and rs12313273) in ORAI1 genes as the
best protective association model against breast cancer when
the genotypes of rs12320939 and rs12313273 are TT and CC,
respectively. This model can not specify whether the model
was a synergistic relationship or not, but it suggested that the
combination of factors (rs12320939 with genotype TT and
rs12313273 with genotype CC) had very low risk for breast
cancer susceptibility.

Haplotype is defined by a group of heritable SNPs of
linked genes on the same chromosome. Haplotype analysis
can provide the performance between cases and controls
for patterns of SNP combination involving all SNPs, for
example, 5 SNPs in the case of the current study. However,

the SNP-SNP interactions for different SNPs involved are not
considered in traditional haplotype analysis. In contrast, our
proposed PSO-based SNP-SNP interaction was not limited
to SNPs of the same chromosome although it is in the current
study. Moreover, our proposal algorithm can identify the best
SNP model with the maximum difference between cases and
controls for different numbers of SNPs, for example, from 2
to 5 SNPs. Recently, haplotype analysis was also reported to
combine with PSO [45, 46]. Therefore, the computation of
traditional haplotype analysis may be improved with the help
of PSO.

5. Conclusions

We used the PSO strategy to detect the protective association
models between five combinational SNPs of ORAI1 gene in
the breast cancer. Among them, the two SNPs (rs12320939
and rs12313273) were found to be most essential components
to protectively associate in breast cancer when their geno-
types are TT and CC, respectively. PSO identified SNPmodel
may enhance the detection of genetic variants to disease or
cancer susceptibility. Therefore, our findings provided the
important information regarding combinational patterns of
SNPs located in the relevant genes.
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Electroencephalogram (EEG) is susceptible to various nonneural physiological artifacts. Automatic artifact removal from EEG
data remains a key challenge for extracting relevant information from brain activities. To adapt to variable subjects and EEG
acquisition environments, this paper presents an automatic online artifact removal method based on a priori artifact information.
The combination of discrete wavelet transform and independent component analysis (ICA), wavelet-ICA, was utilized to separate
artifact components. The artifact components were then automatically identified using a priori artifact information, which was
acquired in advance. Subsequently, signal reconstructionwithout artifact components was performed to obtain artifact-free signals.
The results showed that, using this automatic online artifact removal method, there were statistical significant improvements of the
classification accuracies in both two experiments, namely, motor imagery and emotion recognition.

1. Introduction

As a biological signal that reflects potential changes in com-
plex brain activities, electroencephalogram (EEG) plays an
important role in human brain research, disease diagnosis,
brain-computer interfaces (BCI), and so on. However, the
electrical signals of brain activities are weak, so real EEG is
susceptible to various nonneural physiological artifacts. The
most severe artifacts include eyemovement (electrooculogra-
phy, EOG) and muscle movement (electromyography, EMG)
artifacts [1]. These undesired signals can complicate EEG
data or can be misread as the physiological phenomena of
interest. Thus, eliminating the effects of artifacts and extract-
ing the most relevant information from brain activities are
key challenges for researchers.

Artifact avoidance and artifact rejection were used to
handle artifacts in early studies. These approaches might not
acquire sufficient valid data from actual experiments, in
which eye blinking, swallowing, or other nonneural phys-
iological activities are inevitable [2]. Linear filtering is an
advanced method that may be used, but it is not recom-
mended especially when neural signals of interest are in the
same frequency range as that of artifacts [3]. Linear regression
[4, 5] assumes that EEGmeasurement is a linear combination

of real EEG and artifacts and they are not related. This
straightforward techniqueworkswell for EOGartifactswith a
reference channel, but the assumption is inadequate for
removing EMG artifacts. A more extensive review of artifact
reduction techniques can be obtained from the literature [1].

Blind signal separation (BSS) techniques are the most
promising approach for separating the recordings into com-
ponents that “build” them. They regard EOG, EMG, and
other artifacts as the signals produced by independent
sources. BSS techniques need to identify components that are
attributed to artifacts and perform signal reconstruction
without them [6]. Independent component analysis (ICA) is
a widely used BSS method. ICA was first applied in routine
EEG analysis by Makeig et al. [7] in 1996. EOG [8] and EMG
[9] artifacts can be successfully separated from EEG signals.
Flexer et al. [10] proved that the irregular EOG artifact of the
blind can also be separated by ICA. Several studies have also
used ICA technique for artifact removal [11–19].

Automatic artifact removal from EEG is preferred in
practice. It is suitable for only EOG artifact removal with a
reference channel [8, 18]. A concept similar to placing an
accelerometer on the head is applied to head movement arti-
fact removal [19]. To remove EOG and EMG artifacts simul-
taneously, researchers prefer to combine machine learning
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Figure 1: One trial of the artifact acquisition session. One trial consists of one 1 s blank period, one 1 s ready period, one 2 s action period,
and one 2 s rest period. When a visual cue is presented in the action period, the subjects are required to do the corresponding action only.
The EEG epoch represents the data used for the following automatic artifact removal.

in their automatic systems. Previous studies combined
BSS/ICA and support vector machine (SVM) to automat-
ically remove artifacts [16, 17]. Winkler et al. [20] used a
linear programming machine to automatically classify gen-
eral artifactual source components. However, machine learn-
ing processes require many offline training samples, which
need to be visually inspected and manually labeled as dif-
ferent artifacts. Furthermore, offline trained classifiers may
not perform optimally for variable subjects and EEG acqui-
sition environments. Accordingly, an effective solution is
to distinguish artifact components automatically, easily, and
accurately during a single acquisition.

This paper proposes a novel automatic artifact removal
method for variable subjects and EEG acquisition environ-
ments. Without reference channels and massive offline train-
ing samples, a small amount of time is used to acquire indi-
vidual artifact samples as online a priori artifact information
in advance. Automatic identification and removal of arti-
fact components are realized using correlation analysis and
wavelet-ICA (WICA). At last, the method is applied to two
classification experiments, namely, motor imagery and emo-
tion recognition. The experimental results showed that there
were statistical significant improvements of the classification
accuracies by applying this automatic online artifact removal
method.

2. Method

The following subsections describe how the proposed auto-
matic artifact removal approach was established. We also
applied the approach to two classification experiments,
namely, motor imagery and emotion recognition.

2.1. Online Extraction of A Priori Artifact Information. We
first describe how to obtain a priori artifact information
online, which is necessary for the following automatic arti-
factual component identification. During the actual EEG
acquisition, artifacts are often generated by themovements of
subjects, intentionally or unintentionally, such as eye blink-
ing, eye rolling, teeth clenching, and swallowing. If the sub-
ject does only one action for a time period, the corresponding
recoding data can be clearly marked by a corresponding arti-
fact label, which can be utilized for the following automatic
artifact classification.Thus, an artifact acquisition sessionwas

performed to extract a priori artifact information before the
formal EEG data acquisition. Figure 1 shows a trial of the
experimental design. At the beginning of one trial was a 1 s
blank period, followed by a 1 s ready period, in which subjects
were instructed to stare at the center fixation cross and try not
to think of anything on purpose. A visual cue appeared for 2 s
to indicate the corresponding action to the subjects. Given
that typical actions can arouse artifacts, eye blinking, eye
rolling, and teeth clenchingwere chosen as stimuli. Nomove-
ment was set as the control stimulus. When the visual cue
was presented in the screen, the subjects were required to do
the corresponding action only. A 2 s rest period ended the
trial. The artifact acquisition session contained 40 trials, with
10 trials for each type of stimulus. The total time was 240 s.

2.2. Automatic Artifact Removal Using A Priori Artifact
Information andWICA. As a combination of DWT and ICA,
WICA is proposed based on the joint use of multiresolution
andmultidimensional analyses. WICAwas first proposed for
the processing of EMG signals [21, 22]. WICA improves the
performance of ICA because it projects data into a new space
where the redundancy is higher and the features of artifacts
are fully utilized [23]. The coefficients of wavelet transform
exhibit a more super-Gaussian nature in the probability
density function and larger kurtosis than the raw signal. Li
et al. [12] implemented automatically EOG artifact reduction
using a reference channel and WICA and proved that WICA
greatly improves the SNR of EEG signals and antinoise
capability.

This paper presents a novel WICA technique optimized
for automatic EOG and EMG artifact removal using individ-
ual a priori artifact information acquired online in advance.
This section explains how the proposed method allows
automatic EOG and EMG artifact removal.

The algorithm for EOG and EMGartifact removal in EEG
(as shown in Figure 2) is presented as follows.

(1) Raw data to be processedwere appended to the artifact
samples first. Mallat’s pyramid decomposition algorithm was
applied to 𝑛-channels of signals (artifact samples + to be
processed):

𝑋 (𝑡) = [𝑥1 (𝑡) , 𝑥2 (𝑡) , . . . 𝑥𝑛 (𝑡)]
𝑇
. (1)

Each channel 𝑥
𝑖
(𝑡) ∈ 𝑅

𝑀
1
×1
(𝑖 = 1, 2, . . . , 𝑛) was decom-

posed by 𝐿-level decomposition tree, and the approximate
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Figure 2: Block diagram of WICA for automatic EEG artifact removal. Raw data to be removed are appended to the artifact samples
first. The next stage is wavelet decomposition via channel by channel, in which data are projected into 𝑛-dimensional space where ICA is
performed. Subsequently, 𝑛-𝑚 neural-related WICs are used for 𝑛-channel wavelet coefficient reconstruction, whereas 𝑚 artifactual WICs
are automatically recognized by correlation analysis. Finally, the 𝑛-channel EEG signal without artifacts is reconstructed by inverse DWT
from 𝑛-channel wavelet coefficient.

coefficients and detail coefficients were ranked to construct
the wavelet coefficient vector →𝑢

𝑖
∈ 𝑅
𝑀
2
×1:

→
𝑢
𝑖
= [𝐴
𝑖,𝐿
, 𝐷
𝑖,𝐿
, 𝐷
𝑖,𝐿−1
, . . . , 𝐷

𝑖,1
]
𝑇
, 𝑖 = 1, 2, . . . , 𝑛. (2)

(2) All coefficient vectors

𝑈 = [
→
𝑢
1
,
→
𝑢
2
, . . . ,
→
𝑢
𝑛
]
𝑇 (3)

were combined and considered the input of the ICA algo-
rithm. The FastICA algorithm based on a negentropy cri-
terion was applied to estimate the separation matrix 𝑊 ∈
𝑅
𝑛×𝑛, and the 𝑛-channels of independent wavelet-domain

components

𝑌 = [
→
𝑦
1
,
→
𝑦
2
, . . . ,
→
𝑦
𝑛
]
𝑇 (4)

were obtained using the following equation:

𝑌 = 𝑊𝑈. (5)

(3) The a priori artifact information and correlation
analysis were applied to recognize EOG and EMG wavelet-
independent components (WICs). First, Mallat’s pyramid
construction algorithm was applied to each WIC →𝑦

𝑖
∈ 𝑅
𝑀
2
×1

to reconstruct the corresponding time-domain component
→V
𝑖
∈ 𝑅
𝑀
1
×1, which was as long as the original signal 𝑥

𝑖
(𝑡) ∈

𝑅
𝑀
1
×1. For each artifact EEG epoch, Welch’s algorithm was

applied to calculate the power spectrum density (PSD) from
1Hz to 50Hz. Subsequently, the PSDwas used to calculate the
relative energy in 10Hz-wide frequency bins, thereby yielding
five bins. We then used the correlation score (the absolute
value of Pearson correlation coefficient, |𝑟|) to represent the
correlation between the five PSD features of each component
and artifact labels. Spectral information is particularly helpful

for the classification of artifacts because EOG and EMG
have different typical spectra. That is, EOG artifacts show
much more energy at lower frequencies, whereas EMG gen-
erally contaminates all the frequency ranges of interest. For
the corresponding artifact components, the correlation score
of the corresponding frequency band was the highest.
Instead of visually inspecting or using reference channels, we
recognized corresponding EOG and EMG WICs using the
proposed method. EMG artifacts tend to contaminate most
components with varying degrees of intensity, and recogniz-
ing every component with only traces of EMG as artifact can
result in the excess removal of nonartifact EEG data [17].
Therefore, only those components with strong EMG were
recognized as EMG artifacts, which was easily accomplished
by ranking the correlation coefficients. All the steps described
in the artifact identification process for all components were
performed automatically by computer.

(4) Entity matrix𝐸was constructed, where𝐸
(𝑖,𝑖)
= 0 if the

component 𝑖 was recognized as an artifact. The 𝑛-channels
of WICs 𝑌 = [→𝑦

1
,
→
𝑦
2
, . . . ,
→
𝑦
𝑛
]
𝑇 were projected back onto

the scalp electrodes with inverse transform of ICA using the
following equation:

𝑍 = 𝑊
−1
𝐸𝑌, 𝑍 ∈ 𝑅

𝑛×𝑀
2 . (6)

(5) Mallat’s pyramid construction algorithm was applied
to each channel of wavelet coefficients 𝑍 to reconstruct the
artifact-free EEG data. Thus, the EOG and EMG artifacts in
the EEG signals were removed.

2.3. Validation 1: Application to Motor Imagery. In this sec-
tion, we applied our automatic artifact removal approach to a
motor imagery classification experiment.We investigated the
effects of our approach on the classification performance of
motor imagery based on PSD.
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Figure 3: One trial of the motor imagery experiment. The EEG epoch represents the data used for analysis and classification.

Table 1: EEG recording parameters.

EEG recording parameters

Amplifier 16-channel g.USBamp system (gtec,
Graz, Austria)

Sampling frequency 512Hz
High-pass filter 0.1 Hz
Low-pass filter 60Hz
Notch filter 50Hz

Electrode placements 16-channel subset of 10–20 systems
(see Figure 7)

Ground Forehead
Reference Right earlobe
Electrode material Ag/AgCl
Recording software g.Recorder

2.3.1. Experimental Setup. Fourteen healthy BCI novices
performed first motor imagery with the left hand, right hand,
and neither in a calibration measurement without feedback.
Every 10 s, one of three different visual cues (arrows pointing
left, right, or both) indicated to the subject which type of
motor imagery to perform (Figure 3). Twenty trials of each
motor conditionwere recorded in randomorder.The sessions
were recorded using a 16-channel g.USBamp system (Table 1).
The recordings were conducted at a sampling frequency of
512Hz using an activated high-pass filter at 0.1 Hz, low-pass
filter at 60Hz, and notch filter at 50Hz to suppress power line
noise. A Priori artifact information was acquired in advance
during artifact acquisition sessions and then incorporated in
our automatic artifact removal approach.

