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This study aimed to classify different emotional states by means of EEG-based functional connectivity patterns. Forty young
participants viewed film clips that evoked the following emotional states: neutral, positive, or negative. Three connectivity
indices, including correlation, coherence, and phase synchronization, were used to estimate brain functional connectivity in
EEG signals. Following each film clip, participants were asked to report on their subjective affect. The results indicated that
the EEG-based functional connectivity change was significantly different among emotional states. Furthermore, the
connectivity pattern was detected by pattern classification analysis using Quadratic Discriminant Analysis. The results
indicated that the classification rate was better than chance. We conclude that estimating EEG-based functional connectivity
provides a useful tool for studying the relationship between brain activity and emotional states.
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Introduction

The question of whether different emotional states are
associated with specific patterns of physiological response has
long captivated emotion research [1-3]. Although some evidence
for autonomic (i.e., peripheral physiological response) specificity
has been reported [4-7], many other studies have indicated that
the physiological correlates of emotions are likely to be found in
the central nervous system (CNS) rather than simply in peripheral
physiological responses [8-10]. Researchers have supported this
viewpoint using electroencephalographic (EEG) or other neuro-
imaging (e.g., functional Magnetic Resonance Imaging, fMRI)
approaches to investigate the specificity of brain activity associated
with different emotional states [11] However, most of the available
studies on emotion-specific EEG response have focused on EEG
characteristics at the single-electrode level, rather than at the level
of EEG-based functional connectivity. Contrary to this trend of
single-electrode-level analysis, Mauss and Robinson (2009), in
their recent review paper, have indicated that “emotional state is
likely to involve circuits rather than any brain region considered in
1solation” [11], neuroimaging methods that examine interrelated
activity among multiple brain sites may hold more promise for
understanding whether and how emotional specificity is instanti-
ated in the brain. In agreement with this view, we believe that
analyzing emotional specificity at the level of EEG-based
functional connectivity in the brain is a more ecologically valid
approach. Therefore, the current study aimed to elucidate whether
emotional specificity can indeed be better characterized through
EEG-based functional connectivity, using the evaluation criterion
of whether the latter serves as a better predictor for recognizing
different emotional states.
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Earlier EEG-based studies of emotional specificity, with analyses
at the single-electrode level, have demonstrated that asymmetric
activity at the frontal site (especially in the alpha (8—-12 Hz) band)
is associated with emotion. For example, Ekman and Davidson
(1993) found that voluntary facial expressions of smiles of
enjoyment produced higher left frontal activation [12], whereas
another study found decreased left frontal activity during the
voluntary facial expressions of fear [13]. In addition to alpha band
activity, theta band power at the frontal midline (FFm) has also been
found to relate to emotional states. For example, Sammler and
colleagues proposed that pleasant (as opposed to unpleasant)
emotion is associated with an increase in frontal midline theta
power [14]. To further demonstrate whether these emotion-
specific EEG characteristics, i.e., alpha asymmetry or activity in
other frequency bands, are strong enough to differentiate between
various emotional states, some studies have utilized a pattern
classification analysis approach, and the resulting recognition
accuracy has generally been above chance [15-18].

Nevertheless, as previously mentioned, emotion is a complex
process; hence, examining the issue of EEG-based emotional
specificity and the recognition of different emotional states may be
more valid if the issue is examined via EEG-based functional
connectivity rather than being based simply on analyses at the
single-electrode level. There are various ways to estimate EEG-
based functional brain connectivity. Correlation, coherence and
phase synchronization indices between each pair of EEG
electrodes had been used in emotional research. In the early era
of EEG research, correlation was most commonly used to
investigate the similarity between two EEG signals [19]. Based
on the assumption that a higher correlation map indicates a
stronger relationship between two signals, correlation has been
used in various areas of research, such as the study of sensory
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stimulation, clinical problems and sleeping [20]. Coherence gives
similar information as correlation, but coherence includes the
covariation between two signals as a function of frequency, a
measure that has been used in many research fields, including
physiology [21] neurological disorder [22], and exercise physiology
[23]. Phase synchronization among the participating neuronal
groups is another way to estimate the EEG-based functional
connectivity among brain sites; it is estimated based on the phase
difference between two signals. Measures of phase synchronization
in EEG are usually used in the study of neurological disease [24].

More recently, some researchers have noted the importance of
functional brain connectivity in emotion research and have started
examining emotional specificity using EEG-based functional brain
connectivity; however, most researchers have focused on only one
type of connectivity index. For example, Shin and Park (2011)
proposed that when emotional states become more negative at
high room temperatures, correlation coefficients between the
channels in temporal and occipital sites increase more than they
do when room temperatures are more moderate [25]. Hinrichs
and Machleidt (1992) proposed that coherence decreases in the
alpha band during sadness, compared to happiness [26]. Miskovic
and Schmidt (2010) found that EEG coherence between the
prefrontal cortex and the posterior cortex increases when viewing
highly emotionally arousing (i.e., threatening) images, compared to
viewing neutral images [27]. Costa and colleagues were the first to
apply the synchronization index to detect interaction in different
brain sites under different emotional states [28]. Costa et al.’s
(2006) results showed an overall increase in the synchronization
index among frontal channels during emotional stimulation,
particularly during negative emotion (i.e., sadness); furthermore,
phase synchronization patterns were found to differ between
positive and negative emotions. Costa et al. (2006) also found that
sadness was more synchronized than happiness at each frequency
band and was associated with a wider synchronization both
between the right and left frontal sites and within the left
hemisphere; in contrast, happiness was associated with a wider
synchronization between the frontal and occipital sites.

Although the aforementioned emotional specificity EEG studies
that have used functional connectivity have nicely demonstrated
that EEG-based functional connectivity can effectively differenti-
ate among different emotional states, none of these studies have
yet directly compared these different connectivity indices in a
single study. We believe that this research topic is worth pursuing
because different connectivity indices are sensitive to different
characteristics of EEG signals. Correlation is sensitive to phase and
polarity, but it is independent of amplitudes, and changes in both
amplitude and phase lead to a change in coherence [20]; similarly,
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Table 1. Significant Results of F-test and Tukey Test of Correlation (p<<.05).

0 FP1-F8 F=341 FP1-Cz F=3.22 FP1-T8
FP2-F8 F=11.44 FP2-C3 F=433 FP2-Cz
F7-F8 F=3.42 F7-F4 F=3.56 F7-P7
F3-P7 F=4.79 F3-01 F=3.58 F4-C3
Fz-T8 F=7.09 C4-P7 F=3.96 T7-8
T8-01 F=791 T8-02 F=581 P7-P8
01-02 F=4.12

o F7-F8 F=3.18 F7-P7 F=345 C3-T8
P7-Pz F=3.65 P8-01 F=445 P3-Pz

doi:10.1371/journal.pone.0095415.t001

the phase synchronization index is influenced only by a change in
phase [29]. Therefore, the present study aimed to re-address the
issue of EEG-based emotional specificity using the three functional
connectivity indices and to compare which of the indices are better
able to recognize different emotional states based on pattern
classification analyses.

Although previous studies have tried to classify emotional states
by means of recording and statistically analyzing EEG signals from
the central nervous systems [16-18,30-32], however most of these
pioneer works focused on EEG features extracted at the single
electrode level. We believed that connectivity indices such as
correlation, coherence, and synchronization index may also
provide meaningful information, since processing of emotions is
a complex procedure and is not completed solely by one or few
specific brain regions.