2.3.2. Data Analysis. After artifact removal, data from three
electrodes (C3, CZ, and C4) in the motion imagery period
were selected to extract the power spectrum feature for the
input of SVM classification. First, the 4 s long epoch was
equally divided into four segments. Second, each segment of
the EEGdatawas processedwith theHanningwindow.Third,
windowed segments were extended by zero padding for fast
Fourier transform. Finally, EEGpower spectra were extracted
in 45 bands from 1Hz to 45Hz, and each band was 1Hz long.
Thus, the total number of feature dimensions was 540.

Correlation-based feature selector is a type of supervised
dimensionality reduction method [24]. Each feature obtains

a score presenting its correlation with a label by this method.
The most label-relevant features can be found by ranking
these scores. The selected features were used for RBF-kernel
SVMclassification. To validate our automatic artifact removal
approach, we also analyzed the data without artifact removal
in the same manner.

2.4. Validation 2: Application to Emotion Recognition. To
evaluate the artifact removal performance for EEG data from
higher-order cognitive processes, data from thirteen healthy
subjects were used to test the proposed automatic artifact
removal method in another classification experiment,
namely, an emotion recognition study.

2.4.1. Experimental Setup. Thirteen college participants aged
20 to 24 years with normal or corrected-to-normal vision
participated in this study. All participants had no neurolog-
ical or psychological medical history. Before experiments,
we obtained informed consent from each participant. The
pictures used for emotion induction were obtained from the
Chinese Affective Picture System [25]. These pictures were
all rated in terms of the valence and arousal levels. They
were divided into five categories, namely, very high valence
(VHV), high valence (HV), neutral, low valence (LV), and
very low valence (VLV). ANOVA showed that the categories
were significantly different in the valence level (𝑃 < 0.05) but
not significantly different in the arousal level (𝑃 > 0.05).

The emotion induction experiment (150 trials) is illus-
trated in Figure 4. Each trial started with a 4 s resting
period, followed by a 2 s ready period, during which subjects
were instructed to stare at the center fixation cross and try
not to think of anything on purpose. Subsequently, a picture
was presented to the subjects for 4 s, during which partici-
pants were instructed to try to engage themselves into the
emotion represented by the picture. At the end of each trial,
participants were given 4 s to evaluate the perceived emotion
and categorize it as one of the five categories by pressing
number keys 1 to 5.The acquisition equipment and parameter
settings were similar to those used in Validation 1.

2.4.2. Data Analysis. Power spectrum features are widely
used for emotion recognition because they can be analyzed to
characterize the perturbations in the oscillatory dynamics of
ongoing EEG [26, 27]. In this data analysis, all 16 channels of
EEG signals in the picture display period were used to
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Figure 4: One trial of the emotion recognition experiment. The EEG epoch represents the data used for analysis and emotion classification.
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Figure 5: Corresponding time-domain components of the WICs.

extract the power spectrum feature. We calculated the power
spectrum feature for each 1Hz (from 1Hz to 45Hz) and each
1 s. Thus, the feature vector for each trial with 2880 dimen-
sions was obtained using the same method in Validation 1.
Finally, the features selected by correlation-based feature
selector were used for RBF-kernel SVM classification. The
labels of EEG epochs for classification were determined by
participants’ subjective psychometric evaluation. We also
analyzed the data without artifact removal in the same
manner to validate our automatic artifact removal approach.

3. Results

In the following subsections, we investigated the validity of
our method via correlation analysis for identifying artifact
components. We also comparatively analyzed the signal
waveform and classification performances of two validation
experiments before and after artifact removal.

3.1. Performance of CorrelationAnalysis for IdentifyingArtifact
Components. We plotted the corresponding time-domain
components of the WICs to visually inspect and identify the
artifacts and compared the results of automatic identification
by correlation analysis. Figure 5 shows the corresponding
time-domain components of the WICs. Components 3 and 5
represent EOG artifacts, whereas components 1, 2, 4, and 9
are intuitively considered artifacts containing strong EMG.
Figure 6 shows the correlation scores between five PSD
features of each component and artifact labels. By ranking all
the correlation coefficients, we found that the EOG artifact
components exhibited the highest correlation scores (1–
10Hz)with eye blinking label and eye rolling label. Similarly, a
number of strong EMG artifact components were recognized
by ranking correlation scores with teeth clenching label. We

selected the four highest mean scores as the EMG artifacts
to be removed. By comparison, we found the artifact com-
ponents that the highest correlation scores represented were
the same as those we visually inspected.Therefore, all artifact
components could be automatically recognized by correla-
tion analysis.

From another perspective, the different distributions of
correlation scores between EOG and EMG may indicate
the different characteristic power spectrum between them.
EOG artifact components showed significantly higher energy
in low power spectrum (1–10Hz) (Figures 6(a) and 6(b)),
whereas EMG artifacts were almost distributed in all the
power spectra (1–50Hz) (Figure 6(c)). Notably, EMG arti-
facts almost disturbed all the components (Figure 5), so EMG
artifact removal in EEG remains a serious challenge. This
problem may be the reason why few studies about artifact
removal have studied the automatic method for the removal
of EMG artifacts [1].

We implemented our method in Matlab 2012b. The
average computation cost of the automatic artifact removal
method for one single trial was about 5 s. In it, The DWT
and ICA accounted for a higher proportion (approximately
4.95 s). Given that the shortest single trial of our validation
experiments was 10 s, our method met the requirements of
real-time analysis.

3.2. Comparative Analysis of Signal before and after Artifact
Removal. Figure 7 shows a short 16-channel subset of the
raw EEG recordings. Strong artifacts caused by eye motion
and muscle activity are visible across all channels. The strong
artifacts obscure the neural information and are likely to
render the corresponding trials useless for the following
neural information extraction.

Figure 8 shows the signals from Figure 7 after artifact
removal by our proposed approach. Most of the EOG and
EMG artifacts that disturbed the analysis of the raw EEG
recordings disappeared. Only small amounts of EMG artifac-
tual activity were still visible. This finding may be due to the
removal of only four components with the highest mean
correlation scores as the EMG artifacts to prevent excess
removal of nonartifact EEG data.

3.3. Classification Performances before and
after Artifact Removal

3.3.1. Validation 1: Application to Motor Imagery. All the
classification tests in this study were carried out using fivefold
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Figure 6: Correlation scores (|𝑟|) plots between five PSD features of each component and artifact labels. Plots (a), (b), and (c) show the
correlation scores with eye blinking, eye rolling, and teeth clenching, respectively. Regions of interest are marked with yellow boxes.
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Figure 7: Raw EEG signals with strong EOG and EMG artifacts.

cross validation with RBF-kernel SVM. We calculated the
offline classification accuracies with different numbers of
features selected by different correlation score thresholds.
For all subjects, we compared the highest accuracies of the
classification between raw data and artifact-removed data.
Both the results of binary-category (left and right) classifica-
tion and three-category (left, right, and neither) classification
were utilized to test our method. The mean highest accuracy
of binary-category classification across fourteen subjects is
shown in Figure 9. For both binary-category and three-
category classification, the average prediction accuracy of
artifact-removed data was significantly higher than that of
raw data on t-statistics at a significance level of 0.05. This
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Figure 8: Artifact-removed EEG signals (signals correspond to
those depicted in Figure 7).

may be because our proposed method removed the artifact
components that influenced the classification, resulting in
extracted features that were highly interrelated with the
motor imagery task.

3.3.2. Validation 2: Application to Emotion Recognition. In
Validation 2, we performed a binary-category (VHV+HV
and LV+VLV) classification and five-category (VHV, HV,
neutral, LV, and VLV) classification to verify our method. In
contrast to Validation 1, features were selected from all the 16
channels, and themaximumnumber of featureswas 2880.We
also compared the highest accuracies of the classification
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Figure 9: Classification accuracies of raw data and artifact-removed
data for binary-category (left and right) and three-category (left,
right, and neither) classification. For each subject, an appropriate
number of features were selected for the highest accuracy.Themean
accuracy was computed across all the subjects. Error bars show the
standard deviation of the mean accuracies across all subjects.

performances between raw data and artifact-removed data
among all subjects (Figure 10). For both binary-category and
three-category classification, the average prediction accuracy
of artifact-removed data was significantly higher than that of
raw data on t-statistics at a significance level of 0.05. Thus,
the artifact removal method was also effective for EEG data
of higher-order cognitive processes. However, we found that
the classification performance did not improve or even wors-
ened for some subjects. This finding may be caused by the
removed artifact components, which contained some infor-
mation correlated with emotion, or an involuntary muscle
contraction that occurred while the pictures were displayed
for emotion induction.

4. Discussion and Conclusion

The main idea of our method was to acquire the online
a priori artifact information and put them in the WICA
with the raw data including artifact to be removed. The
artifact components were recognized and removed by sorting
the correlation of the marked a priori artifact information
and WICs. The a priori artifact information obtained online
can effectively reflect the nonneural physiological artifacts
during the EEG experiments. And the types of artifacts to be
removed were determined by the types of the a priori artifact
information. We used eye blinking, eye rolling, and teeth
clenching to generate a priori EOG and EMG artifact infor-
mation, respectively.TheEOGartifact produced by eye blink-
ing and eye rolling was mainly contained in two ICs (Figures
5 and 6). This means that the more subtle the acquisition of
a priori artifact information is, the more subtle the artifact
componentmay be discriminated. For example, headmoving
and swallowingmay generate the a priori artifact information
that can be used to distinguish EMG artifact components
mostly related to themselves. Nevertheless, removing too
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Figure 10: Classification accuracies of raw data and artifact-
removed data for binary-category (VHV+HV and LV+VLV) and
five-category (VHV, HV, neutral, LV, and VLV) classification. For
each subject, an appropriate number of features were selected for
the highest accuracy. The mean accuracy was computed among all
the subjects. Error bars show the standard deviation of the mean
accuracies across all subjects.

many artifact components may lead to the excess removal of
nonartifact EEG data because of the limited total number of
WICs (which is not higher than that of channels). In practical
applications, which a priori artifact information to acquire
should be considered comprehensively based on the number
of channels, the influence of the artifact in the experiment,
and the burden of the subjects.

There is one thing that needs to be stressed which is that
the performance of the chosen ICA method directly deter-
mines whether the artifact components can be separated.
In this study, we chose WICA by analyzing different meth-
ods during preexperiments. Compared with general ICA
methods, WICA improves the performance of ICA, since it
projects data into a new spacewhere the redundancy is higher
and the features of artifacts are fully utilized. The statistical
results also demonstrated that it was effective for motor
imagery and emotion recognition. However, it cannot be
ruled out that other ICA methods may work well in different
conditions. Since we only focused on the automatic online
artifact removal method in this study, we did not do much
research in feature extraction and classification methods,
which might affect the classification accuracies more or less.

In this study, a priori artifact information acquired online
was introduced into WICA to realize automatic artifact
removal for variable subjects and EEG acquisition environ-
ments. The proposed method was applied to two experi-
ments, namely, motor imagery and emotion recognition.The
statistical results showed that our method significantly
improved the classification accuracies for motor imagery and
emotion recognition. In addition, our method required no
reference channels, massive training samples, and visual
inspections, so it was entirely automatic. Therefore, the pro-
posed method may provide an alternative approach for auto-
matic artifact removal, particularly for novice researchers in
other fields.
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To develop the logistic and the probit models to analyse electromyographic (EMG) equivalent uniform voltage- (EUV-) response
for the tenderness of tennis elbow. In total, 78 hands from 39 subjects were enrolled. In this study, surface EMG (sEMG) signal
is obtained by an innovative device with electrodes over forearm region. The analytical endpoint was defined as Visual Analog
Score (VAS) 3+ tenderness of tennis elbow. The logistic and the probit diseased probability (DP) models were established for the
VAS score and EMG absolute voltage-time histograms (AVTH). TV

50
is the threshold equivalent uniform voltage predicting a

50% risk of disease. Twenty-one out of 78 samples (27%) developed VAS 3+ tenderness of tennis elbow reported by the subject
and confirmed by the physician. The fitted DP parameters were TV

50
= 153.0mV (CI: 136.3–169.7mV), 𝛾

50
= 0.84 (CI: 0.78–0.90)

and TV
50
= 155.6mV (CI: 138.9–172.4mV),m = 0.54 (CI: 0.49–0.59) for logistic and probit models, respectively. When the EUV ≥

153mV, the DP of the patient is greater than 50% and vice versa. The logistic and the probit models are valuable tools to predict the
DP of VAS 3+ tenderness of tennis elbow.

1. Introduction

Lateral epicondylitis, also named as tennis elbow, is a con-
dition where the outer part of the elbow becomes sore and
tender. It is a very common clinical occurrence, with many
working population being involved [1]. While the common
name “tennis elbow” suggests a strong link to racquet sports
[2], this condition can also be caused by other sports such
as swimming and climbing, the work of manual workers
and waiters, as well as activities of daily living [3–5]. Tennis
elbow is an overuse injury occurring in the lateral side of the
elbow region, but more specifically it occurs at the common
extensor tendon that originates from the lateral epicondyle.

The acute pain that a person might feel occurs as one fully
extends the arm.

While the rest is themost frequently prescribed treatment
for most soft tissue injury, for athletes and industrial workers,
it may not be possible to cease or severely limit the activity
that caused the condition to appear. Nirschl has proposed
using the term tendonosis due to the lack of inflammation
accompanying common lateral tennis elbow [6]. With an
injury such as lateral epicondyle tendonitis, because the pain
associated with the injury may actually encourage counter-
productive muscle activation [7]. It is therefore important to
determine if the patient is really belonging to this diagnosis,
and how to define the possible detrimental muscle activation
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patterns accompanying this disease. In Nirschl’s study, they
had demonstrated the surface electromyography (EMG)
signal of tennis elbow with difference in muscular activation
time, frequency, duration, and earlier onset time [7].