We used emotional film clips to elicit three different emotional
states. These emotional states are based on the dimensional theory
of emotion, which asserts that there are neutral, positive, and
negative emotional states, because numerous studies have
suggested that the responses of the central nervous system [33—
36] correlate with emotional valence and arousal. More critically,
as suggested by Mauss and Robins (2009), “measures of emotional
responding appear to be structured along dimensions (e.g.,
valence, arousal) rather than discrete emotional states (e.g.,
sadness, fear, anger)” [11]. This study can be considered a
ploneering study that investigates emotional specificity in patterns
of EEG-based functional connectivity using three different
connectivity indices and directly compares the connectivity indices
to determine which are the most powerful in correctly recognizing
different emotional states.

Materials and Methods

1. Ethics Statement

All subjects signed informed consent before the experiments,
which was approved by the Chung Cheng University ethical
review committee (IRB).

2. Participants

Participants were 40 healthy, right-handed students from
National Cheng Kung University (21.43%=1.33 yr, 21 males;
21.83%1.70 yr, 19 females). Individuals with a prior history of
neurological or psychiatric illness or current or prior psychoactive
medication use were excluded. Participants were asked to abstain
from caffeine and tobacco use for 24 hours before testing. Each
participant was paid NT $1,000 (US $30) for approximately 6
hours of participation.
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Table 2. Significant Results of F-test and Tukey Test of Coherence (p<<.05).

0  FP1-P7 F=3.93 FP2-F8 F=15.019 FP2-C4
F8-P7 F=3.54 F8-02 F=3.44 F3-F4
F4-P8 F=457 Fz-T8 F=9.00 C3-01
C4-pP7 F=3.38 T8-02 F=3.78 P7-P8

o  FP2-F3 F=3.33 F4-P8 F=3.74 C4-Cz
T8-02 F=4.25 P7-P4 F=3.50 P8-O1

B F7-P7 F=452 F7-P8 F=3.44 T7-P8

F=3.86 F7-P8 F=3.73 F8-F4 F=4.29
F=5.65 F3-T8 F=7.61 F3-P7 F=3.85
F=4.94 C3-02 F=3.80 C4-17 F=3.39
F=4.40 P8-0O1 F=6.25 P8-02 F=5.62
F=3.46 Cz-T8 F=3.72 T7-01 F=3.86
F=5.07 P3-Pz F=3.80 01-02 F=3.55
F=6.57 P7-P4 F=3.59

doi:10.1371/journal.pone.0095415.t002

3. Emotion-Eliciting Film Clips

Six emotion-eliciting film clips with visual and auditory
components were retrieved from the Standard Chinese Emotional
Film Clips Database [37] to induce positive (an amusing & a
surprising film clip), neutral (two “neutral” film clips), or negative
(a fear & a disgust film clip) emotions. The duration of each film
clip ranged from 0.5 to 5 minutes. Previous studies have also used
film clips with varied durations as emotional stimuli (see Christie
and Friedman, 2004; Gross and Levenson, 1995). We believed
that varied durations of the film clips would not influence stimulus
processing per se.Each film clip was edited to create a coherent
segment and thus maximize the emotional meaning of each clip.
The auditory volume was kept constant for each film clip. To
avoid order effects on emotion elicitation, the presentation of the
six film clips was counterbalanced using a Latin square design.

4. EEG Measurement

EEG was recorded with 64-channel Neuroscan equipment
(NeuroScan 4.3.1, USA), according to the international 10-20
system. A ground electrode was attached to the center of the
forchead. Electrooculography (EOG) was measured to control for
ocular artifacts. Vertical eye movement was measured using
electrodes placed above and below the left eye, and horizontal eye
movement was measured with electrodes placed lateral to the leff
and nght external canthi. EEG and EOG signals were amplified
using a multichannel biosignal amplifier (band pass 0.1-100 Hz)
and A/D converted at 500 Hz per channel with 12-bit resolution.
The impedance of each electrode had to be less than 5 kQ.

5. Experimental Procedure

The experiment began with a 60-s go/nogo task to keep
participants in a neutral emotional state before watching a film
clip. Then, two 90-s baseline resting EEGs were recorded, with the
participant’s eyes open in the first and closed in the second. These
baselines were followed by the emotional film clips trial. Each clip
trial consisted first of a brief countdown to increase attention (from
5 to 1 with a step of 1 count per second), presented on the monitor,
followed by the clip presentation, which was approximately 0.5—
5 mins long. As participants were unlikely to always manifest an
emotional response at a consistent time segment for each flim clip,
some studies asked participants to press a button when he thought
that he had reached a specific emotional status [38]. Hence, in this
study, our participants were likewise asked to press the spacebar
once and only once while watching each film clip, whenever they
felt their emotion had changed as a result of watching the clip.
Finally, each clip trial ended with a 60-s post-film resting period.
After watching the film clips, the experimental affect was assessed
using the self-assessment manikin (SAM) developed by Lang,
which assessed the participants’ valence, arousal, dominance level,
using 9-point scales.

6. Signal Preprocess and Data Analysis

A 16.384-s (8192 data-points) signal was extracted before the
time point at which the participant had clicked on the spacebar to
indicate his or her felt emotion. We used 16.384 sec interval (8192
data points, 500 Hz sampling rate) for the following reasons: (1). In
order to obtain a stable estimate of spectral power, Davidson
suggested that a minimum of approximately a 10 s signal would be
required if the dependent measure was an electroencephalogram

F=488 F4-T8 F=5.28 C3-C4 F=356
F=6.08 T8-P7 F=4.46 P7-P8 F=3.66
F=6.47 F7-P7 F=4.93 F3-F4 F=4.49
F=4.94 C3-C4 F=3.45 C3-P3 F=3.39
F=3.28

F=3.26 F7-02 F=3.28 F8-Fz F=597
F=4.36

F=4.85 FP2-T7 F=4.68 FP2-T8 F=391
F=4.07 Cz-Pz F=4384 Cz-02 F=3.27
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Table 3. Significant Results of F-test and Tukey Test of Phase Synchronization Index (p<.05).

0 FP1-Cz F=3.25 FP2-P3 F=4.22 FP2-Pz
C4-P3 F=421 Cz-Pz F=3.38 T7-Pz
P7-02 F=4.80

o FP2-F7 F=4.22 FP2-P3 F=3.47 F7-Cz
F4-T8 F=3.85 Fz-C4 F=4.09 Fz-P4
C3-P4 F=357 T7-01 F=3.31 P8-01

B FP1-F7 F=3.64 FP2-T8 F=3.54 FP2-Pz
F8-P8 F=457 F3-Fz F=573 Fz-P4

y FP1-P7 F=3.97 FP1-P4 F=3.24 FP2-Fz
FP2-Pz F=3.53 F8-P7 F=3.39 C3-C4
T8-Pz F=3.58 P3-P4 F=339

doi:10.1371/journal.pone.0095415.t003
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Figure 1. Brain maps of correlation. The lines connecting electrode sites indicate significant higher (solid) and lower (dashed) of correlation

values for condition listed on left site.
doi:10.1371/journal.pone.0095415.g001

(EEG) (Davidson, 1990). He also mentioned that brain activity
occurring over long period might be interfered with by factors
which are unrelated to the elicited emotion. (2). For Coherence
estimation, EEG signal was transfer to frequency domain via fast
fourier transform (FFT). To increase transform speed, the number
of data points should be power of 2. A custom Matlab 2009b
(Waltham, MA, USA) program was used for offline data analysis.
To remove 60-Hz noise coming from the power line, the EEG
signal was passed through a low-pass filter with a 50-Hz cutoff
frequency. EEGLAB, an open-source toolbox for analysis of
single-trial EEG dynamics, was used in this research [39]. The eye
movement component in the raw data was detected and removed
using an independent component analysis (ICA) routine in
EEGLAB. The artifact remove procedure was applied to all
EEG epochs for every subject under different emotion conditions
since it is hard for participants to keep eyes fixed during watching
entire film clips. The amount of artifact removal was similar across
different emotion conditions. A 2nd order bandpass Butterworth
filter was used to extract the specific EEG frequency bands. To
estimate the EEG-based functional connectivity among brain sites,
the following three indices were calculated for the theta band (4—
7 Hz), alpha band (8-12 Hz), beta band (13-30 Hz) and gamma
band (31-50 Hz).

7. Functional Connectivity Indices
Following the suggestion by Costa [28], EEG-based functional
connectivity was estimated in the theta, alpha, beta, and gamma
bands for all pairs of 19 electrodes, including Fpl, Fp2, F7, I8, I3,
F4, Fz, C3, C4, Cz, T7, T8, P7, P8, P3, P4, Pz, O1, and O2.
7.1 Correlation. For two different signals A and B, the
correlation at each frequency (f) is defined as

PLOS ONE | www.plosone.org

r(f)=Cas(f)//(Cu4Cgp), )

where Cup is the cross-covariance between signals A and B; Ca is
the auto-covariance of signal A; and Cyp is the auto-covariance of
signal B. Correlation is sensitive to phase and polarity and its value
ranges from —1 to 1. A higher correlation corresponds to a
stronger relationship between two brain sites.

7.2 Coherence. For two different signals A and B, the
coherence at each frequency (f) is defined as

Coh (f)=|Sas(0)*/ (S.aa(F)Sss(f)), (2)

where [Sap(f)] is the cross-spectral density between signals A and
B; S.44 is the auto-correlation of signal A; and Spp is the auto-
correlation of signal B. Coherence is sensitive to amplitude and
phase change, and its value ranges from O to 1. Similar to
correlation, higher coherence indicates that two brain sites are
working more closely together, but at a specific frequency.

7.3 Phase synchronization index. Phase synchronization
between two nonlinear oscillation systems is defined as

Pnm = |nq)1(t) _m(PZ(Z)l <a,

¢, and @, are the phases of two oscillation systems and o is a
constant. To compute phase synchronization, it is necessary to
obtain the phase of the signal. The instantaneous phase of any
signal x(t) is defined as
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Figure 2. Brain maps of coherence. The lines connecting electrode sites indicate significant higher (solid) and lower (dashed) of coherence values

for condition listed on left site.
doi:10.1371/journal.pone.0095415.9g002

1 xu(0)

x(1)’

where xy(#) is the Hilbert transform of x(t).

After finding the instantaneous phases of two signals, the phase
differences between two signals (¢ =@; —@,) can be obtained by
setting m=n = 1. For two signals with data length L, the phase
synchronization index (PSI) is defined as

o(t)= tan™

1 &,
PSI= ‘—Ze“‘)(’) . (3)
Lt:O

The phase synchronization index is sensitive to phase change
and its value ranges from O to 1. The phase synchronization
index=1 if and only if the condition of strict phase locking is

PLOS ONE | www.plosone.org

obeyed. In contrast, the phase synchronization index=0 for
uniformly distributed phases.

8. Statistical Analysis

To determine the different connectivity indices among all pairs
of 19 electrodes, repeated-measures analyses of variance (ANO-
VAs) for each frequency band were used, with two within-subject
factors: electrode pair (171 pairs) and condition (neutral, positive,
and negative emotion). Post-hoc analyses were calculated using
Tukey tests to compare functional connectivity patterns within the
specific states of neutral, positive, and negative.

9. Using Pattern Classification Analysis to Recognize
Emotional States Based on EEG Connectivity Indices

To test whether the pattern of connectivity indices could be
used to predict emotional states, the connectivity indices for all
pairs of electrodes at each frequency band were selected as features
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Figure 3. Brain maps of phase synchronization index. The lines connecting electrode sites indicate significant higher (solid) and lower

(dashed) of phase synchronization index for condition listed on left site.
doi:10.1371/journal.pone.0095415.g003

for pattern classification. The term ‘“feature” in pattern classifi-
cation analysis refers to a psychophysiological variable [40]. To
define an optimal set of features, a criterion function should be
defined. Thus, an exhaustive search in all possible subsets of input
features was required to guarantee an optimal set. To limit this
enormous search space, we performed feature selection based on

PLOS ONE | www.plosone.org

ANOVAs (Kreibig et al., 2007). Features for which ANOVAs
were significant at p=0.05 (Tables 1, 2, & 3) were selected, as this
led to the best precision. A simple classifier named Quadratic
Discriminant Analysis (QDA), contained in the MATLAB Arsenal
software [41], was used in this study. QDA is closely related to
Linear Discriminant Analysis (LDA). It provides extremely fast
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evaluations of unknown inputs performed using distance calcula-
tions between a new sample and the mean of training data samples
in each class, weighted by their covariance matrices. A quadratic
discriminant Analysis tries to find an optimal hyperplane to
separate the three emotional states (neutral, positive and negative).
In this study, 2-fold cross validation was used for pattern
classification. For each fold, we randomly assigned data points to
two sets as “data 1” and “data 27, so that both sets of data were of
equal size. We first trained on data 1 and tested on data 2, and
then trained on data 2 and tested on data 1. This has the
advantage that training and test data are both large, and each data
point is used for both training and testing on each fold. If the
predicted emotion matched the target emotion (in testing data),
that indicated the data were correctly classified. Accuracy was
defined as the percentage of data which were correctly classified.
For example, if there were 100 testing data, and 60 of the data
were correctly classified, then the accuracy was 60%. The 2
accuracies from the 2 folds then averaged to produce a single
accuracy estimation; However, Brodersen et al. 2010 argued that
the average accuracy may lead to false conclusions since a classifier
was tested on an imbalanced dataset. To overcome the shortcom-
ing, they proposed the “balanced accuracy” instead of average
accuracy [42].
Base on the confusion matrix.

Actual (+) Actual (—)
Predicted (+) TP FP
Predicted (—) FN TN

The balanced accuracy which was used in this study can be
defined as

Table 4. Comparison of Classification Accuracy in Different Frequency Bands With and Without Feature Selection Base on
Correlation.
Correlation Without feature selection With Feature selection

Mean (S.D.) Mean (S.D.) p
Theta 0.47 (0.03) 0.55 (0.02)** 1.26x107%
Alpha 0.42 (0.03) 0.53 (0.02)** 5.79x10 32
Beta 0.40 (0.02) NS
Gamma 0.40 (0.02) NS
Note: NS: No couples of electrodes were selected since there was no main effect among emotional states (i.e. no feature selection was performed);
**Accuracy with feature selection is significant higher than that without feature selection, p<.01.
doi:10.1371/journal.pone.0095415.t004

1 /TP TN
2

Thus, the discriminability of the emotional states, based upon
respective input features, was tested against chance.