When diagnosing the tennis elbow, patient-reported of
pain is usually sufficient for a clinician to make a recommen-
dation of treatment [8]. How to determine if muscle usage
patterns have been altered by the injury is an important issue.
EMG data from the extensor carpi radialis brevis (ECRB)
showing increased activity during specific wrist movements
would indicate that muscular strain on the damaged soft
tissue, usually the hyaline region of the ECRB [9]. This
evidence indicates that in tennis elbow patients the muscle
electric activity is different from the normal groups.However,
other muscle groups may also be affected. Generally, tennis
elbow affects mostly wrist extensor muscles. These muscles
are innervated by the radial nerve, and therefore differ-
ential diagnosis would include radial neuropathy, cervical
radiculopathy (C6) and muscle or tendon pathology. It is
well known that different neural muscular condition can be
characterized by different EMG patterns. However, to our
best knowledge, there is no consistent feature of EMG for
diagnosis of tennis elbow [10]. In previous studies, changes
in motor unit morphology or firing pattern associated with
underlying pathophysiology are described. Shape character-
istics of motor unit potentials (MUPs) provide insight into
the underlying pathophysiology of neuromuscular diseases
[11]. In myopathies, classic EMG findings are MUPs with
reduced durations and amplitudes due to loss ofmuscle fibers
or fibrosis [12].There is also increased complexity in theMUP
waveforms, which may be associated with atrophic or regen-
erating muscle fibers or with temporal dispersion among
muscle fiber potentials due to fiber diameter variations [13].
In neuropathies, classic EMG findings include increases in
MUP duration and amplitude caused by increased fiber
number and density as orphanedmuscle fibers receive axonal
sprouts from healthy axons. In this case, the number of turns
and phases may either be normal or increased [14].

Since the pathogenesis of this condition is still unknown,
diagnosis and treatment of this disease are often complicated
by reliance on self-reported of the patient himself. Recently,
the clinician’s ability to more accurately view the damage
through quantitative means, such as MRIs, has been greatly
improved. However, such evaluation is expensive and not
cost-effective. Recently many studies have focused on pre-
dictive modelling for diseased probability (DP) on various
anatomic sites and reporting known models parameters [15,
16]. To our knowledge, there is no study describing DP of
EMG signal measured from the epicondyle for tenderness
of tennis elbow endpoint. In this study, we introduce two
widely usedDPmodels, namely, the logistic and the probit, to
quantify the relationship between tenderness of tennis elbow
and EMG intensity measured from the epicondyle, which
potentially identify a more specific EMG relationship.

So, we aim to determine the best-fit parameters of these
well-known and established DP models and introduce the
model best describing the EMG intensity-response relation-
ship of the epicondyle for tennis elbow endpoint. Therefore
to determine if simple surface EMG analysis of muscles
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Figure 1: Visual Analog Score (VAS) for assessing the severity of
tenderness.

associated with lateral tennis elbow could be used to assist
in accurately diagnosing this common soft tissue injury.

2. Materials and Methods

2.1. Participants. In this study, a total of 39 subjects were
enrolled. Their demographic data including sex, age, and
disease status are recorded. For each diseased subject, the
involved side was used as desired sample and the other side
was used as normal control. Patients with bilateral elbow
involved were excluded from analysis. Every tennis elbow
patient will have elbow X-ray for anterior-posterior and
lateral views to rule out severe degenerative disease. For
every patient, the detailed history was taken by the physician.
Physical examination including palpation for tender point
was also performed by the physician. The severity of ten-
derness is assessed by Visual Analog Score (VAS) as shown
in Figure 1. VAS zero score is the least pain, while the VAS
10.0 points is the worst pain. During VAS score acquisition,
there is no verbal or conscious guidance provided by the
nurses or physicians. The VAS score was directed by patient
self-reported. The analytical endpoint was defined as VAS
3+ tenderness of tennis elbow. This study was approved by
the institutional review boards of the Min-Sheng hospital
(KMMH-IRB-10201).

2.2. Electrodes Placement. When acquiring the surface EMG
(sEMG) signal, patients were put in sitting position. The
electrodes of EMG machine was attached to the standard
EKG led pads then applied to skin surface. The surface
electrode pad was composed of AgCl. The three electrodes
of EMGmachine were put on:

(1) the muscle belly of ECRB,
(2) distal radius Lister’s tubercle of dorsal wrist,
(3) ulnar styloid over lateral side of wrist.

The electrode over ulnar styloid was set as the reference.
The electrodes’ position and relevant human anatomy was
shown in Figure 2.

2.3. Experimental Protocol. Subject in test was told to hold
fist. Then active wrist flexion extension was asked to perform
by patient himself. One cycle of range-of-motion (ROM) is



BioMed Research International 3

Extensor carpi radialis brevis (ECRB)

Ulnar styloid

Lister’s tubercle

Figure 2:The two electrodes position overwrist: the Lister’s tubercle
is marked as blue circle and ulnar styloid is marked as yellow circle.
The other electrode is put over ECRB belly site as red circle.

defined as one flexion and one extension. Wrist position in
flexion and extension is shown in left part of Figure 3. The
duration of one cycle was kept to around 1.3 seconds. Total
ten cycles around 13 swas recorded.Theother side upper limb
was repeated as the same protocol.

The sEMG signal was amplified and filtered by an EMG
signal acquisition module (EMG-01, Raising Technology
Ltd., Kaohsiung, Taiwan). Output end of the amplifier was
normalized to ±1 voltage then connected to the audio line-
in port of personal computer. The setup of our device is
shown in Figure 3. The data acquisition process is performed
with Matlab software. The signal is input as standard vector
form after taking its absolute value in Matlab programming
language.

In order to provide robust algorithm for treating the
sEMG signal, a nonparametric histogram method is used
[17, 18]. In this study, we call it EMG absolute voltage-time
histograms (AVTH). The total period for an EMG signal is
normalized. The concept of AVTH is similar to the concept
of dose-volume histogram (DVH) [17]; it is used widely in
radiation treatment planning. The horizontal axis of AVTH
plot is the voltage intensity of signal; it presented the absolute
value of the normalized EMG signal (0-1V), while its vertical
axis represents the cumulative histogram in complement, that
is, one minus cumulative histogram [18]. An EMG signal
processing flowchart is illustrated in Figure 4.

AVTH are used to plot the density of data which comes
from the EMG absolute voltage, it is a graphical representa-
tion of the distribution of data. And it is a representation of
tabulated frequencies, shown as adjacent rectangles, erected
over discrete intervals (bins), with an area proportional to
the frequency of the observations in the interval. The bin
size used in this study is 1mV. The height of a rectangle is
also equal to the frequency density of the interval, that is,
the frequency divided by the width of the interval. The total
area of the histogram is equal to the number of data. AVTH
is normalized displaying relative frequencies. If the total area
of a histogram used for probability density is normalized to 1.

Another nonparametric method is calculating the equiv-
alent uniform voltage (EUV) for the corresponding AVTH.
The definition of EUV is as (1) below:

EUV = (
𝑁

∑

𝑖=1

𝑎
𝑖
∗ 𝑋
1/𝑛

𝑖
)

𝑛

, (1)

where𝑁 is the length of vector, n is a parameter that describes
the magnitude of the period effect, and ai is the period of the
voltage bin that corresponds to voltage Xi in the differential
AVTH.Therefore the EUV data are used to fit the logistic and
the probit predictive models for the diseased risk of tennis
elbow.

2.3.1. Logistic Model. A logistic model was used to fit EUV-
response for the DP of VAS 3+ tenderness of tennis elbow as
a function ofmean EMGEUVmeasured from the epicondyle
according to the following formula:

DPlogistic =
exp (4𝛾

50
(EUV/TV

50
− 1))

1 + exp (4𝛾
50
(EUV/TV

50
− 1))
, (2)

where EUV is mean intensity measured from the epicondyle;
TV
50

is the threshold EUV predicting a 50% risk of disease;
and 𝛾
50
is normalized slope of the EUV-response curve, that

is, change in DPlogistic in units of percent per 1% change
in EUV [19, 20]. The best-fitting values for TV

50
and 𝛾

50

were found using maximum likelihood analysis, and the 95%
confidence intervals were found using the profile likelihood
method [16, 21]. The software used for the fitting process was
Matlab (R2009; MathWorks, Natick, MA).

2.3.2. Probit Model. The family of probit models is the most
widely used phenomenological approach. The probit model
was described by three parameters: n, m, and TV

50
, and the

n was set to 1 in this study. According to this model, DPprobit
is described as the following equations:

DPprobit =
1

√2𝜋
∫

𝑡

−∞

exp (−𝑥2/2) 𝑑𝑥,

𝑡 =
EUV − TV

50

𝑚 ⋅ TV
50

,

(3)

where the parameter 𝑚 is a unitless model parameter for
describing the slope of the EUV-response curve. The def-
inition of EUV and TV

50
is the same as the above. The

best-fitting values for TV
50

and 𝑚 were determined by
using maximum likelihood estimation, and 95% confidence
intervals were found using the profile likelihoodmethodwith
exact binomial confidence intervals for each bin. A criterion
TV
25

is suggested for the threshold EUV producing a 25%
diseased probability within a specific period of time. Such
criterion may be a useful index for early disease detection.

2.3.3. Performance Evaluation. The system performance can
be checked by using the area under the receiver operating
characteristic curve (AUC), scaledBrier score,NagelkerkeR2,
and Hosmer-Lemeshow test, chi-square goodness-of-fit test.
We also report negative predictive value (NPV) [16], which
gives the rate of prevention of the DP of VAS 3+ tenderness
of tennis elbow. The equation used for NPV is

NPV = 𝑆 × (1 − 𝑃)

(1 − 𝑆) × 𝑃 + 𝑆 × (1 − 𝑃)
, (4)
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Figure 3: Setup of our devices for surface EMG signal acquisitionwhen (a) wrist in flexion and (b) extension position, EMG signal acquisition
module (EMG-01, Raising Technology Co., Ltd., Kaohsiung, Taiwan).

Table 1: Demographic data of subjects enrolled in this study.

Item Status Numbers (%)

Gender Male 60 (76.9)
Female 18 (23.1)

Age
≤39 54 (69.2)
40–60 18 (23.1)
>60 6 (7.7)

VAS score

0 51 (65.4)
1-2 6 (7.7)
3-4 2 (2.6)
5-6 12 (15.3)
7-8 5 (6.4)
9-10 2 (2.6)

VAS 3+ tenderness Yes 21 (26.9)
No 57 (73.1)

VAS: Visual Analog Score.

where S means specificity and P presents prevalence. A high
NPV would support the validity of a suggested criterion
(TV
25
). This analysis was performed for both TV

50
and TV

25

criteria. Statistical analyses were performed using SPSS 19.0.

3. Results

In total, 78 hands from 39 subjects are enrolled in this study.
Demographic data of our test subjects is shown in Table 1.
Figure 2 shows the electrodes placement with corresponding
anatomic positions. The equipment for acquiring the sEMG
signal is shown in Figure 3.This demonstrated the wrist in (a)
full flexion and (b) full extension position.

One normal control signal with ten cycles of wrist ROM
is shown in Figure 5(a). Figure 5(b) is the detailed view
of one cycle. One sample of diseased signal is shown in
Figure 6(a), and Figure 6(b) is the detailed view. Figure 7
shows all samples EMG AVTH signals and (b) shows the
mean samples EMG AVTH signals for group with/without
VAS 3+ tenderness of tennis elbow. Blue line is of normal
subjects and red lines represent diseased subjects.

The fitted DP curves (logistic and probit models) for the
VAS 3+ tenderness of tennis elbow are shown in Figures
8(a) and 8(b). DP fitted parameters were TV

50
= 153.0mV

(CI: 136.3–169.7mV), 𝛾50 = 0.84 (CI: 0.78–0.90) and TV
50
=

155.6mV (CI: 138.9–172.4mV), m = 0.54 (CI: 0.49–0.59) for
Logistic and probit models, respectively (Table 2). This result
illustrates when the EUV ≥ 153mV, the diseased probability
of the patient is greater than 50%. A suggested guideline
TV
25

for the threshold EUV producing a 25% complication
rate within a specific period of time was TV

25
= 103.1mV

(Logistic) and TV
25
= 98.9mV (probit), respectively.

The overall performance for the DP models for the VAS
3+ tenderness of tennis elbow in terms of the AUC, Hosmer-
Lemeshow test, Brier score, and R2 was satisfactory with the
expected values (Table 3). The AUC for the DP models were
0.84 (95% CI: 0.74–0.94) for both logistic and probit models.
For the chi-square goodness-of-fit test, quantitatively, this
is manifest by the small values of 𝜒2 for both models and
indicates lack of statistical difference between predictive risk
and the observed outcome. NPVs are given in Table 3. The
accuracy rates are 0.78 for both logistic and probit models.

4. Discussions

Elbow lateral epicondylitis is the most common tendinosis
disease and it affects a lot of people, especially the elderly and
heavy workers [5, 6, 8, 22]. Nowadays, physical examination
and history taking remain the gold standard for diagnosis
of tennis elbow. The physical examination elucidates how
tender point is located over the extensor muscle origin. At
the same time, the severity of tenderness is also recorded by
the attending physicians for guidance of treatment choice.
Image study includingX-ray can only provide little additional
information. The role playing by the routine X-ray examina-
tion is for ruling out the degenerative disease, or traumatic
osteoarthritis caused by previous trauma. Although physical
examination and history taking is noninvasive in nature, it
is not scientifically precise due to various patients’ charac-
teristics of self-report. This drawback of subjectivity is espe-
cially annoying when patient has secondary gain of faking
disease status, such as for asking vacation from company, or
acquiring payment from insurance company. Therefore, how
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Table 2: Diseased probability (DP) fitted parameters.

DP model TV50 (95% CI) mV 𝛾
50
or𝑚 (95% CI) TV25 (95% CI) mV

Logistic 153.05 (136.31–169.79) 0.84 (0.78–0.90) 103.10 (86.36–119.84)
Probit 155.67 (138.93–172.41) 0.54 (0.49–0.59) 98.97 (67.57–101.05)
DP: diseased probability; CI: confidence interval; TV50: the threshold voltage predicting a 50% risk of disease; TV25: the threshold voltage predicting a 25%
risk of disease; 𝑚: a unitless probit model parameter for describing the slope of the DP curve; 𝛾50: a logitic model parameter for normalized slope of the DP
curve.

Table 3: System performance evaluation.

Logistic Probit
AUC 0.84 (0.74–0.94) 0.84 (0.74–0.94)
Accuracy 0.78 0.78
Brier (scaled) 0.34 0.39
𝑅
2 Nagelkerke 0.36 0.28

HL 0.29 Na
𝜒
2 (P) 0.27 (0.60) 0.32 (0.57)

NPV-TV50 0.83 0.84
NPV-TV25 0.90 0.93
AIC 66.70 68.64
AUC: area under the receiver operating characteristic curve; HL: Hosmer-
Lemeshow test; NPV: negative predictive value; 𝜒2(P): a chi-square
goodness-of-fit test; P value of >0.05 indicates lack of statistical difference
between predictive risk and the observed outcome.

to diagnose the tennis elbow on solid scientific ground is thus
an important issue.

To our knowledge, the tennis elbow has no gross patho-
logical change like other traumatic injuries such as traumatic
osteoarthritis, or tendon rupture. The pathological change
is over microscopic level, so tennis elbow is often described
as “microtear.” In electron microscopic level, it has been
reported that plasma membrane tear is observed in fibrositis
and tendinitis condition. However, it is almost impossible to
obtain pathologic specimen during the treatment of tennis
elbow. The pathology specimen can only be obtained from
surgery, while operative treatment is very rare, because the
operation is only for extremely refractory patients. In clinical
practice, the conservative treatment modalities have been
greatly improved in past years that almost every tennis
elbow can be treated successfully. In our clinics, nonop-
erative treatments for tennis elbow include oral medica-
tion (NSAIDs, nonsteroidal anti-inflammatory drug), local
steroid injection, rehabilitation, and ESWT (Extracorporeal
Shock Wave Therapy). The majority of our patients receive
local steroid injections, and the responsive rate is quite
satisfactory. During treatment, tenderness experienced by
patient is recorded as guideline for disease convalescence.
Sometimes, the treatment plan must be changed based on
the tenderness progression condition. However, tenderness is
a subjective feels, it may be affected by patient’s personality,
social economic status, and culture backgrounds. If the sur-
face EMG can be an objective measurement for tennis elbow
disease, the treatment planning will have more information
to count on [23–26].

Surface EMG records the electrical potential of muscle
and nerves during action of motor units. However, the action
potential of motor units is very complicated in time and
spatial domain. Taking wrist extension as one example, this
motion needs coordination of many muscles. Both agonist
and antagonist muscle groups are coordinated. Besides, every
single muscle in the same functional group also activated in
different time.Therefore, the surface EMG signal we recorded
is the spatial sum of multiple nerves and muscles. The wave-
form is complicated as shown in Figures 4 and 5. It is hard
to differentiate between flexion and extension stages. The
sEMGsignals generated bymotor units are nonstationary and
multicomponent in nature and, consequently, the optimal
signal analysismethod remains to be elucidated. In this study,
every sEMG signal is bounded with a VAS score representing
the severity of tenderness by patient self-report. The severity
of tenderness is evaluated using the visual analog score (VAS)
as shown in Figure 1. Useful features from the sEMG signals
are then correlated with the VAS scores.

To quantify the relationship between tenderness of tennis
elbow and EMG voltage intensity measured from the epi-
condyle, which identify a more specific EMG relationship
[23–26]. We have to develop the logistic and the probit DP
of EMG signal measured from the epicondyle for tenderness
of tennis elbow endpoint. The equipment for acquiring the
sEMG signal is shown in Figure 3. This demonstrated the
wrist in (a) full flexion and (b) full extension position. The
electrodes used are the same as standard electrocardiogram
leads. The electrode has one sticky surface and one side of
metal buttock for conducting wire attachment. The sticky
surface of electrodes will be degenerated after several times
of use. Besides, when skin is wet or hairy, it is also difficult to
attach the electrodes firmly to skin surface. At this situation,
cleaning of the sticky surface with water is of some help.
Otherwise, discard the old electrode will be a reasonable
choice.

The electrodes are placed as shown in Figure 2. In fact,
where to place the electrode is of vital importance, because
this will affect the potential vector sum of the signal. As we
know, different anatomical position of electrodes in EKGwill
generate different lead signals, such as aVF, Lead I, and V1-
6. In this study, only one “lead” is recorded for sEMG signal,
that is, ECRBmuscle belly stands as positive, radial styloid as
negative, and ulnar styloid as ground reference.This design is
reasonable and gives consistent results.

In Figure 5(a), a signal from normal control is shown.
The signal consisted of ten complete cycles, lasting about
thirteen seconds.The detailed view of one cycle in Figure 5(a)
is shown in Figure 5(b). From Figure 5, a central lump can
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Figure 4: EMG signal processing flowchart. EMG: electromyo-
graphic; EUV: equivalent uniform voltage; DP: diseased probability.

be discerned from the wave form of sEMG signal. However,
there is indentation over central lump region. The diseased

wave form from a patient of VAS score 7.0 is shown in
Figures 6(a) and 6(b). Comparing Figures 5 and 6, it can
be observed that the lump is more flatten in diseased group.
The baseline of diseased waveform is also more versatile than
normal group.This result is compatible with previous report.
In our preliminary studies, the earlier activation of muscle
and more dissipative action potential is observed. However,
how the extract useful feature from sEMGwaveform remains
a big challenge. The difficulty we encountered raise from
two places: one is the noise when acquiring the signal. The
other is the versatility of thewaveform and electric amplitude.
The noise during data acquisition is not from surrounding
environment, but from the contact surface of skin and elec-
trodes, and from the voltage amplifier circuits.The versatility
of waveform comes from the intrinsic difference of skin
resistance, muscle activation sequence, and motor unit mass.
The variability of waveform also comes from the patient
suffering from tennis elbow. During data acquisition, they
are unwilling to do full range of motion because of pain. In
tennis elbow patient, extension exercise is limited more than
the flexion. Besides, both flexion and extension exercise are
forbidden than the normal subjects. By the same reason, the
statistical parameters and zero crossing methods all cannot
obtain satisfactory results.

In order to solve the problem of signal versatility espe-
cially over the lump region, we have to adopt nonparametric
methods such as AVTH and EUV. The mean AVTH curves
for patients with/without tennis elbow are shown in Figure 7.
It can be seen that the normal curve has lower intensity
than diseased curve; thus, the curve is more concentrated
over left side. The diseased curve is more flattened because it
contains more high intensity “lumps” as shown in Figure 5.
The benefit of AVTH is evident: the diseased group and
normal control can be separated clearly. The power of AVTH
comes from its normalization of intensity in the whole area
of the EMG signal occupied. This normalization process is
important because the intensity and the area varied from
signals to signals. The second merit of AVTH is that the
histogram equalizes the variation of the lump position. Some
diseased patient has earlier lump position, while the other
has later lump position. This feature of the diseased signal is
very difficult to deal with conventional time domain method,
while in AVTH this problem is not that annoying.

However, the AVTH curve as shown in Figure 7 needs
to be further transformed for use as a feature. EDV took the
information from the AVTH and then to be used as the EMG
intensity feature to fit the logistic regression and the probitDP
models. Further, we redefined the diseased group. VAS score
larger than 3.0 is labeled “tennis elbow” and VAS score less
than 3.0 as “normal subjects”; then, the dependent variable
now becomes a nominal scale of two status. On this ground,
the probit and logistic regression can be performed. The
logistic regression model is built and shown in Figure 8(a).
The probit model is calculated and shown in Figure 8(b). In
fact, because the dependent variable has become binomial,
these two models should be similar. The choice of probit
versus logit model depends largely on individual preferences.
Finally, the system performance is shown in Table 3. The
overall performance for the DP models for the VAS 3+
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Figure 5: (a) Surface EMG signal from normal control subject with ten cycles of wrist ROM. (b) Detailed view of one surface EMG cycle of
wrist ROM.
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Figure 6: (a) Surface EMG signal from diseased patient with ten cycles of wrist ROM. (b) Detailed view of one surface EMG cycle of wrist
ROM.

0 100 200 300 400 500 600 700 800 900 1000
0

0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9

1
Samples EMG absolute voltage-time histograms

EMG absolute voltage (mV)

Abnormal
Normal

Pe
rc

en
t t

im
e o

f a
 cy

cle
 o

f R
O

M
 (1

00
%

)

(a)

0 100 200 300 400 500 600 700 800 900 1000
0

0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9

1

EMG absolute voltage (mV)

Pe
rc

en
t t

im
e o

f a
 cy

cle
 o

f R
O

M
 (1

00
%

) Mean EMG absolute voltage-time histograms

Abnormal
Normal

(b)

Figure 7: (a) The all-samples EMG absolute voltage-time histograms (VTH) signals. (b) The mean samples EMG absolute VTH signals for
group with/without VAS 3+ tenderness of tennis elbow. Blue line is of normal subjects. Red lines represent diseased subjects.
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Figure 8: The diseased probability (DP) models developed (a) logistic and (b) probit model.

tenderness of tennis elbow in terms of the AUC, Hosmer-
Lemeshow test, Brier score, and R2 was satisfactory with the
expected values.

In this study, we found the TV
50
≥ 153mV and TV

25
≥

103mV, those thresholds could prove especially advantageous
in the treating of tennis elbow, in which regions require
treatment and for which the tenderness affecting the patient’s
quality of life. The TV

50
and TV

25
values can provide

guidance in setting treatment decisions and for predicting the
recovery of the VAS 3+ tenderness of tennis elbow during
treatment.The results of this study indicate that surface EMG
provides useful data in evaluating severity of tennis elbow.
There is a potential limitation of this study; namely, the
number of patients evaluated was small, so a larger study
sample is probably needed to demonstrate the independent
association of these DP models with VAS 3+ tenderness of
tennis elbow. The standard voltage for EMG acquisition unit
needs to be set for further investigation.The innovative device
used and the algorithm proposed can assist the clinician and
other researchers to further be investigated in this issue.

5. Conclusion

The features of sEMG in lateral epicondylitis patients can
be extracted with an innovative algorithm we proposed. The
prediction model can be formed using logistic and probit
techniques. When the EUV ≥ 153mV, the DP of the patient
is greater than 50%. The logistic and the probit models are
valuable tools to predict the DP of VAS 3+ tenderness of
tennis elbow.Therefore, sEMG is a valuable tool for diagnosis
of tennis elbow.
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The recognition of clinical manifestations in both video images and physiological-signal waveforms is an important aid to improve
the safety and effectiveness in medical care. Physicians can rely on video-waveform (VW) observations to recognize difficult-
to-spot signs and symptoms. The VW observations can also reduce the number of false positive incidents and expand the
recognition coverage to abnormal health conditions. The synchronization between the video images and the physiological-signal
waveforms is fundamental for the successful recognition of the clinical manifestations. The use of conventional equipment to
synchronously acquire and display the video-waveform information involves complex tasks such as the video capture/compression,
the acquisition/compression of each physiological signal, and the video-waveform synchronization based on timestamps. This
paper introduces a data hiding technique capable of both enabling embedding channels and synchronously hiding samples
of physiological signals into encoded video sequences. Our data hiding technique offers large data capacity and simplifies the
complexity of the video-waveform acquisition and reproduction. The experimental results revealed successful embedding and full
restoration of signal’s samples. Our results also demonstrated a small distortion in the video objective quality, a small increment in
bit-rate, and embedded cost savings of −2.6196% for high and medium motion video sequences.

1. Introduction

Video technology continues to improve the safety and effect-
iveness in healthcare. Today, physicians and engineers rely on
rigorous video-based studies to improve medical practices
and procedures.These studies are necessary for the identifica-
tion of clinical manifestations in patients and for the reduc-
tion of errors duringmedical procedures. Extending the video-
based studies to incorporate the analysis of physiological-
signal waveforms further enhanced the recognition of clinical
manifestations and the reduction of false positive cases.
Physicians can rely on simultaneous video-waveform obser-
vations to recognize difficult-to-spot signs and symptoms.
These observations can also expand the recognition coverage
to abnormal health conditions.

The synchronization between the video images and the
physiological-signal waveforms is fundamental for enhanced
recognition of the clinical manifestations. The identification
of signs and symptoms invisible during specific diagnosis
is possible with synchronized video-waveform observations.

Physicians are able to diagnose seizures in neonates after cre-
ating and analyzing a permanent record [1]. The permanent
record needed for this diagnosis contains synchronized video
and electroencephalographic (EEG) waveforms.

Three commonly used techniques are suitable for video-
signal synchronization [2]. The timestamp-based technique
is themost common alternative for video-audio synchroniza-
tion. This technique inserts time codes at each signal stream.
These time codes are also useful for future browsing, storage,
and reproduction of permanent records [1]. However, the
timestamp-based synchronization involves complex tasks
such as the capture/compression of the video signal, the acqui-
sition/compression of each physiological signal, the insertion
of timestamps into individual streams, and the use of special-
ized software for stream synchronization [2].

The second technique relies on synchronization marks.
The technique sends synchronization marks from a transmi-
ssion node. The disadvantage of this technique is the need
of an additional assistant communication channel to trans-
mit the synchronization mark. The third technique is
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Figure 1: A comparison between (a) conventional synchronization process and (b) our proposed approach.

multiplexing. This technique maintains the correlation
among the media streams during the transmission process.
However, multiplexing-based synchronization usually results
in a loss of agility and integrality.

Data hiding is another alternative for video-waveform
synchronization. Data hiding has the goal of embedding
information into encoded video sequences with a minimum
amount of perceivable degradation [3]. The embedded infor-
mation can be text, pictures, or physiological-signal samples.
Data hiding synchronizes the video and signals after hiding
each physiological sample at its corresponding video frame
in time.

This paper introduces an improved data hiding technique
with a larger data-hiding capacity in the context of medical
healthcare.Our data hiding technique synchronously embeds
physiological-signal samples intoH.264/AVC-encoded video
sequences.The implementation of data hiding is simpler than
other synchronization techniques.The data-hiding technique
requires only one encoder to process video and signal’s
samples. Data hiding also offers the advantage of a unique
communication channel for video-audio transmission and
requires no complex tasks related to timestamps, synchro-
nization marks, or multiplexing [4, 5]. Figure 1 illustrates a
comparison between the commonly used synchronization
processes and our synchronization approach based on data
hiding. Other important advantage is that our technique
is strongly related to trends in secure handling of medical
data during signal transmission. Data hiding makes possible

the secure transmission of patient’s information over the
internet. Important features for secure transmission of per-
sonal information are authentication, integrity, and confiden-
tiality [6].