In this study, we also compared classification performance using
features extracted at the single electrode level to that derived from
EEG-based functional connectivity in pairs of electrodes. We
followed two methods of feature extraction: one proposed by Dan
[15], which is carried out using the Fourier transform. In their
study, Fast Fourier Transform (FFT) with a 1 s non-overlapping
window was used to compute the energy of each channel and
frequency band. Then the log energy was calculated for each 1 s
EEG epoch as classification features. Another method was
proposed by Murugappan [17], which is based on wavelet
analysis. The raw EEG signals were decomposed into sub
frequency bands by using Discrete Wavelet Transform (DWT).
“db4” wavelet function was used for deriving a set of conventional
and modified energy based features for classification. However, we
extracted features from 19 electrodes used for EEG-based
functional connectivity estimation. These electrodes are not
exactly the same as those used in previous studies. Therefore,
the classification performance used in our study might not be the
same as that proposed in these two studies.

Results

1. Data Preprocessing: Participants Screening
To veritty if a film clip successfully elicited the targeted
emotional valence states, participants SAM score for each film

PLOS ONE | www.plosone.org

Table 5. Comparison of Classification Accuracy in Different Frequency Bands With and Without Feature Selection Base on
Coherence.
Coherence Without feature selection With Feature selection

Mean (S.D.) Mean (S.D.) P
Theta 0.46 (0.03) 0.55 (0.03)** 7.38x10™%°
Alpha 0.44 (0.03) 0.54 (0.03)** 4.15x10 32
Beta 0.40 (0.02) 0.53 (0.04)** 1.64x107%
Gamma 0.40 (0.04) NS
Note: NS: No couples of electrodes were selected since there was no main effect among emotional states (i.e. no feature selection was performed);
**Accuracy with feature selection is significant higher than that without feature selection, p<<.01.
doi:10.1371/journal.pone.0095415.t005

April 2014 | Volume 9 | Issue 4 | 95415



Table 6. Comparison of Classification Accuracy in Different
Frequency Bands With and Without Feature Selection Base on
Phase Synchronization Index (PSI).

Without feature With Feature

PsI selection selection

Mean (S.D.) Mean (S.D.) p
Theta  0.53 (0.05) 0.69 (0.05)** 2.33x10°%°
Alpha  0.50 (0.05) 0.64 (0.05) ** 9.49%10° %
Beta 0.48 (0.04) 0.65 (0.05)** 1.05x1073
Gamma 0.52 (0.06) 0.70 (0.04) ** 533x10 32

Note: **Accuracy with feature selection is significant higher than that without
feature selection, p<.01.
doi:10.1371/journal.pone.0095415.t006

clip was assessed. We used the following criteria to screen
participants based on the valence scores they reported on the
SAM. A negative emotional state was defined as low in valence
(less than 3), a positive emotional state was defined as high in
valence (more than 7), and a neutral emotional state was defined as
a valence score between 4 and 6. Only data from participants,
whose three targeted emotional states were all successfully elicited
by the film clips, were used for further analysis (29 out of 40
individuals). Using this screening procedure, twenty-nine out of
the forty participants were selected.

Because the number of film clips for each emotional state that
could successfully induce these twenty-nine participants’ targeted
emotional states could vary, i.e., some participants had a positive
emotional state successfully induced by only one film clip, whereas
others had such a state induced by two film clips, our next step was
to select one of the two film clips for each targeted emotional state
based on these 29 participants’ SAM arousal scores. The data for
the positive and negative emotional states with the highest arousal
scores were selected as target emotion data for further analysis,
and the data for neutral emotional states with the lowest arousal
scores were selected. Following this selection procedure, 16
participants had positive emotional states induced by an amusing
film clip, 13 participants had positive states induced by a surprising
film clip, 13 participants had negative emotional states induced by
a fear-related film clip, 16 participants had negative states induced
by a disgust-related film clip, 20 participants had a neutral
emotional state induced by one of the “no emotion” film clips, and
9 participants had a neutral state induced by the other “no
emotion” film clip.

Brain Functional Connectivity in Emotions

2. EEG-Based Functional Connectivity Indices

As Tables 1, 2, and 3 show, the main effect for emotional state
was statistically significant for a number of different electrode
pairs. Post-hoc analyses were performed using Tukey tests to
compare connection patterns under the specific emotional states of
neutral, positive, and negative. Since Tukey tests were used in this
analysis, multiple comparisons correction was not necessary here.

The connections with significant difference tested of three
connectivity indices value are shown in Figures 1, 2, and 3 (the
solid lines connecting electrode sites indicate the index that have
significant higher and dashed lines a lower values for condition
listed on left site). The details are described below.

2.1 Correlation. The correlation analysis of emotional states
1s shown in Table 1. The F-test of these correlations produced
significant results, mainly in the theta and alpha bands. Significant
post-hoc analyses for each frequency band between emotional
states are shown in Figure 1 and described below.

1) Theta band. Compared to neutral emotions, a significantly
lower correlation at the frontal site and higher correlations at
the temporal and occipital sites were found when watching
negative films. No differences between a negative state and a
positive state were found in the theta band. A significantly
lower correlation was found in a positive state than in a
neutral state at the frontal and parietal sites. A positive state
showed higher correlations than a neutral state mainly at the
temporal, parietal and occipital sites.

2) Alpha band. A significantly higher correlation was found in
a neutral state only in the case of F7-P7 activity. A negative
state showed a significantly higher correlation than a positive
state, especially at the parietal and occipital sites. A neutral
state showed a lower correlation than a positive state mainly at
the right temporal site.

3) Beta band. No significant difference in correlation was
observed among emotional states in the beta band.

4) Gamma band. No significant difference in correlation was
observed among emotional states in the gamma band.

2.2 Coherence. The coherence analysis of emotional states is
shown in Table 2. The F-test of these correlations produced
significant results, mainly in the theta, alpha and beta bands.
Significant post-hoc analyses for each frequency band between
emotional states are shown in Figure 2 and described below.

1) Theta band. Compared to a neutral state, there was
significantly higher coherence at the frontal and right parietal
sites when watching a negative film. Compared to a positive
state, significantly higher coherence was found during a
negative state only for FP2-C4 electrodes. A positive state

Table 7. Comparison of Classification Accuracy by Using All Frequency Bands Base on Correlation, Coherence and Phase
Synchronization Index (PSI) With and Without Feature Selection.

Without feature selection

With feature selection

Mean (S.D.) Mean (S.D.) P
Correlation 0.43(0.04) 0.61 (0.03)** 222x107%
Coherence 0.44 (0.03) 0.62 (0.04) ** 3.32x10° %
PSI 0.52 (0.06) 0.82 (0.06) ** 9.48x10 38

doi:10.1371/journal.pone.0095415.t007
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Note: **Accuracy with feature selection is significant higher than that without feature selection, p<<.01.
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Table 8. Comparison of Classification Accuracy by Using Single Frequency Band Against Using Total Frequency Bands Base on
Correlation, Coherence and Phase Synchronization Index with Feature Selection.

Total -Theta Total -Alpha Total - Beta Total - Gamma

daf t P daf t p df t P df t p
Correlation 49 1037* 484x107"7 49 14.65* 2.76x107%° - -
Coherence 49 11.77% 241x10°%° 49 14.05* 226x10°% 49 16.19%* 280x10°%® -
PSI 49 17.11% 1.18x10™% 49 24.08** 234x10°% 49 21.27%* 1.19x10732 49 18.78%* 2.20x10732

2)

4)

2.

showed significantly higher coherence than a neutral state,
mainly at the frontal and temporal sites.

Alpha band. A negative state showed significantly higher
coherence than a neutral state in the case of 'P2-F3 and T8-
O2 activity. Compared to when watching a positive film,
significantly higher coherence was observed mainly at the
temporal and occipital sites when watching a negative film.
Compared to a positive state, a neutral state showed
significantly higher coherence in the case of Cz-T8 activity
and significantly lower coherence in the case of T7-Ol
activity.