2. Background

2.1. Data Hiding Techniques. Existing data hiding techniques
are able to hide information in the video frames during
the video encoding process. In [3], authors proposed a data
hiding scheme based on the macroblock’s size needed by
the H.264/AVC interprediction process. The scheme is able
to hide two bits per macroblock and requires the following
partitions types: 16× 16, 16× 8, 8× 16, and 8× 8. The scheme
loses no hidden data and may result in bit-rate increments.

In [7], the data hiding scheme relies on constrains
associated with the H.264/AVC inter/intraprediction modes.
In the interprediction mode, the scheme hides 0 bits at the
interprediction mode using the block sizes 16 × 8, 8 × 16,
8 × 4, and 4 × 8.The scheme also hides a 1 bit using the block
sizes 16 × 16, 8 × 8, and 4 × 4. In the intraprediction mode,
the scheme hides 0 bits using the block sizes 16×16 and 4×4.
Hiding a 1-bit value requires the 8 × 8 block size. The scheme
has minimum impact on the video quality and controls the
distortion degradation by hiding no data in 4 × 4 blocks.

In [8], the data hiding scheme embeds information dur-
ing context-based adaptive variable length coding (CAVLC).
The scheme hides one bit using the trailing ones parity of
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Table 1: Qualitative metrics and statistics of the data hiding (DH) schemes reviewed.

Reference DH schemes DH capacity Max. PSNR
𝑌
distortion Max. bit-rate distortion

[3] Forcing block-type partitions 2 bits per MB (interframes) −1.4 dB (40 kbps) 7000 bps
[7] Grouping block-type partitions 1 bit per MB (inter/intraframes) −0.09 dB 4.65%
[8] Parity of trailing ones CAVLC 1 bit per MB (intraframes) −2.57 dB 0.039%
[9] Quarter-pixel search positions 1–4 bits per MB (interframes) −0.03 db 1.31%
[10] Last nonzero coefficient parity 1 bit per MB (interframes) Approx. −0.01 dB 1200 bps
[11] Motion vectors and mode sel. 1 bit per frame (interframes) 0.03 dB 0.98%

the CAVLC code-word. The CAVLC process results in mod-
erate visual degradation and maintains the overall size of the
video stream.

In [9], the proposed technique exploited quarter-pixel
motion estimation process to hide data.The schemehides one
bit by modulating the best search points of a subblock. The
rate-distortion cost is introduced to reduce both the impact
on the video quality and the increment in the bit-rate after
search point adjustments. The hiding capacity is dependent
on the content of the video sequence.

In [10], the authors proposed a data hiding scheme based
on an adaptive method. The method hides one bit using the
last nonzero coefficient parity after quantization of a 4 × 4
luma block. The scheme relies on an adaptive rather than
a fixed point for data embedding. The scheme results in
a proportionally direct behavior between the bit-rate and
capacity size and between the bit-rate difference and the
amount of embedded data.

In [11], the proposed data hiding scheme relies onmotion
vectors and mode selection. The scheme only hides one bit
per frame. This scheme embeds data using the macroblock
search regions with a left area restriction for a 1 bit and a right
area restriction for 0 bits.

In [4, 5], the authors demonstrated that existing data
hiding schemes in [8, 10] successfully embedded audio into
encoded video sequences with minor impact on video image
quality and bit-rate.

The desirable features of a data hiding technique suitable
for embedding physiological signals into encoded video
sequences are a large data hiding capacity, a low impact in
video quality, and aminor effect in bit-rate of the video. Table 1
compares the data hiding schemes previously reviewed con-
sidering three metrics: hiding data capacity, the maximum
PSNR

𝑌
(objective video quality), and bit-rate distortion.

These schemes offer relatively low values for the threemetrics.
Therefore, the main limitation resides in the data hiding
capacity. In [9], the quarter-pixel motion estimation scheme
offers the highest data hiding capacity using an 8 × 8partition.
This scheme also offers very low PSNR

𝑌
distortion and less

than 1.32% of bit-rate distortion. Our proposed technique
extends the quarter-pixelmotion estimation scheme to satisfy
the data hiding capacity needs and to ensure the low PSNR

𝑌

and bit-rate distortions.

2.2. Motion Estimation in H.264/AVC. Motion estimation
(ME) is an important element in the H.264/AVC interpre-
diction process. For a given frame, the ME goal is to find

Table 2: Examples of medical applications.

Reference Medical application Phys. signals
[1] Silent neonatal seizures EEG

[12] Sleep-related breathing
disorders

EEG, ECG, SpO
2
, and

CO
2

[13] Physical activity and
congestive heart failure Accelerometers

[14] Patient safety in anesthesia
operating rooms Vital signs

the best predictions for both levels: macroblock (MB) selec-
tion and motion vector (MV) estimation. A MB is an array
of 16 × 16 pixels. The MB selection process assumes the
partitioning illustrated in Figure 2. Each partition contains
a MV value. Equation (1) shows how to select the best
block partition by calculating the Lagrangian rate distortion
(𝐽mode) optimization. In this equation,𝜆mode is the Lagrangian
multiplier, SSD is the sum of the squared difference between
the original and the reconstructed block, and𝑅 is the number
of bits of MB parameters such as quantization parameter,
header, motion vectors, and residue coefficients:

𝐽mode = SSD + (𝜆mode) (𝑅) . (1)

The motion estimation process computes motion vectors
for each macroblock partition found in each video frame.
At a given frame, the ME process searches for the new MB
position of each MB located in the reference frame. The ME
process calculates motion vectors based on these new MB
positions and encodes these vectors in the encoded frames.
Figure 2 illustrates the three ME stages to compute a MV.
The first ME stage identifies the best MB position at the
integer-pixel mesh. The second ME stage identifies the best
MB position at the half-pixel mesh based on the best integer-
pixel position. The third ME stage identifies the best MB
position at the quarter-pixelmesh based on the best half-pixel
position. The selected position becomes the final MV value.

2.3. Application Examples of Video-Based Medical Care. This
section presents additional examples of medical applica-
tions related to the simultaneous observation of video and
physiological-signal waveforms. Table 2 shows the names of
the applications and the specific physiological signals needed
for simultaneous correlation with the video. In [1], physicians
take advantage of synchronized EEG recordings with video to
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Figure 2: Macroblock partitions and search points in motion estimation.

correlate clinical manifestations such as lip smacking, fixing
of eyeballs, and cyclic leg movements.

In [12], physicians take advantage of synchronized digital
video recordings to identify nocturnal breathing anomalies
usually undetected by standard polysomnography. Successful
identification of these anomalies requires the correlation
among EEG recordings, oxygen saturation (SpO

2
), endtidal

CO
2
level, in-video leg movement, and in-video rapid eye

movement (REM).
In [13], the purpose is to assess the validity of a new

physical-activity monitor in the context of congestive heart
failure. This monitor utilizes body-fixed accelerometers to
distinguish among activities such as body postures, sit-
ting, standing, normal walking, stairs walking, cycling, and
wheelchair driving. These in-video activities are correlated
with the accelerometer waveforms to assess the correct
operation of the activity monitor.

In [14], clinical investigators perform rigorous studies to
enhance patient safety in operating rooms. The investigators
first elaborate a permanent feedback record containing the in-
video health delivery process, vital signs, and other signals.
Then, the investigators reproduce this permanent record
to observe and to assess the health delivery process. The
synchronization of the video and the physiological-signal
waveforms is fundamental for the identification of factors
resulting in adverse events.

3. The Proposed Data Hiding Technique

Our proposed technique hides streams of data samples
into encoded video sequences. The implementation of our
technique is a set of software routines added to the original

0 1 14 15 16 17 30 31

Time

EEG

Video
frames

· · ·

· · ·

· · ·

· · ·

fr = 30 frames/s

rEEG = 256 samples/s

Figure 3: Synchronization process.

H.264/AVC codec. Figure 3 illustrates the synchronization
between the video and the physiological-signal waveforms
of EEG samples. Our technique synchronizes video and
EEG signals by hiding samples of these signals at their
corresponding frame in time.

3.1. Encoding Process in Our Data Hiding Technique. Our
technique modifies the H.264/AVC interprediction process
to hide the samples of the physiological signals. Our tech-
nique relies upon the quarter-pixel motion estimation pro-
cess, part of the H.264/AVC encoder, to hide these samples
into encoded video frames. Our technique divides the search
points into four groups to improve the data hiding capacity of
the original technique [9]. Equation (2) presents the proposed
partitioning of search points and the binary assignment for
each partition. The expression in (3) indicates how to select



BioMed Research International 5

Video

Transform 
PS sample

Mapping ME

ME
no

sample

Motion
compensation

Current video frame

Video

Previously
coded frames

Yes

No

force

frames

frames

1/4 pixel SP

Intra/ ¿all
samples?

Intracoding Intercoding

intercoding

Figure 4: The block diagram of our proposed data hiding technique based on H.264/AVC encoder.

Algorithm: Embed a sample.
Input: Data of the sample in bit-pairs according to (2).
Result: Embedded sample in a frame.
(1) for NewSample do
(2) curblock→ current macroblock
(3) forMacroblockPartition do
(4) switchMapping do
(5) case 00: Quarter-Pixel Search Position = 𝑖 | min(𝐽𝑖), 𝑖 ∈ {5, 6}
(6) case 01: Quarter-Pixel Search Position = 𝑖 | min(𝐽𝑖), 𝑖 ∈ {1, 2}
(7) case 10: Quarter-Pixel Search Position = 𝑖 | min(𝐽𝑖), 𝑖 ∈ {3, 4, 7, 8}
(8) case 11: Quarter-Pixel Search Position = {0}
(9) end switch
(10) end for→ until complete all partitions of the current macroblock
(11) end for→ until complete all samples

Algorithm 1: Algorithm of our data hiding encoding technique.

the search point in each group with the minimum distortion
cost. In (3), 𝐽𝑖 is the Lagrangian rate distortion parameter:

searchpos ∈

{{{{{{{

{{{{{{{

{

𝐺1 = {5, 6} if “00”

𝐺2 = {1, 2} if “01”

𝐺3 = {3, 4, 7, 8} if “10”

𝐺4 = {0} if “11”,

(2)

searchpos = {𝑖 | min (𝐽𝑖) , 𝑖 ∈ (𝐺1, 𝐺2, 𝐺3, 𝐺4)} . (3)

Our proposed technique, illustrated in Figure 4, repeats
the gray blocks until no samples are available. The blocks
in gray are the additional routines needed to implement
our proposed data hiding algorithm. The alternate path
executes the original H.264/AVCmotion estimation process.
Algorithm 1 presents details of our data hiding algorithm
for encoding. Our technique hides the signal samples in the
motion vectors of each block partition located at a frame.
Each motion vectors hides two bits of a signal sample. Our
technique hides no samples in the block types I4MB and
I16MB due to their association with intraframe prediction.

Our technique is also unable to hide samples into PSKIP
blocks due to the lack of motion vectors.

Our technique also incorporates an approach to over-
come the data-hiding capacity limitation found in low-
motion video sequences. PSKIP blocks are the most com-
mon block partition found in encoded low-motion video
sequences. A large number of PSKIP blocks limit the data hid-
ing capacity of our technique due to few number of motion
vectors found in the low-motion video sequence. Therefore,
our proposed technique forces the H.264/AVC encoder to
replace the PSKIP block by a P16 × 16 block partition.
This PSKIP replacement adds a motion vector to the data
hiding capacity of our technique.ThePSKIP replacement also
contributes to maintaining the synchronization between the
encoded video and the physiological signals. However, this
replacement may also result in an increment in the bit-rate of
the sequence. Algorithm 2 presents details of the algorithm
for low-motion sequences.

3.2. Decoding Process of Our Data Hiding Technique. Our
data hiding technique extracts the samples of the EEG signal;
at the same time, conventional video H.264/AVC decoding
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Algorithm: Embed a sample in low-motion sequences
Input: Data of the sample in bit-pairs according to (2).
Result: Embedded sample in a frame.
(1) for NewSample do
(2) curblock→ current macroblock
(3) if PSKIP partition do
(4) curblock = P16 × 16 partition type
(5) switchMapping do
(6) case 00: Quarter-Pixel Search Position = 𝑖 | min(𝐽𝑖), 𝑖 ∈ {5, 6}
(7) case 01: Quarter-Pixel Search Position = 𝑖 | min(𝐽𝑖), 𝑖 ∈ {1, 2}
(8) case 10: Quarter-Pixel Search Position = 𝑖 | min(𝐽𝑖), 𝑖 ∈ {3, 4, 7, 8}
(9) case 11: Quarter-Pixel Search Position = {0}
(10) end switch
(11) end if→ until complete all partitions of the current macroblock
(12) end for→ until complete all samples

Algorithm 2: Algorithm of our data hiding encoding technique for low motion sequences.
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Figure 5: Sample extraction during the decoding process.

process takes place.This is an important feature at the time to
do synchronized playback of both video and physiological-
signal waveforms. The sample extraction algorithm in our
technique catches and gathers sample data. This extraction
algorithm, illustrated in Figure 5, is repeated as many times
as needed to extract all the samples embedded in the video
sequence. To do this, our data hiding technique interacts with
the H.264/AVC decoding process.

The routine reads the motion vector (MV) of every mac-
roblock partition and inputs the MV

𝑥
and MV

𝑦
components

into (4) to identify a binary combination.The |MV|%2 terms
output the quarter-pixel search point values. The routine
obtains the bit-pair samples after identifying the 𝐺1 to 𝐺4
values mapped into (2):

type ∈

{{{{{{{

{{{{{{{

{

𝐺1 if (MV
𝑥

%2 = 1) , (

MV
𝑦


%2 = 0)

𝐺2 if (MV
𝑥

%2 = 0) , (

MV
𝑦


%2 = 1)

𝐺3 if (MV
𝑥

%2 = 1) , (

MV
𝑦


%2 = 1)

𝐺4 if (MV
𝑥

%2 = 0) , (

MV
𝑦


%2 = 0) .

(4)

Algorithm 3 presents details of our proposed decoding
algorithm. This decoding process extracts the physiological
samples from the encoded video sequences.

4. Results

Theexperimental setup, illustrated in Figure 6, included a PC,
an EEG database, and a set of seven video test sequences.
The EEG samples were extracted from the CHB-MIT Scalp
EEGDatabase.This database is located at the PhysioBankdig-
ital recordings (http://www.physionet.org).The experimental
setup included 6 signal electrodes at 256 samples per second
and 12-bit sample resolution [1]. The EEG samples generated
in one second were embedded into the first 30 frames of each
test video sequence to establish synchronization.

The implementation of encoding and decoding processes
needed the modification of the JM reference software version
16.1. Table 3 shows the JM configuration. A program was
developed to provide and convert samples from the database
to the encoder.

The video test sequences had a CIF (352×288) resolution
and a 4:2:0 YUV format. The name of the test sequences are
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Algorithm: Extract a sample.
Input: Embedded sample in a synchronous frame.
Result: Data of the sample in bit-pairs according to (2).
(1) for ExtractSample do
(2) curblock→ current macroblock
(3) forMacroblockPartition do
(4) switchMapping do
(5) case (|MV

𝑥
|%2 = 1) & (|MV

𝑦
|%2 = 0): Bit-pair = 00

(6) case (|MV
𝑥
|%2 = 0) & (|MV

𝑦
|%2 = a): Bit-pair = 01

(7) case (|MV
𝑥
|%2 = 1) & (|MV

𝑦
|%2 = 1): Bit-pair = 10

(8) case (|MV
𝑥
|%2 = 0) & (|MV

𝑦
|%2 = 0): Bit-pair = 11

(9) end switch
(10) end for→ until complete all partitions of the current macroblock
(11) end for→ until complete all samples

Algorithm 3: Algorithm of our data hiding decoding technique.

Experimental setup

Video test
sequences

Neonatal

EEG

samples

Storage

Transmission

Modified
JM reference

H.264/AVC

0.9998

0.9989

0.9985

0.9973

0.9944

0.9913

0 1 2 3

Time (s)

Figure 6: Experimental setup for our synchronization data hiding scheme.

Table 3: Configuration parameters for JM reference software.

Parameter Resolution
Profile Baseline
Frames 30
Motion estimation algorithm Full search
RD optimization and rate control Disabled
8 × 8 subblocks Disabled
Number of reference frames 1
Quantization parameter (QP) 28

akiyo, bridge-far, carphone, football, foreman, mobile, and
neonatal. Neonatal is not considered a standard video test
sequence. Neonatal was introduced to match the context of
the application example related to EEG seizures on neonates.
The selected coding structure of the bit stream is “IPPP. . .” to
have an intraframe encoded in the first frame and interframes
encoded in the remaining frames.

Metrics to evaluate the effectiveness of our proposed tech-
nique are video objective quality, bit-rate difference, embed-
ding cost, and perceptual quality of the image. The peak

signal-to-noise ratio (PSNR), illustrated in (5), is an objective
quality metric to report video image degradation.𝑀 and 𝑁
are the height and the width of the video frame, respectively.
𝐼𝑖𝑗 and 𝐼𝑖𝑗 represent the original pixel and the processed
pixel, respectively [5]. The PSNR

𝑌diff metric, illustrated in
(6), indicates how the luma (𝑌) samples impact the video
quality after embedding the physiological samples. PSNR

𝑌

represents the impact of luma samples generated by embed-
ding the samples, and PSNR

𝑌
represents the impact of luma

samples generated with the original H.264/AVC encoder:

PSNR = 10 log
max (𝐼𝑖𝑗2)

(1/𝑀)∑
𝑀

𝑖
∑
𝑁

𝑗
[𝐼𝑖𝑗 − 𝐼𝑖𝑗]

2
, (5)

PSNR
𝑌diff = PSNR



𝑌
− PSNR

𝑌
. (6)

Equation (7) shows how to calculate the change of bit-
rate (BRI). 𝑅 is the original bit-rate and 𝑅 is the embedding
samples bit-rate. Equation (8) shows how to estimate the
embedded cost Oe, Ov is the data volume generated by the
original video coder, DHe is the data volume generated by
embedding the samples, and EEGe is the embedded data
volume [7]. The EEGe term refers to the data coming from
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Table 4: Experimental results for seven video test sequences.

Video sequences Embedded capacity (bits) Modified MBs Modified QP-MV PSNR
𝑌diff (dB) BRI (%) Oe (%)

Football 45598 0 6957 0.011 0.4459 −0.3787
Mobile 43598 0 7017 −0.002 0.5837 −0.1273
Foreman 28550 0 6702 0 0.9341 −2.6196
Carphone 23454 0 6699 −0.007 1.3446 −2.2459
Neonatal 16544 944 6364 0.029 5.604 −1.1826
Akiyo 5718 6357 5145 −0.003 33.3143 15.8725
Bridge-far 3650 7391 4662 −0.002 36.575 19.3017

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29

0
0.1
0.2
0.3

−0.1

−0.2PS
N

R Y
di

ffe
re

nc
e (

dB
)

Interframe number

Figure 7: PSNR luma difference values for neonatal video sequence.
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Figure 8: PSNR luma difference for seven video test sequences.

the EEG signals. The perceptual quality provides an estima-
tion of subjective quality of the image obtained by visual
inspection:

BRI = 𝑅

− 𝑅

𝑅
× 100%, (7)

Oe = DHe −Ov − EEGe
Ov + EEGe

× 100%. (8)

Figure 7 compares the PSNR
𝑌
difference between the

original and the embedding data encoding processes. The
graph shows a very small difference between PSNR

𝑌
values

for the first 30 frames of the neonatal video sequence. The
largest increment in quality was 0.187 dB. This increment
appeared in the 29th frame. The largest decrement in quality
was −0.039 dB. This decrement appeared in the 8th frame.

Figure 8 demonstrates that the embedding process has
minor effect on the video objective quality of seven test
sequences. The 𝑦-axis represents the PSNR luma difference
values expressed in decibels. The positive values above aver-
age, 0.011 dB and 0.029 dB, represent a very small improve-
ment in video quality.The negative values, from −0.002 dB to
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Figure 9: Change of bit-rate for seven video test sequences.

−0.007, represent a small degradation in video quality. These
degradations and improvements are due to the lack of bit-rate
constraint.

Embedding the EEG data into the video sequences
produced increments of bit-rate for the seven video test
sequences as illustrated in Figure 9. Our experimental setup
included high motion, medium motion, and low motion
video test sequences. The amount motion of the neonatal
video sequence was considered between medium and low.
The graph presents the neonatal sequence with gray color
to indicate that it is not a standard video test sequence. For
the high and medium motion sequences, there are small bit-
rate increments. The bit-rate increments ranged from 0.45%
to 1.34%. For the neonatal and low motion sequences, the
PSKIP block replacement occurred and resulted in bigger bit-
rate increments.The bit-rate increments ranged from 5.6% to
36.58%. However, the changes in the bit-rate had no effect on
the video-waveform synchronization.

Table 4 shows the results for the seven test sequences in
terms of embedded capacity, modified macroblocks, mod-
ified motion vectors, PSNR

𝑌
difference, bit-rate, and the

embedded cost. For the high, medium motion and neonatal
sequences, the embedded cost ranged from −0.1273% to
−2.6196% representing savings in data volume. For the low
motion sequences, the embedded cost had an increment
in 15.8726% and 19.3017%. These results indicate that our
data hiding technique offers both an adequate efficiency for
video-signal transmission and savings in the storage of high,
medium, and neonatal sequences.

The inspection of subject quality indicated minimum
visual artifacts or distortion between original and data-hiding
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(a) (b)

(c)

Figure 10: 10th frame of neonatal video sequence. (a) Original image, (b) image using video original coding, and (c) image with EEG data.

images. Figure 10 illustrates the perceptual quality of the
video frames for the 10th frame of the neonatal sequence.
Thus, data hiding generates no significant difference in
quality from a human eye perception.

Our technique will offer an adequate performance in the
context of the application examples presented in Section 2.3.
The video sequences of these applications exhibit sufficient
amount of motion. In the neonatal-seizures application, a
sufficient amount of motion is needed to identify clinical
manifestations like epileptic attacks. In the application about
breathing disorders, respiratory and abnormal movements
are needed for accurate diagnosis. In the application about
congestive heart failures, the motion is associated with the
physical activities of the patient. Finally, the amount of
motion is associated with the medical staff activity rather
than the patient for the application example related to the
improvement of medical practices in operating rooms.

5. Conclusions

The proposed data hiding technique was demonstrated to
be suitable for the medicine healthcare context. Our tech-
nique successfully embedded samples of six EEG signals
into encoded video sequences with high, medium, and low
motion. Our technique also extracted the hidden samples
from the encoded video sequences without loss of informa-
tion. The implementation of our technique required simpler
tasks compared to other existing synchronization techniques:
(1) less number of encoders and decoders, (2) no timestamps
needed, (3) no software needed for synchronization of video
and signal streams, and (4) higher data capacity compared

to other data hiding techniques, especially for high motion
sequences.

The experimental results demonstrated minimum degra-
dation in video quality and data savings in terms of storage/
transmission. The experimental results for high and medium
motion video test sequences ranged from −0.007 dB to
0.011 dB in PSNR luma difference, from 0.4459% to 1.3446%
in the bit-rate difference, and from −2.6196% to −0.1273%
in embedded cost. The changes in PSNR

𝑌
difference, and

bit-rate resulted in both no impacts in video-waveform syn-
chronization and minimum distortions in video quality. For
storage and transmission purposes, the embedded cost for
high andmediummotion video sequences represent savings.
For low motion video sequences the experimental results
ranged from –0.003 dB to −0.002 dB in PSNR

𝑌
difference,

from 33.3143% to 36.575% in the bit-rate difference, and from
15.8725% to 19.3017% in embedded cost. The changes in bit-
rate were higher compared to the high and medium video
sequences.
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This paper presents a data-driven multiscale entropy measure to reveal the scale dependent information quantity of electroen-
cephalogram (EEG) recordings. This work is motivated by the previous observations on the nonlinear and nonstationary nature
of EEG over multiple time scales. Here, a new framework of entropy measures considering changing dynamics over multiple
oscillatory scales is presented. First, to deal with nonstationarity over multiple scales, EEG recording is decomposed by applying
the empirical mode decomposition (EMD) which is known to be effective for extracting the constituent narrowband components
without a predetermined basis. Following calculation of Renyi entropy of the probability distributions of the intrinsic mode
functions extracted by EMD leads to a data-driven multiscale Renyi entropy. To validate the performance of the proposed entropy
measure, actual EEG recordings from rats (𝑛 = 9) experiencing 7min cardiac arrest followed by resuscitation were analyzed.
Simulation and experimental results demonstrate that the use of the multiscale Renyi entropy leads to better discriminative
capability of the injury levels and improved correlations with the neurological deficit evaluation after 72 hours after cardiac arrest,
thus suggesting an effective diagnostic and prognostic tool.

1. Introduction

Electroencephalogram (EEG) has been exploited in connec-
tion with functional brain mechanisms as a potential tool
for the identification of brain disorder such as hypoxic-
ischemic brain injury and epileptic seizure [1, 2]. Despite
the effectiveness of EEG as a clinical diagnostic tool, most
interpretations are based on subjective measures such as
visual inspection, limiting precise interpretation. Thus, the
need for objective measures gives rise to the development
of quantitative EEG measure to uncover neurological states.
Recently, quantitative EEG analyses based on novel signal
processing techniques have shown promising results for
deriving quantitative patterns that may correspond to diag-
nostic information and cognitive deficits [3–8].

Among those, information theoretic analyses such as
entropy measure have been successfully used to quantify
the degree of irregularity of injured brain rhythm [9–
12]. These studies founded on assumption that the larger

the information content of EEG, the better the neurological
status of brain. More recently, it has been reported that
informative content in EEG spans and varies over multiple
frequencies through injury and recovery phases [11, 13, 14].
Thus the single scale based entropy measures are lacking in
reflecting the changing dynamics overmultiple scales in EEG.

To address this obstacle, this paper presents a multiscale
based entropy measure by incorporating the empirical mode
decomposition (EMD) method into computing entropy. The
EMDmethod, which has been recently introduced as a data-
driven and adaptive technique, is known to be appropriate
for analyzing nonstationary and nonlinear time-series [15].
It decomposes a time-series into a number of narrowband
components, called intrinsic mode functions (IMFs), by
empirically identifying the physical time scales intrinsic to
the signal. Thus, due to the potential of EMD, it has been
gradually used to analyze neurophysiological recordings such
as EEG [16–18] and field potential [19, 20]. In addition, since it
is known that EMD behaves as a dyadic filter bank [21, 22], it
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is well fit for detecting the dynamics of the frequency bands of
interest in EEG study [17]. Upon the results of EMD of EEG,
the proposed measure computes Renyi entropy [23] using
the probability distributions of IMFs at each scale, followed
by averaging Renyi entropies over multiple scales. Thus, the
resultant multiscale Renyi entropy reflects distinct features
over multiple scales which are derived from a data-driven
way.

To demonstrate the performance of the proposed mul-
tiscale Renyi entropy, simulation and experimental studies
using a synthetic signal and an animal model during brain
injury and recovery after cardiac arrest have been carried
out. The performance of the multiscale Renyi entropy was
demonstrated by comparing with the conventional single
scale one in terms of both howwell it discriminates the degree
of uncertainty and predicts neurological outcomes.

The remainder of the paper is organized as follows.
Section 2 provides a brief description on EMD and the
multiscale Renyi entropy measures. Sections 3 and 4 validate
the proposed approach via simulation and experimental
studies. Section 4 presents the discussion and conclusion.

2. Materials and Methods

2.1. EmpiricalMode Decomposition. This section summarizes
a data-driven decomposition method, that is, EMD, which
has been developed by Huang et al. in 1998 [15]. The EMD
method is a novel signal processingmethod which represents
a time-series into a finite set of amplitude and frequency
modulated oscillating components which are bases of the
decomposition scheme. The decomposition procedure of
EMD is an adaptive signal-dependent technique. In an itera-
tive manner, termed a sifting process, EMD extracts the
highest frequency oscillation (finest temporal scale) from
the underlying time-series, referred to as an intrinsic mode
function. The remaining part after the extraction contains
lower frequency oscillatory components. The resultant IMFs
represent the oscillatory patterns over multiple scales. This
gives rise to the followingmajor feature of EMD: EMD results
in basis functions which are derived from the time-series
in self-originated way, whereas other conventional methods
such as Fourier and wavelet analyses rely on the use of
predefined basis functions.

An IMF has to meet the following two criteria: (1) the
number of extreme and zero crossings are either equal or
differ by at most one and (2) the mean value of the envelope
defined by the local maxima and local minima is zero.