Beta band. A negative state showed significantly higher
coherence than a neutral state, mainly at the temporal site. A
negative state showed significantly higher coherence than a
positive state only in the case of T7-P8 activity. A neutral state
showed significantly lower coherence than a positive state in
the case of F7-P7 activity.

Gamma band. No significant differences were observed
among emotional states in the gamma bands.

3 Phase synchronization index. The statistical analysis of

the phase synchronization index for emotional states is shown in
Table 3. The F-test of these correlations produced significant
results at each frequency band. Significant post-hoc analyses for
each frequency band between emotional states are shown in
Figure 3 and described below.

1)

Theta band. A negative state was associated with more
synchronization than a neutral state, mainly at the frontal site.
A positive state was associated with more synchronization
than a negative state in the case of F4-T8 and T8-P7 activity,

Note: **Accuracy by using total frequency band is significant higher than that using single frequency band, p<.01.
doi:10.1371/journal.pone.0095415.t008

which are associated with temporal sites. A neutral state was
associated with more synchronization at the temporal and
parietal sites, compared to a positive state.

2) Alpha band. A negative state was associated with more

synchronization than a neutral state in the case of C3-P3
activity and less synchronization in the case of P8-O1 activity.
Compared to both a negative and a neutral state, a positive
state showed more synchronization, mainly at the frontal site.

3) Beta band. A necutral state was associated with more

synchronization than a negative state, mainly at the frontal
site. A negative state was associated with more synchroniza-
tion at frontal and temporal sites and less synchronization at
the temporal site. A neutral state showed higher synchroni-
zation than a positive state in the case of F3-Fz activity.

Gamma band. Compared to a neutral state, a negative state
showed more synchronization in the case of Fp1-P4 and 18-
Pz activity and less synchronization in the case of F8-P7 and
C3-C4 activity. A positive state showed more synchronization
than a negative state at the frontal and parietal sites. A neutral
state showed less synchronization than a positive state only in
the case of FP2-T7 activity.

3. Pattern Classification Analysis Based on EEG
Connectivity

Classification performance was estimated by calculating accu-

racy, which is defined as the correspondence between the
classification result and the input (i.e., when the predicted emotion
state matches the actual emotion state). Paired #-test was used to
assess the significance of the accuracies.

PLOS ONE | www.plosone.org

Table 9. Comparison of Classification Accuracy by Different Connectivity Index.

ANOVA Tukey HSD test

Connectivity index Mean (S.D.) F Correlation Coherence PSI

Correlation 0.61 (0.03)

Coherence 0.62 (0.04) 12492.56** > Correlation**

(p=0.03)

PSI 0.82 (0.06) > Correlation**
(p=1.52x10"")
> Coherence**
(p=3.22x107"")

df =2/49.

Note: *p<<.05. **p<<.01.

doi:10.1371/journal.pone.0095415.t009
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Table 10. Classification Accuracy when Feature Selection Process was Only Applied to The Training Data.

Without feature selection

With feature selection

Mean (S.D.) Mean (S.D.) P
Correlation 0.42 (0.05) 0.54 (0.03)** 1.04x107"°
Coherence 0.40 (0.03) 0.61 (0.05)** 1.44x103
PSI 0.44 (0.04) 0.68 (0.04)** 1.86x10~%°

doi:10.1371/journal.pone.0095415.t010

Tables 4, 5, 6 show the mean classification accuracy across 50
trials, based on different connectivity indices with and without
feature selection. Classification accuracy based on correlation is
shown in Table 4. The results indicate that this classification
accuracy was significantly improved with feature selection (in the
theta ((49) = 14.64, p<<.01) and alpha ((49)=17.61, p<<.01) bands)
and was significantly better than chance in the theta and alpha
bands. Classification accuracy based on coherence is shown in
Table 5. With feature selection, classification accuracy was
significantly improved (in the theta (£49)=16.01, p<<.01), alpha
(¢(49)=18.02, p<<.01), and beta ((49)=26.52, p<<.01) bands) and
was significantly better than chance in the theta, alpha and beta
bands. Classification accuracy based on the phase synchronization
index is shown in Table 6. This classification accuracy was
significantly improved with feature selection (in theta
((49)=16.67, p<.01), alpha (1(49)=13.90, p<.01), beta
((49)=17.64, p<.0l, and gamma ((49)=18.92, p<<.01) bands)
and was significantly better than chance at all frequency bands.
We used the connectivity indices for all frequency bands as
features; the results are shown in Table 7. Classification accuracy
was significantly improved with feature selection (for correlation
(449)=27.36, p<<.01), coherence ({49)=27.09, p<<.0l), and the
phase synchronization index ({(49) = 28.45, p<<.01)). Furthermore,
classification performance based on all frequency bands was
significantly better than classification performance based on any
single frequency band (Table 8). Bonferron: correction was used for
this multiple comparison. (Statistically significant p-value after the
Bonferroni correction for correlation comparison: 0.025; for coherence
comparison: 0.016; for PSI comparison: 0.0125).

To determine which index for emotion classification was best,
we compared classification performance using the connectivity
indices for all frequency bands, with feature selection; the result is
shown in Table 9. Classification accuracies were analyzed using
repeated-measures ANOVAs; if these analyses were significant,
post-hoc Tukey tests were performed. The mean accuracy was
0.61 for correlation, 0.62 for coherence and 0.82 for the
synchronization index, separately. The results of repeated-
measures ANOVAs showed that significant main effects were
present. Post-hoc Tukey tests indicated that the prediction
accuracy of the phase synchronization index was significantly

Table 11. Classification Accuracy by Features Extracted from
Signal Electrode.

Feature extraction method Mean(S.D.)
Features base on power (Dan et al., 2011) 0.53 (0.04)
Features base on wavelet analysis (Murugappan et al., 2010) 0.48 (0.06)
doi:10.1371/journal.pone.0095415.t011
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Note: **Accuracy with feature selection is significant higher than that without feature selection, p<.01.

higher than that of the correlation and coherence analyses

(F(2,49) = 12492.56, p<.01).

Discussion

The goal of this study was to demonstrate EEG-based functional
connectivity among different emotional states, which was inves-
tigated by estimating the dynamic coupling between EEG
channels associated with emotion. This study is the first to
mnvestigate brain functional connectivity among emotional states
using three different indices. The main prediction, i.e., that
different patterns of functional connectivity would be associated
with different emotional states, was supported by our results.
Furthermore, differences in functional connectivity can be
considered a feature, and this feature can be used to predict
emotional states.

One might argue that the EEG pattern was elicited by the
specific features of film clips (i.e. image, sound...), not emotion per
se. However, we think this is unlikely for two reasons. First, in our
study, we found that even the same movie clip might induce
different emotions for different individuals, which led to the
emotional valence did not match the targeted emotion for some
individuals (15% in positive emotion, 9% in neutral emotion and
29% in negative emotion). To overcome this problem, in our
study, the experimental affect was assessed using the self-
assessment manikin (SAM). Only data from participants whose
two targeted emotional states were all successfully elicited by the
film clips were used for further analysis.

Second, two different films for each emotion were used which
are positive (one amusing & one surprising film clip), neutral (two
“neutral” film clips), and negative (one fear & one disgust film clip)
emotions. Two sets of clips (two clips for each target emotion) were
usually used in emotional research which allowed us to test
whether EEG reactions were specific to the emotion domain
represented by the film clips or to specific aspect of the film clips. If
similar EEG patterns were observed in two different film clips for
single target emotion, we can conclude that the EEG pattern
difference was due to emotion but not some basic aspect of the film
clips.

Table 12. Comparison of Classification Accuracy by Using All
Frequency Bands Base on Correlation, Coherence and Phase
Synchronization Index (PSI) between male and female.

Correlation Coherence PSI
Male 0.61(0.05) 0.65(0.05) 0.75(0.04)
Female 0.57(0.08) 0.64(0.06) 0.79(0.06)*

Note: *Accuracy in female is significant higher than that in male, p<.05.
doi:10.1371/journal.pone.0095415.t012
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1. EEG-Based Functional Connectivity among Scalp

Regions

As observed in Tables 1 to 3 and Figures 1 to 3, different EEG-
based functional connectivity patterns were observed among
different emotional states. Shin and Park (2011) proposed that
correlation coefficients between the channels in temporal and
occipital scalp regions would increase with negative emotion [25].
Similar results were found in this study; for the theta and alpha
bands, a negative emotional state was associated with higher
correlations in the occipital site than were neutral and positive
emotional states. The current results also showed that a positive
emotional state was associated with higher correlations in the
temporal site, especially in the right hemisphere, than was a
neutral state.

Some studies have reported that coherence was greater during
negative emotion than during positive emotion [27]. Similar
observations have been reported for prefrontal-temporal EEG
coherence while participants were watching stressful versus
enjoyable film sequences [43]. In line with these findings, our
results showed that coherence was greater during negative
emotion than during positive emotion in the theta, alpha and
beta bands. Most of these coherence differences were located in
the right parietal and occipital sites.

Aftanas et al. used Kolmogorov entropy as a measure and found
that positive emotion was associated with a smaller degree of
entropy, which indicated more synchronization, especially in
frontal sites [44]. Our results similarly indicated that positive
emotion was more synchronized than negative emotion at each
frequency band. However, in Costa et al.’s (2006) study, the
researchers proposed that sadness was more synchronized than
happiness at each frequency band. This inconsistency might occur
because the emotional stimuli used in the current study were
different from those in Costa et al.’s (2006) study. Specifically, we
used fear and disgust films as stimuli for negative emotion, which is
different from Costa et al.’s study. Kreibig has indicated that
sadness and fear might be expected to differ physiologically [40];
hence, different emotions might cause divergent brain synchroni-
zation even when both are considered to be negative emotions.

Taken as a whole, the results of the present study agreed with
the findings in previous studies that have highlighted the role of
integration of brain information in emotional processing. Corre-
lation and coherence analyses showed similar patterns, in that
negative emotional states had higher correlation (or coherence)
than positive emotional states, especially at the occipital and
temporal sites. This is not surprising, considering that Guevara
and Corsi-Cabrera’s (1996) research reveals that correlation and
coherence show high degrees of statistical equivalence in EEG
analysis [20]. However, the phase synchronization index during
negative states was smaller than it was during positive states at the
frontal site. These divergent findings might be due to differences in
the essence of each of these three connectivity indices: they are
sensitive to different characteristics of the EEG signal (ie.,
amplitude, phase and polarity).

2. Pattern Classification Analysis Based on EEG
Connectivity

Tables 1 to 3 demonstrate that EEG-based functional connec-
tivity indices show different patterns among emotions. To address
whether a pattern can be used as a feature to predict emotional
states, QDA classification was used in this research. The results
showed that emotional states could be accurately predicted.
Classification accuracy was significantly better than chance when
using feature selection, which indicates that emotional states might

PLOS ONE | www.plosone.org

1

Brain Functional Connectivity in Emotions

be characterized by unique patterns of EEG-based functional
connectivity indices.

Some studies have proposed that appropriate feature selection is
essential for achieving good performance. By reducing the number
of feature vectors, a more compact and more easily interpretable
set of data is provided to the system, the performance of the
learning algorithm is improved and the speed of the system
increases [45,46]. Tables 4 to 6 show that classification without
feature selection resulted in worse performance than classification
with feature selection, indicating that feature selection is relevant
for emotion recognition. In this study, we performed the feature
selection approach using all data (including training and testing
data). However, this might introduce a bias in the final accuracy
estimation. In order to preclude the possible bias, we re-analyzed
the data with the procedure that the feature selection process was
only applied to the training data and not to the testing data for
each fold of the cross validation. The results are shown in Table 10.
These results are similar to the results reported in this paper, i.e.,
the classification accuracy was significantly improved with feature
selection. Hence we believe that the improvement in classification
performance was due to feature selection.

The results of this study demonstrate that connectivity indices at
each frequency band can seemingly be used to distinguish different
emotional states. Although changes in alpha band activity between
different emotions have been well documented [47], it has been
proposed that activity in the theta [14,48-53], beta [14,54] and
gamma [55-58] bands could also be associated with emotional
states. Our data show that EEG-based functional connectivity at
each frequency band reveals specific patterns for different
emotional states (Tables 4 to 6). Thus the connection between
emotions and EEG patterns does not occur in only one particular
band, but it is evident in all frequency bands. Several studies have
tried to use features extracted from all frequency bands to predict
human emotional states [16-18], but these studies did not
compare classification performance when only features within a
single, specific frequency band were used. Tables 7 and 8
demonstrate that if we consider features from all frequency bands,
better classification performance is achieved than when only one
frequency band is considered. Dan and colleague (2011) proposed
that classification performance using all frequency bands was
better than that based on individual frequency bands under the
same condition [15], and similar results were found in our study.
This finding points to the important conclusion that all frequency
bands need to be considered in emotion research, rather than
restrict an analysis to one particular frequency band.

Table 9 shows that classification based on the phase synchro-
nization index was significantly more accurate than classification
based on correlation and coherence. Many studies have attempted
to directly study brain interaction by measuring coherence.
However, some researchers have asserted that coherence is only
suitable for stationary signals because it 1s a measure of the linear
co-variance between two spectra in the frequency domain
[29,59,60]. Classical methods of spectral estimation were based
on the Fourier transform. To estimate coherence, data were
subdivided into several segments and were then transferred to the
frequency domain. This method requires that each segment have
the same spectral properties because the assumption of stationary
is not easy to attain in EEG research. Another point, made by
Guevara and Corsi-Cabrera (1996), is that changes in both the
amplitude and the phase lead to changes in coherence; the relative
importance of amplitude and phase change in the coherence value
1s thus not clear. Similarly, correlation is sensitive to both phase
and polarity [20]; hence, the same controversy has existed in
correlation estimation. In contrast, the phase synchronization
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index is influenced only by the change of phase and therefore
reveals clearer information about brain interaction; thus, classifi-
cation performance is better when the phase synchronization
index is used.

3. Classification Performance Based on Connectivity

versus Single-Electrode-Level Measurement

In our study, features from these 19 electrodes were extracted
via two methods. The classification accuracy by features extracted
base on EEG power was 0.53(0.04) and by features extracted base
on wavelet analysis was 0.48(0.06). The results, shown in Table 11,
indicate that classification performance was better when using
features extracted from EEG-based functional connectivity in pairs
of electrodes with feature selection, compared to using single
electrodes; thus, EEG-based functional connectivity seems to
provide an interesting and useful tool for studying and under-
standing the mechanisms underlying emotional processing.