Here, we describe the principle of EMD as follows. Let
𝑠(𝑖) denote the raw sampled EEG signal. Then EMD method
consists of the following steps.

(1) Identify all the local maxima and minima of 𝑠(𝑖).

(2) Interpolate between local maxima and minima,
respectively, getting an upper envelope 𝑒

𝑢
(𝑖) and a

lower envelope 𝑒
𝑙
(𝑖).

(3) Compute the mean between 𝑒
𝑢
(𝑖) and 𝑒

𝑙
(𝑖); that is,

𝜇(𝑖) = [𝑒
𝑢
(𝑖) + 𝑒

𝑙
(𝑖)]/2.

(4) Subtract the mean from the original signal

𝑑 (𝑖) = 𝑠 (𝑖) − 𝜇 (𝑖) . (1)

(5) Repeat steps (1)–(4) until 𝑑(𝑖) satisfies the above two
criteria to be an IMF. If 𝑑(𝑖) satisfies conditions,
it becomes the first intrinsic mode function that
contains the finest temporal scale in the signal. Also
it is denoted by 𝑑

1
(𝑖).

(6) Compute the residue 𝑟
1
(𝑖) = 𝑠(𝑖) − 𝑑

1
(𝑖).

(7) Iterate through steps (1)–(6) with 𝑟
1
(𝑖) instead of 𝑠(𝑖)

until the residue satisfies some stopping criterion as

SD =
∑ |𝑑 (𝑖) − 𝑠 (𝑖)|

2

∑𝑠2 (𝑖)
< 𝛼, (2)

where 𝛼 is an arbitrary value in the range of 0.2–0.3 as
recommended in [15].

Through the sifting process, the raw EEG signal 𝑠(𝑖) is
decomposed as follows:

𝑠 (𝑖) =

𝐾

∑

𝑘=1

𝑑
𝑘 (𝑖) + 𝑟

𝐾 (𝑖) , (3)

where 𝐾 is the number of all extracted intrinsic mode
functions, 𝑑

𝑘
(𝑖) is the 𝑘th intrinsic mode function, and 𝑟

𝐾
(𝑖)

is the final residue.The last residue 𝑟
𝐾
(𝑖) can be considered as

the last IMF and thus (3) can be rewritten as

𝑠 (𝑖) =

𝐾+1

∑

𝑘=1

𝑑
𝑘 (𝑖) . (4)

In addition, from (3), it is obvious that EMD is complete;
that is, 𝑠(𝑖) can be reconstructed from the resulting IMFs and
the final residue. Also it is known that the resulting IMFs are
nearly orthogonal; thus they can be considered as the basis to
represent the underlying time-series [15, 21, 22].

2.2. Computing Time-Dependent Multiscale Entropy. In the
proposed method, we utilize the distribution of the time-
varying individual oscillatory components, that is, 𝑑

𝑘
(𝑖),

obtained in (3) in evaluating the multiscale Renyi entropy. To
cope with the temporal evolution of entropy, EEG recording
is divided into a number of segments using a sliding temporal
window, leading to a time-dependent entropy measure [24].
For a given {𝑠(𝑖) : 𝑖 = 1, . . . , 𝑁}, a sliding temporal window
𝑤 ≤ 𝑁 and a sliding intervalΔ ≤ 𝑤 are defined.Then, the 𝑛th
sliding window of the raw EEG signal is defined by

s
𝑛 (𝑖) = {𝑠 (𝑖) : 𝑖 = 1 + 𝑛Δ, . . . , 𝑤 + 𝑛Δ} , (5)

where 𝑛 = 0, 1, . . . , [(𝑁−𝑤+1)/Δ], and [𝑥]denotes the integer
part of 𝑥.

Then,we incorporate EMD to utilize the underlying time-
varying oscillatory components in EEG recording. Assume
that EEG is decomposed into IMFs by a sifting process,
yielding totally𝐾 IMFs and one residual which is considered



BioMed Research International 3

0 2 4 6 8 10 12

Time (s)

4

3

2

1

0

−1

−2

−3

−4

A
m

pl
itu

de
 (𝜇

V
)

(a)

1 2 3 4 5 6 7 8 9 10

Time (s)

En
tro

py

Renyi
Multiscale Renyi

1.2

1.1

1

0.9

0.8

0.7

0.6

0.5

0.4

(b)

Figure 1: Time evolution of the conventional Renyi entropy and multiscale Renyi entropy for synthetic signal with time-varying frequency
components. (a) Synthetic signal in time domain. (b) Comparison of Renyi entropy and multiscale Renyi entropy.

as (𝐾+1)th oscillatory component. A set of IMFs is obtained
from the EEG signal in a sliding window s

𝑛
(𝑖), which is given

by

EMD [s
𝑛 (𝑖)] = [d1

𝑛
, d2
𝑛
, . . . , d𝐾+1

𝑛
] , (6)

where d𝑘
𝑛
= [𝑑
𝑘
(𝑖) : 𝑖 = 1+𝑛Δ, . . . , 𝑤+𝑛Δ] for 𝑘 = 1, . . . , 𝐾+1

are the 𝑘th IMF after EMD on the 𝑛th sliding window.
In order to compute the probability distributions of the

IMFs, d𝑘
𝑛
is partitioned into 𝑀 disjoint intervals {𝐼

𝑚
, 𝑚 =

1, . . . ,𝑀} spanning the range between the minimum and
maximum IMF with 𝑙

𝑙
= min{d𝑘

𝑛
} and 𝑙

𝑀
= max{d𝑘

𝑛
} where

𝑙
𝑙
< 𝑙
2
< ⋅ ⋅ ⋅ < 𝑙

𝑀
. Using the above definitions, a set of disjoint

intervals {𝐼
𝑚

= [𝑙
𝑚
, 𝑙
𝑚+1

], 𝑚 = 1, . . . ,𝑀 − 1} is obtained
by binning d𝑘

𝑛
. Next, 𝑝𝑘

𝑛
(𝑚) is the probability that the IMF

belongs to the interval 𝐼
𝑚
in 𝑘th IMF d𝑘

𝑛
. It is computed as

a ratio of number of samples of d𝑘
𝑛
within 𝐼

𝑚
and the total

sample number of d𝑘
𝑛
.

To evaluate multiscale based Renyi entropy, the proba-
bilities of each IMF are incorporated into well-known Renyi
entropy as follows.

(1) For each intrinsic mode function, the Renyi entropy
(RE) in each intrinsic mode is calculated as

RE𝑘 (𝑛) = −
1

𝑞 − 1
ln(

𝑀

∑

𝑚=1

(𝑝
𝑘

𝑛
(𝑚))
𝑞

) , (7)

where 𝑘 = 1, . . . , 𝐾 + 1, 0 ≤ 𝑝
𝑘

𝑛
(𝑚) ≤ 1, and ∑

𝑀

𝑚=1
𝑝
𝑘

𝑛
(𝑚) = 1.

(2)The following averaged Renyi entropies over all scales
lead to the multiscale Renyi entropy (MRE) as follows:

MRE (𝑛) =

𝐾+1

∑

𝑘=1

RE𝑘 (𝑛) . (8)

To compare the multiscale Renyi entropy with the sin-
gle scale based one, that is, Renyi entropy of gross EEG,
computer simulation was carried out. A synthesized signal
consisting of Gaussian distribution and multiple sinusoidal
components was used, which is shown in Figure 1(a). The
sampling frequency for the synthetic signal was 256Hz. For
the first 4 s, the synthetic signal has Gaussian distribution.
Following period of the synthetic signal has different number
of sinusoids in time-dependent manner as follows. From 4 s
to 6 s, it consists of 4 sinusoidswhose frequencies are at 1, 5, 10,
and 20Hz. From 6 s to 8 s, it is composed of 2 sinusoids with 1
and 5Hz. During last 4 s, the random permutation surrogate
of the period between 4 s and 8 s was included. Figure 1(b)
depicts the results of the conventional Renyi entropy and the
proposed multiscale Renyi entropy, respectively. As can be
seen, two entropy measures show similar levels for Gaussian
distribution. From 4 to 8 s, the conventional Renyi entropy
is almost constant regardless of the number of sinusoids,
whereas the multiscale Renyi entropy decreases in accor-
dance with the decrease of sinusoids. During last 4 s, the
multiscale Renyi entropy increased, having comparable level
of the conventional one.

2.3. Animal Model and EEG Recordings. EEG signals were
recorded from rats during experiments in rodents subjected
to controlled periods of normal circulation and asphyxial
cardiac arrest with the goal of assessing brain dynamics
following such an injury. The experimental model of brain
injury by cardiac arrest has been approved by Animal Care
and Use Committee of the Johns Hopkins Medical Institu-
tions. This rat model has been previously validated to study
multiple aspects of calibrated brain injury after asphyxial car-
diac arrest, including the physiologic parameters, short term
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and long term neurobehavioral outcomes, EEG recovery, and
histology [25, 26].

Nine adult male Wistar rats (300 ± 25 g) were used.
Anesthesia was induced with 4% halothane in 50% N

2
: 50%

O
2
. 10min of baseline trend was recorded including 5min

washout period to ensure that halothane did not influence the
EEG. Subsequently, 7min asphyxia was induced by stopping
and disconnecting the ventilator and clamping the tracheal
tube. The duration of cardiac arrest was determined by the
mean arterial blood pressure being below 10mmHg.The car-
diopulmonary resuscitation (CPR) was carried out by chest
compression until return of spontaneous circulation (ROSC),
which was defined as mean arterial blood pressure (MABP)
higher than 60mmHg. Selected rats received hypothermia
therapy. The therapy involved cooling the core body temper-
ature to 32–34∘C through surface cooling with misted water
immediately (within 15min) after return of spontaneous
circulation and therapeutic hypothermia was maintained for
6 hours. Then, the rats were gradually rewarmed to 37∘C for
2 hours. Four rats under normothermia (37∘C) and others
under immediate hypothermia (32–34∘C)were selected; EEG
signals were recorded using two channels from the right and
left parietal regions of rat’s brain using subdermal needle
electrodes (Plastics One, Roanoke, VA). ECG and arterial
pressure were also recorded simultaneously.

The signals were digitalized using CODAS, a data acqui-
sition package (DATAQ Instruments INC., Akron, OH).
A sampling rate of 250Hz and a 12-bit resolution of A/D
converter were used for digitization of the data. All rats
were resuscitated and neurological outcome was evaluated by
neurological deficit score (ranging from 0 = worst to 80 =
best) consisting of level of arousal, cranial nerves and sensory
motor assessments, reflexes, and occurrence of clinically
appreciable seizures [27]. The neurological deficit score was
calculated by an independent observer 72 h after asphyxial
cardiac arrest injury. Figure 2 shows the time trend of the
experiment, with Phase I being the control period, Phase II
the global ischemic brain injury, and Phase III the recovery
period.

3. Results

Figure 2 shows the EEG recording for a rat during brain
injury and recovery after cardiac arrest. The raw EEG signal
can be divided into three periods as follows: (I) 10min base-
line, (II) 7min CA and silent phase, and (III) recovery. From
Figure 2, it is obvious that the amplitude of EEG decreases
after CA injury and is followed by gradual increase in
recovery period.However, it is difficult to clearly discriminate
difference between the preinjury and the various recovery
phases by visualization alone. Even more difficulty would be
to objectively compare different injury grades or the effects of
hypothermia therapy. Limits of visual investigation stress the
need for a reliable quantitative approach to study EEGs.

To show the inherent oscillatory components of EEG,
that is, IMFs, the EMD method was carried out, and the
resulting IMFs and corresponding power spectral densities
are shown in Figure 3. Figures 3(a)–3(c) show the EMD
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Figure 2: Raw EEG recording of a rat during brain injury and
recovery after asphyxia cardiac arrest. A 4-hour compressed signal
capturing the entire experiment is presented. (I) 10min baseline, (II)
7min brain injury after cardiac arrest and silent period, and (III)
EEG recovery.

results of three 10 s segments of EEG recording at various
phases in Figure 1 as follows: EEG recordings in baseline,
50min, and 180min, respectively. With the power spectral
density shown in Figures 3(d)–3(f), we could observe that
each intrinsic mode function approximates the clinical bands
of EEG; that is, the first IMF covers 𝛾 and 𝛽 bands (>16Hz),
and the second and third IMFs show 𝛼 and 𝜃 bands (4–
16Hz). As expected, the resulting IMFs over multiple scales
cover the clinical band of interest while maintaining a good
decorrelation property.

For evaluating the multiscale complexities, the following
parameters were used: sliding temporal window length with
𝑤 = 10 s, sliding interval with Δ = 10 s and 𝑀 = 20. In
addition, when computing Renyi entropies, we choose 𝑞 = 3

as suggested in [28]. The resulting multiscale Renyi entropy
values were averaged across left and right brain areas for each
rat. In addition, the entropy measures were normalized with
respect to average values over baseline period (0–10min).

Figure 4 shows the time evolutions of the conventional
Renyi entropy and themultiscale Renyi entropy for 3 rats with
eventual good, medium, and poor outcomes (neurological
deficit score (NDS) = 74, 59, and 50 on a scale of 0 (worst)
to 80 (best)). Figures 4(a) and 4(b) illustrate the results of
the Renyi entropies and the multiscale Renyi entropies of
three rats, respectively. In both plots, after washout around
15min, entropies of 3 rats dramatically fall to approximately
zero. Occurrence of a spike at 22min was due to manual
resuscitation. The Renyi entropies in Figure 4(a) rapidly
increase from 35 to 40min. Renyi entropy values during
recovery (Figure 4(a)) are not highly separable for different
animals with different neurological deficit scores. On the
other hand, the multiscale Renyi entropies in Figure 4(b) for
the 3 rats are consistently separable for those with different
neurological deficit scores. These results indicate that the
higher the neurological score, the higher the entropy value
at the end of the 4-hour recovery period.