4. The Gender Difference in Classification Performance

Some research had suggested that the sex differences in
reactivity patterns to emotional stimuli in psychophysiological
measures [61,62]. In our study, although the function connectivity
patterns might be different, EEG-based functional connectivity
reveals similar effect on classification for different emotional states
in either male or female groups. Table 12 shows that classification
performance based on correlation and coherence are similar
between male and female groups. However, better classification
performance was observed in female than male group base on
phase synchronization index (£49)=4.90, p<<.01 ). Some studies
demonstrated that women tend to show hypersensitivity to
emotional stimuli [62]. Furthermore, according to Table 9, phase
synchronization index seems to be more sensitive to emotions.
These might be the reason why better classification performance
in female group base on phase synchronization index. Whether the
functional connectivity shows different pattern between male and
female groups and the underlying mechanism might be an
interesting topic in the future.

5. Recommendations for Further Research
This study provided evidences which imply that brain activity is
associated with emotional states by estimating three functional

References

1. James W (1884.) What is an emotion? Mind 9: 188-205.

2. Lacey JI, Bateman DE, Vanlehn R (1953) Autonomic response specificity; an
experimental study. Psychosom Med 15: 8-21.

3. Levenson RW, Heider K, Ekman P, Friesen WV (1992) Emotion and
Autonomic Nervous-System Activity in the Minangkabau of West Sumatra.
J Pers Soc Psychol 62: 972-988.

4. Christie IC, Friedman BH (2004) Autonomic specificity of discrete emotion and
dimensions of affective space: a multivariate approach. Int J Psychophysiol 51:
143-153.

. Ekman P, Levenson RW, Friesen WV (1983) Autonomic nervous system activity
distinguishes among emotions. Science 221: 1208-1210.

6. Lee YY, Hsieh S, Weng CY, Sun CR, Liang KC. (2012) Patterns of autonomic
activity differentiate emotions induced by film clips. Chin Journal Psychol 54:
527-60.

7. Stemmler G, Heldmann M, Pauls CA, Scherer T (2001) Constraints for emotion
specificity in fear and anger: the context counts. Psychophysiology 38: 275-291.

8. Buck R (1999) The biological affects: A typology. Psychological Review 106:
301-336.

9. Izard CE (2007) Basic Emotions, Natural Kinds, Emotion Schemas, and a New

Paradigm. Perspect Psychol Sci 2: 260-280.

. Panksepp J (2007) Neurologizing the Psychology of Affects How Appraisal-Based
Constructivism and Basic Emotion Theory Can Coexist. Perspect Psychol Sci 2:
281-296.

11. Mauss IB, Robinson MD (2009) Measures of emotion: A review. Cogn Emot 23:

209-237.

&

PLOS ONE | www.plosone.org

12

Brain Functional Connectivity in Emotions

connectivity indices. Nonetheless, the present work presented a
number of limits and more studies will be needed. First, this study
use film clips for emotion induction, however, some experimental
manipulations utilized picture viewing [63], facial expression [5],
music [14] for emotion induction. Some studies indicated that
different kinds of stimuli led to different brain activity [64]. Further
studies of EEG-based functional connectivity for different kinds of
stimuli would be necessary to build a better understanding of
relationship between brain activity and emotion. Second, although
correlation, coherence and synchronization index had been used
in emotional research, other multivariate methods such as Partial
Directed Coherence (PDC) and Directed Transfer Function (DTF)
[65] were commonly used to estimate the brain functional
connectivity. In the future, further studies of whether such
methods can be used as indices for emotion recognization will

be needed.

Conclusion

In summary, our data demonstrate that EEG-based functional
connectivity reveals different patterns for different emotional
states, in either single or combined frequency bands. This finding
provides evidence that emotional states are characterized by their
own individual patterns of central nervous system response.
Considering both the complex procedure involved in processing
emotion and that emotion involves several neural systems at
different brain sites, we can conclude that research using EEG-
based functional connectivity among brain sites might be a fruitful
direction for future research on emotions.

Acknowledgments

We thank Ying Yi Chen and Siang Jyun Lin for their assistance in the
process of manuscript preparation, and also thank American Journal
Experts (www.journalexperts.com) for English proofreading.

Author Contributions

Conceived and designed the experiments: SH. Performed the experiments:
YYL. Analyzed the data: SH YYL. Contributed reagents/materials/
analysis tools: YYL SH. Wrote the paper: YYL SH. Project’s PI: SH.

. Ekman P, Davidson R]J (1993) Voluntary Smiling Changes Regional Brain

Activity. Psychol Sci 4: 342-345.

“oan JA, Allen JJ, Harmon-Jones E (2001) Voluntary facial expression and
hemispheric asymmetry over the frontal cortex. Psychophysiology 38: 912-925.
. Sammler D, Grigutsch M, Fritz T, Koelsch S (2007) Music and emotion:

Electrophysiological correlates of the processing of pleasant and unpleasant
music. Psychophysiology 44: 293-304.

5. Dan N, Xiao-Wei W, Li-Chen S, Bao-Liang L. EEG-based emotion recognition
during watching movies; 2011 April 27 2011-May 1 2011. 667-670.

. Lin YP, Wang CH, Jung TP, Wu TL, Jeng SK, et al. (2010) EEG-Based
Emotion Recognition in Music Listening. Ieece T Bio Med Eng 57: 1798-1806.

. Murugappan M, Nagarajan R, Yaacob S (2010) Classification of human
emotion from EEG using discrete wavelet transform. J Biomed Sci Eng 3: 390
396.

. Murugappan M, Nagarajan R, Yaacob S (2011) Combining Spatial Filtering
and Wavelet Transform for Classifying Human Emotions Using EEG Signals. J
Med. Bio.Eng. 31: 45-51.

. Brazier MA, Casby JU (1952) Cross-correlation and autocorrelation studies of
electroencephalographic potentials. Electroen clin neuro, 4: 201-211.

. Guevara MA, Corsi-Cabrera M (1996) EEG coherence or EEG correlation?
Int J Psychophysiol 23: 145-153.

. Cantero JL, Atienza M, Salas RM, Gomez CM. (1999) Alpha EEG coherence in
different brain states: an electrophysiological index of the arousal level in human
subjects. Neurosci lett 271: 167-70.

. Adler G, Brassen S, Jajcevic A (2003) EEG coherence in Alzheimer’s dementia.
J Neural Transm 110: 1051-1058.

April 2014 | Volume 9 | Issue 4 | 95415



23.

26.

27.

28.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42,

43.

44.

Deeny SP, Hillman CH, Janelle CM, Hatfield BD (2003) Cortico-cortical
communication and superior performance in skilled marksmen: An EEG
coherence analysis. ] Sport Exercise Psy 25: 188-204.

Franaszczuk PJ, Bergey GK (1999) An autoregressive method for the
measurement of synchronization of interictal and ictal EEG signals. Biol
Cybern 81: 3-9.

Shin J-H, Park D-H. (2011) Analysis for Characteristics of Electroencephalo-
gram (EEG) and Influence of Environmental Factors According to Emotional
Changes. In Lee G, Howard D, Sl@zak D, editors. Convergence and Hybrid
Information Technology. Springer Berlin Heidelberg, 488-500.

Hinrichs H, Machleidt W (1992) Basic emotions reflected in EEG-coherences.
Int J Psychophysiol 13: 225-232.

Miskovic V, Schmidt LA (2010) Cross-regional cortical synchronization during
affective image viewing. Brain Res 1362: 102-111.

Costa T, Rognoni E, Galati D (2006) EEG phase synchronization during
emotional response to positive and negative film stimuli. Neurosci Lett 406: 159—

164.

. Lachaux JP, Rodriguez E, Martinerie J, Varela FJ (1999) Measuring phase

synchrony in brain signals. Hum Brain Mapp 8: 194-208.