To assess above results with a larger sample, the Renyi and
multiscale Renyi entropies of 9 rats including the previous
3 rats were calculated as shown in Table 1. Here, aggregate
data for each rat is organized into rows, arranged, and
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Figure 3: The EMD results of real EEG recording. For three phases of the experiment, that is, (a) baseline, (b) early recovery, and (c) late
recovery, the time domain representations of the resulting IMFs of the 10 s segments of EEG are shown (top: highest scale (𝑑

1
), bottom: lowest

scale (𝑑
5
)). (d)–(f) The power spectral densities corresponding to (a)–(c), respectively.

numbered in order of increasing of the neurological deficit
score. The results of Renyi and multiscale Renyi entropies
are presented together, with Renyi entropy results enclosed
in parentheses. To demonstrate the entire trend, entropies for
each rat were averaged over selected intervals and the average
of recovery phase (30–240min from the start of experiment).
To analyze the capability of entropies as a predictor of neu-
ronal recovery, we evaluate Pearson correlation coefficient
and hypothesis testing using 𝑃 value between neurological
deficit score and entropies over the selected intervals and the
whole recovery period recorded (30–240min). From Table 1,
Pearson correlation coefficients between themultiscale Renyi
entropy and neurological deficit score were more significant
over all given time slots than between Reni entropy and
neurological deficit score. Additional hypothesis testing using
a Student-t distribution (𝑛 = 9) was conducted. The results

of hypothesis testing also support that the multiscale Renyi
entropy is more correlated with neurological deficit score
than the multiscale Renyi entropy’s counterpart, revealing
the improved predictability of multiscale Renyi entropy for
discerning neurological status.

4. Discussion and Conclusion

This work presents a new framework for quantifying infor-
mation quantity in EEG over multiple time scales. Entropy
has been considered to reflect the underlying dynamics in
EEG. Hence, various entropy measures have been success-
fully applied in prognosticating the degree of neurological
states. However, most methods which are based on a sin-
gle scale have limitation in describing information content
spanned over different scales. It leads to a need for multiscale
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Figure 4: Time evolutions of the conventional Renyi and multiscale Renyi entropies for three rats (NDS = 74, 59, and 50). (a) The Renyi
entropies. (b) The multiscale Renyi entropies (𝑞 = 3).

Table 1: Statistical results of Renyi and multiscale Renyi entropies.

Rat
ID

Multiscale Renyi entropy (Renyi entropy) NDS
30–60min 60–120min 120–240min Ave.

#1 0.24 (0.51) 0.33 (0.54) 0.50 (0.55) 0.41 (0.54) 46
#2 0.07 (0.30) 0.17 (0.36) 0.40 (0.44) 0.28 (0.40) 50
#3 0.24 (0.29) 0.36 (0.35) 0.63 (0.58) 0.50 (0.47) 59
#4 0.65 (0.75) 0.80 (0.85) 0.78 (0.81) 0.76 (0.82) 74
#5 0.43 (0.40) 0.65 (0.58) 0.88 (0.83) 0.74 (0.69) 74
#6 0.44 (0.56) 0.54 (0.59) 0.76 (0.77) 0.65 (0.68) 74
#7 0.54 (0.60) 0.63 (0.84) 0.65 (0.60) 0.63 (0.67) 75
#8 0.42 (0.52) 0.63 (0.68) 0.74 (0.80) 0.66 (0.72) 78
#9 0.40 (0.50) 0.60 (0.68) 0.61 (0.63) 0.58 (0.63) 80
𝑟 0.79 (0.49) 0.86 (0.69) 0.75 (0.75) 0.84 (0.76)
𝑃 0.01 (0.18) 0.003 (0.04) 0.02 (0.02) 0.004 (0.02)
𝑟: correlation coefficient, 𝑃: 𝑃 value, and NDS: neurological deficit score.

based entropy measure to capture locally changing feature at
various frequencies or scales.

This analysis of experimental EEG signals has been done
in two parts. First, we recognize that the EEG signals,
recorded during experimental interventions (such as global
ischemia brain injury reported here), are inevitably non-
stationary. In addition, their composition is complex, with
different modes or basis components, constituting the EEG
rhythm at any time instant. Therefore, a data-driven analysis
method, namely, EMD, was utilized to decompose the EEG
signal at different time instants during the experimental
investigations. Second, the analysis yields that EEG sig-
nals demonstrate considerable entropy which varies during
different experimental stages. Here, in order to quantify

the information quantity of EEG over adaptive and data-
dependent multiple scales, Renyi entropy of IMFs which are
results of EMD has been incorporated. As the precedent
approaches, the entropy-based EEG analysis methods for
hypoxic-ischemic injury have shown their capability for
evaluating recovery from brain injury [24, 28–30]. In [24,
28], the quantification of entropy depended on a gross EEG
recording, which may lose the multiscale dynamics. Also,
the studies in [29, 30] developed multiple frequency band
analysis based on wavelet transform, which is not sufficient
for representing nonstationary neural data. Comparing to the
previous approaches, this work yields a multiscale analysis
based on EMD, which makes it suitable for analyzing neural
data.

Along this line, somemultiscale entropy works have been
presented in [31, 32]. In [31], an adaptive multiscale entropy
along each scale based on multivariate EMD (MEMD) has
shown promising capability for representing dynamics of
neural data. In addition, Hu and Liang [32] have used an
additional noise channel to identify information-bearing
components in neural data, resulting in a noise-robust anal-
ysis approach.

Through simulation and experimental studies, the results
demonstrated that the multiscale Renyi entropy measures
show a stronger correlation with the clinical measure of
the neurological deficit score than conventional single scale
based Renyi entropy. For asphyxial cardiac arrest model of
rat, the results show that the proposed multiscale Renyi
entropy leads to high correlation with the eventual neuro-
logical deficit score at each phase of the EEG recording. As
a future step, the integration with the approaches in [31, 32]
would increase the efficacy as a quantitative neurological
measure for clinical EEG studies.
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To conclude, a novel multiscale Renyi entropy framework
for analysis of EEG signals has been presented. Analysis of
experimental EEG recording has shown thatmultiscale Renyi
entropy correlates well with clinically relevant measures of
neurological deficits. This study lays the foundation for
applying this novel approach to clinical studies of humanEEG
signals recorded during comparable episodes of brain injury
resulting from global ischemia after cardiac arrest as well as
other clinical situations such as traumatic brain injury.

Conflict of Interests

The author declares that there is no conflict of interests
regarding the publication of this paper.

Acknowledgment

This research was supported by Basic Science Research
Program through theNational Research Foundation of Korea
(NRF) funded by the Ministry of Science, ICT and Future
Planning (NRF-2012R1A1A1019451).

References

[1] I. Korotchikova, N. J. Stevenson, B. H.Walsh, D.M.Murray, and
G. B. Boylan, “Quantitative EEG analysis in neonatal hypoxic
ischaemic encephalopathy,” Clinical Neurophysiology, vol. 122,
no. 8, pp. 1671–1678, 2011.

[2] C.-P. Shen, S.-T. Liu, W.-Z. Zhou et al., “A physiology-based
seizure detection system formultichannel EEG,”PLoSONE, vol.
8, no. 6, Article ID e65862, 2013.

[3] N. V. Thakor and S. Tong, “Advances in quantitative electroen-
cephalogram analysis methods,” Annual Review of Biomedical
Engineering, vol. 6, pp. 453–495, 2004.

[4] N. Kannathal, U. R. Acharya, C. M. Lim, and P. K. Sadasivan,
“Characterization of EEG—a comparative study,” Computer
Methods and Programs in Biomedicine, vol. 80, no. 1, pp. 17–23,
2005.

[5] M. Hathi, D. L. Sherman, T. Inder et al., “Quantitative EEG
in babies at risk for hypoxic ischemic encephalopathy after
perinatal asphyxia,” Journal of Perinatology, vol. 30, no. 2, pp.
122–126, 2010.

[6] M. R. Nuwer, D. A. Hovda, L. M. Schrader, and P. M. Vespa,
“Routine and quantitative EEG in mild traumatic brain injury,”
Clinical Neurophysiology, vol. 116, no. 9, pp. 2001–2025, 2005.

[7] R. Freedman, D. J. Luchins, R.W.McCarley, and J. M.Morihisa,
“Quantitative electroencephalography: a report on the present
state of computerized EEG techniques,” The American Journal
of Psychiatry, vol. 148, no. 7, pp. 961–964, 1991.

[8] B. T. Klassen, J. G. Hentz, H. A. Shill et al., “Quantitative
EEG as a predictive biomarker for Parkinson disease dementia,”
Neurology, vol. 77, no. 2, pp. 118–124, 2011.

[9] O. A. Rosso, S. Blanco, J. Yordanova et al., “Wavelet entropy: a
new tool for analysis of short duration brain electrical signals,”
Journal of Neuroscience Methods, vol. 105, no. 1, pp. 65–75, 2001.

[10] O. A. Rosso, M. T. Martin, and A. Plastino, “Brain electrical
activity analysis using wavelet-based informational tools (II):
tsallis non-extensivity and complexity measures,” Physica A:
Statistical Mechanics and its Applications, vol. 320, pp. 497–511,
2003.

[11] A. Capurro, L. Diambra, D. Lorenzo et al., “Tsallis entropy
and cortical dynamics: the analysis of EEG signals,” Physica A:
Statistical Mechanics and Its Applications, vol. 257, no. 1–4, pp.
149–155, 1998.

[12] L. Li, W. Chen, X. Shao, and Z. Wang, “Analysis of amplitude-
integrated EEG in the newborn based on approximate entropy,”
IEEE Transactions on Biomedical Engineering, vol. 57, no. 10, pp.
2459–2466, 2010.

[13] S. Tong, Z. Li, Y. Zhu, and N. V. Thakor, “Describing the
nonstationarity level of neurological signals based on quantifi-
cations of time-frequency representation,” IEEETransactions on
Biomedical Engineering, vol. 54, no. 10, pp. 1780–1785, 2007.

[14] M. E. Pereyra, P.W. Lamberti, andO.A. Rosso, “Wavelet Jensen-
Shannon divergence as a tool for studying the dynamics of
frequency band components in EEG epileptic seizures,” Physica
A: Statistical Mechanics and Its Applications, vol. 379, no. 1, pp.
122–132, 2007.

[15] N. E. Huang, Z. Shen, S. R. Long et al., “The empirical mode
decomposition and the Hilbert spectrum for nonlinear and
non-stationary time series analysis,” Proceedings: Mathematical,
Physical and Engineering Sciences, vol. 454, no. 1971, pp. 903–
995, 1998.

[16] H. Liang, S. L. Bressler, R. Desimone, and P. Fries, “Empirical
mode decomposition: a method for analyzing neural data,”
Neurocomputing, vol. 65, pp. 801–807, 2005.

[17] C. M. Sweeney-Reed and S. J. Nasuto, “A novel approach to the
detection of synchronisation in EEG based on empirical mode
decomposition,” Journal of Computational Neuroscience, vol. 23,
no. 1, pp. 79–111, 2007.

[18] X. Li, J. W. Sleigh, L. J. Voss, and G. Ouyang, “Measure of the
electroencephalographic effects of sevoflurane using recurrence
dynamics,” Neuroscience Letters, vol. 424, no. 1, pp. 47–50, 2007.

[19] H. Liang, Z.Wang, A.Maier, and N. K. Logothetis, “Single-Trial
classification of bistable perception by integrating empirical
mode decomposition, clustering, and support vector machine,”
EURASIP Journal on Advances in Signal Processing, vol. 2008,
Article ID 592742, 2008.

[20] H. Liang, S. L. Bressler, E. A. Buffalo, R. Desimone, and P.
Fries, “Empirical mode decomposition of field potentials from
macaque V4 in visual spatial attention,” Biological Cybernetics,
vol. 92, no. 6, pp. 380–392, 2005.

[21] P. Flandrin, G. Rilling, and P. Gonçalvés, “Empirical mode
decomposition as a filter bank,” IEEE Signal Processing Letters,
vol. 11, no. 2, pp. 112–114, 2004.

[22] P. Flandrin and P. Goncalves, “Empirical mode decompositions
as data-driven wavelet-like expansions,” International Journal of
Wavelets, Multiresolution and Information Processing, vol. 2, no.
4, pp. 477–496, 2004.

[23] A. Rrnyi, “On measures of entropy and information,” in
Proceedings of the 4th Berkeley Symposium on Mathematical
Statistics and Probability, pp. 547–561, 1961.

[24] A. Bezerianos, S. Tong, and N. Thakor, “Time-dependent
entropy estimation of EEG rhythm changes following brain
ischemia,” Annals of Biomedical Engineering, vol. 31, no. 2, pp.
221–232, 2003.

[25] L. Katz, U. Ebmeyer, P. Safar, A. Radovsky, and R. Neumar,
“Outcome model of asphyxial cardiac arrest in rats,” Journal of
Cerebral Blood Flow and Metabolism, vol. 15, no. 6, pp. 1032–
1039, 1995.

[26] Y.-S. Choi, M. A. Koenig, X. Jia, and N. V.Thakor, “Quantifying
time-varying multiunit neural activity using entropy-based



8 BioMed Research International

measures,” IEEETransactions on Biomedical Engineering, vol. 57,
no. 11, pp. 2771–2777, 2010.

[27] X. Jia, M. A. Koenig, H.-C. Shin et al., “Improving neurolog-
ical outcomes post-cardiac arrest in a rat model: immediate
hypothermia and quantitative EEG monitoring,” Resuscitation,
vol. 76, no. 3, pp. 431–442, 2008.

[28] S. Tong, A. Bezerianos, A. Malhotra, Y. Zhu, and N. Thakor,
“Parameterized entropy analysis of EEG following hypoxic-
ischemic brain injury,” Physics Letters, Section A: General,
Atomic and Solid State Physics, vol. 314, no. 5-6, pp. 354–361,
2003.

[29] H. A. Al-Nashash and N. V. Thakor, “Monitoring of global
cerebral ischemia using wavelet entropy rate of change,” IEEE
Transactions on Biomedical Engineering, vol. 52, no. 12, pp. 2119–
2122, 2005.

[30] H.-C. Shin, S. Tong, S. Yamashita, X. Jia, R. G. Geocadin, and
N. V. Thakor, “Quantitative EEG and effect of hypothermia
on brain recovery after cardiac arrest,” IEEE Transactions on
Biomedical Engineering, vol. 53, no. 6, pp. 1016–1023, 2006.

[31] M. Hu and H. Liang, “Adaptive multiscale entropy analysis
of multivariate neural data,” IEEE Transactions on Biomedical
Engineering, vol. 59, no. 1, pp. 12–15, 2012.

[32] M. Hu and H. Liang, “Search for information-bearing compo-
nents in neural data,” PLoS ONE, vol. 9, no. 6, Article ID e99793,
2014.