. Berkman E, Wong DK, Guimaraes MP, Uy ET, Gross JJ, et al. (2004) Brain

wave recognition of emotions in EEG. Psychophysiology 41: S71-S71.

. Chanel G, Kronegg J, Grandjean D, Pun T (2006) Emotion assessment: Arousal

evaluation using EEG’s and peripheral physiological signals. Multimedia
Content Representation, Classification and Security 4105: 530-537.

Hagiwara KlaM (2003) A Feeling Estimation System Using a Simple
Electroencephalograph. IEEE International Conference on Systems, Man and
Cybernetics. 4204-4209.

Davidson RJ (1993) Cerebral Asymmetry and Emotion - Conceptual and
Methodological Conundrums. Cognition Emotion 7: 115-138.

Jones NA, Fox NA (1992) Electroencephalogram asymmetry during emotionally
evocative films and its relation to positive and negative affectivity. Brain Cogn
20: 280-299.

Schmidt LA, Trainor IJ (2001) Frontal brain electrical activity (EEG)
distinguishes valence and intensity of musical emotions. Cognition Emotion
15: 487-500.

Tomarken AJ, Davidson RJ, Henriques JB (1990) Resting frontal brain
asymmetry predicts affective responses to films. J Pers Soc Psychol 59: 791-801.
Liang YC, Hsieh S, Weng CY, & Sun CR (2013) Taiwan corpora of Chinese
emotions and relevant psychophysiological data—Standard Chinese emotional
film clips database and subjective evaluation normative data. Chin Journal
Psychol 55: 597-617.

Hess U, Kappas A, McHugo GJ, Lanzetta JT, Kleck RE (1992) The facilitative
effect of facial expression on the self-generation of emotion. Int J Psychophysiol
12: 251-265.

Delorme A, Makeig S (2004) EEGLAB: an open source toolbox for analysis of
single-trial EEG dynamics including independent component analysis. ] Neurosci
Methods 134: 9-21.

Kreibig SD, Wilhelm FH, Roth WT, Gross JJ (2007) Cardiovascular,
electrodermal, and respiratory response patterns to fear- and sadness-inducing
films. Psychophysiology 44: 787-806.

Yan R (2006) MATLAB Arsenal: A Matlab package for classification algorithms.
Carnegie Mellon University, School of Computer Science.

Brodersen KH, Soon Ong C, Stephan KE, Buhmann JM (2010) The balanced
accuracy and its posterior distribution. 20™ International Conference on Pattern
Recognition, Istanbul.

Schellberg D, Besthorn C, Klos T, Gasser T (1990) Eeg Power and Coherence
While Male-Adults Watch Emotional Video Films. Int J Psychophysiol 9: 279
291.

Aftanas LI, Lotova NV, Koshkarov VI, Pokrovskaja VL, Popov SA, et al. (1997)
Non-linear analysis of emotion EEG: calculation of Kolmogorov entropy and
the principal Lyapunov exponent. Neurosci Lett 226: 13-16.

PLOS ONE | www.plosone.org

13

46.

47.

48.

49.

50.

51.

52.

Brain Functional Connectivity in Emotions

. Langley P, Sage S (1994) Induction of selective bayesian classifiers. In Tenth

Conf Uncertainty in Artificial Intelligence. Seattle. W.A.: 399-406.

Vogt T, Andre E (2005) Comparing Feature Sets for Acted and Spontaneous
Speech in View of Automatic Emotion Recognition. Multimedia and Expo,
2005. ICME 2005. IEEE International Conference on, 474—477.

Davidson RJ, Ekman P, Saron CD, Senulis JA, Friesen WV (1990) Approach-
withdrawal and cerebral asymmetry: emotional expression and brain physiology.
1. J Pers Soc Psychol 58: 330-341.

Aftanas LI, Golocheikine SA (2001) Human anterior and frontal midline theta
and lower alpha reflect emotionally positive state and internalized attention:
high-resolution EEG investigation of meditation. Neurosci Lett 310: 57-60.
Aftanas LI, Varlamov AA, Pavlov SV, Makhnev VP, Reva NV (2002) Time-
dependent cortical asymmetries induced by emotional arousal: EEG analysis of
event-related synchronization and desynchronization in individually defined
frequency bands. Int J Psychophysiol 44: 67-82.

Davidson R]J, Pizzagalli D, Nitschke JB, Putham K (2002) Depression:
perspectives from affective neuroscience. Annu Rev Psychol 53: 545-574.
Kubota Y, Sato W, Toichi M, Murai T, Okada T, et al. (2001) Frontal midline
theta rhythm is correlated with cardiac autonomic activities during the
performance of an attention demanding meditation procedure. Cognitive Brain
Res 11: 281-287.

Pizzagalli DA, Oakes TR, Davidson R]J (2003) Coupling of theta activity and
glucose metabolism in the human rostral anterior cingulate cortex: an EEG/
PET study of normal and depressed subjects. Psychophysiology 40: 939-949.
Suetsugi M, Mizuki Y, Ushijima I, Kobayashi T, Tsuchiya K, et al. (2000)
Appearance of frontal midline theta activity in patients with generalized anxiety
disorder. Neuropsychobiology 41: 108-112.

. Ray WJ, Cole HW (1985) EEG alpha activity reflects attentional demands, and

beta activity reflects emotional and cognitive processes. Science 228: 750-752.

. Li M, Lu BL (2009) Emotion classification based on gamma-band EEG. Conf

Proc IEEE Eng Med Biol Soc 2009: 1323-1326.

. Luo Q, Holroyd T, Jones M, Hendler T, Blair J (2007) Neural dynamics for

facial threat processing as revealed by gamma band synchronization using
MEG. Neuroimage 34: 839-847.

. Muller MM, Keil A, Gruber T, Elbert T (1999) Processing of affective pictures

modulates right-hemispheric gamma band EEG activity. Clin Neurophysiol 110:
1913-1920.

. Oya H, Kawasaki H, Howard MA, 3rd, Adolphs R (2002) Electrophysiological

responses in the human amygdala discriminate emotion categories of complex
visual stimuli. J Neurosci 22: 9502-9512.

. Jenkins GM, Watts DG (1968) Spectral analysis and its applications. Holden-

Day: San Francisco.
Schack B, Krause W (1995) Dynamic power and coherence analysis of ultra
short-term cognitive processes—a methodical study. Brain Topogr 8: 127-136.

. Lang PJ, Bradley M, Fitzsimmons J, Cuthbert B, Scott J, Moulder B, Nangia V

(1998) Emotional arousal and activation of the visual cortex: An fMRI analysis.

Psychophysiology 35: 199-210.

52. Nater UM, Abbruzzese E, Krebs M, Ehlert U (2006) Sex differences in

emotional and psychophysiological responses to musical stimuli.
Int J Psychophysiol 62: 300-308.

53. Bernat E, Patrick CJ, Benning SD, Tellegen A (2006) Effects of picture content

and intensity on affective physiological response. Psychophysiology 43: 93-103.

. Harmon-Jones E, Sigelman J (2001) State anger and prefrontal brain activity:

evidence that insult-related relative left-prefrontal activation is associated with
experienced anger and aggression. J Pers Soc Psychol 80: 797-803.

. Astolfi L, Cincotti F, Mattia D, Marciani MG, Baccala LA, et al. (2007)

Comparison of different cortical connectivity estimators for high-resolution EEG
recordings. Hum Brain Mapp 28: 143-157.

April 2014 | Volume 9 | Issue 4 | 95415



