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Abstract: This study addresses the problem of classifying
emotional words based on recorded electroencephalogram
( EEG) EEG classification
technique. Emotional two-character Chinese words are used as
experimental materials. Positive words versus neutral words
and negative words versus neutral words are classified,
respectively, using the induced EEG signals. The method of
temporally regularized common spatial patterns ( TRCSP) is
chosen to extract features from the EEG trials, and then
single-trial EEG achieved by
discriminant analysis. Classification accuracies are between
55% and 65% . The statistical significance of the classification
accuracies is confirmed by permutation tests, which shows the
successful identification of emotional words and neutral ones,
and also the ability to identify emotional words. In addition,
10 out of 15 subjects obtain significant classification accuracy
for negative words versus neutral words while only 4 are
significant for positive words versus neutral words, which
demonstrate that negative emotions are more easily identified.
Key words: emotion recognition; temporal regularization;
common spatial patterns( CSP); two-character Chinese words;
permutation test
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signals by the single-trial

classification is linear

A s a form of the objective world of human reflection,
emotion is an important part of human psychology.
We are, in fact, unconsciously observing and judging
other people’s emotions every moment, and making cor-
responding responses to them, while others are doing ex-
actly the same. Thus, it can be said that emotion recogni-
tion is a basic ability in one’s social life and plays an im-
portant role in identifying others’ emotions, understand-
ing their psychology, and then predicting their behavior,
which are a great advantage in handling relationships with
others better. Since Bruce and Young’s research back in
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the 1980°s, emotion recognition has become one of the
focus issues in the field of cognitive science research.
Emotion recognition studies first began with recognition
based on non-physiological signals, such as facial expres-
sion", voice tone, and sometimes eye movements'” . In
general, people in some emotional states produce certain
facial muscle movements and expressive patterns. These
corresponding relations are used to identify different emo-
tions. The features used in the above methods for emo-
tional classification are usually based on the behavioral
data observed. However, behavioral data has the disad-
vantage of being unreliable and can even be disguised.
Moreover, for disabled persons who have a special dis-
ease, the methods may be applied with difficulty.
Physiological signals, from the autonomic nervous sys-
tem and central nervous system, are more direct avenues
of emotion expression. Particularly, the signal from the
central nervous system comes directly from the human
brain. It is hard to fake. Compared with other physiologi-
cal signals, it is more stable and is receiving increasing
interest from researchers. Because of the high temporal
which
can record the dynamic process of emotions, emotion rec-
ognition based on EEG signals is currently being carried
1. used the gamma band ( roughly 30-100
Hz) filtered from the recorded EEG signal to classify sad-
ness and happiness. Classification accuracies around 93 %
are achieved on 10 subjects. Lee et al. " built an effec-

resolution of the electroencephalogram ( EEG),

out. Li et a

tive emotion recognition system to classify the proposed
3D fuzzy visual and EEG features using an adaptive neu-
ro-fuzzy inference classifier.

As a main way to express oneself in daily life, lan-
guage is closely related to human emotion. Compared
with the EEG-based emotion recognition with the stimuli
of emotional pictures, videos'*', and even music'”', lan-
guage is barely used as an emotional stimulus because of
the far lower emotional arousal. Furthermore, the com-
monly used feature for the problem of emotional word
recognition is event-related potential ( ERP), i.e., the
average across several EEG trials'. In this study, we
consider the challenging problem of classifying emotional
words based on a single-trial EEG signal.

We address the emotional word classification using the
algorithm developed by the brain-computer interface
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(BCI) community, which depends heavily on the accu-
rate recognition of the EEG corresponding to different
mental processes. In the BCI community, the technique
of common spatial patterns ( CSP)'"is one of the most
popular classification methods that learn spatial filters by
maximizing the discriminability of two classes. Mathe-
matically, CSP is formulated as the simultaneous diago-
nalization of two covariance matrices. Its efficiency has
been demonstrated in EEG-based motor imagery recogni-
tion™, abnormal components extraction in EEG, locali-
zation of sources, and so on. CSP, however, has an in-
herent drawback for the estimation of covariance matrices
using the conventional strategy. Specifically, CSP does
not take the temporal structure information of EEG time
courses into account in the estimation of covariance matri-
ces.

Accordingly, we proposed temporally regularized CSP
(TRCSP) to integrate temporal information in the covari-
ance matrices'”’. TRCSP has demonstrated potential for
single-trial EEG classification.

In this study, we use TRCSP to classify different emo-
tions induced by Chinese words. After describing the
TRCSP algorithm, the details of our two-character Chi-
nese words experiment are reported. Then, the process of
data analysis is described, followed by the experimental
results and discussion.

1 TRCSP Method

The aim of CSP is to learn the optimal spatial filters
that maximize the variance of one class while minimizing
the variance of the other class. Mathematically, the CSP
function is given by

J(w) =5 = (D)
w

where X, is the data matrix for class i; C, is the spatial co-
variance matrix of the EEG signals from class i; e is the
spatial filter. The spatial filter is solved by the general-
ized eigenvalue equation,

Cw=1C,w (2)

CSP is usually regularized so as to accommodate prior
information. The regularized objective function becomes

T
wCw

Hw) = wTC2w + aP(w)

(3)
where P(w) is a penalty function measuring how much
the spatial filter satisfies the given prior information, and
« is a user-defined positive constant. Specifically, the
TRCSP adds the temporal structure information of the
EEG signals into the classical CSP. TRCSP has been suc-
cessfully used in the data sets from BCI competitions.
The temporal structure of EEG trials is captured using
the technique of locally linear embedding (LLE)""”. We
utilize LLE to consider the temporally local relationship

of EEG samples within the time course of EEG epochs.
The relationship is expressed in terms of a locally linear
representation. Mathematically, LLE models each sample
as a linear combination of its k nearest neighbors, and
tries to preserve this locally linear relationship in a trans-
ferred low-dimensional space. Different from convention-
al LLE, in which the k nearest neighbors are identified
with respect to the Euclidean distance, we choose the k
nearest neighbor EEG samples in terms of time points
since we are interested in the temporal structure informa-
tion of the EEG time course. LLE seeks a low-dimen-
sional filtered space that preserves the temporal structure
information of EEG trials as faithfully as possible. The
cost function is thus written as

D(w) =o' XLX '© (4)

where the Laplacian matrix L reflects the temporal struc-
ture information.

The quantity @ (w) is incorporated into the objective
function of the classical CSP in order to penalize filters
such that the temporal structure information is preserved.
Formally, the objective function of TRCSP is given by

o' Cw ®0'Cw
@' Co+a(0 XLX'®) @' (C, + aXLX ) o
(5)
Maximizing J ( w) will lead to the minimization of
®d(w), thus modifying spatial filters so as to satisfy the

prior information. The corresponding eigenvalue equation
of Eq. (5) boils down to

Cw=AC,+aXLX") w (6)

J(w) =

Consequently, the filters w maximizing J(w) are the
leading eigenvectors corresponding to the largest eigenval-
ues. Conversely, we need to accordingly maximize the
dual objective function,

®'Cw ®'Cw
0 Cwta0XLX'®w) ' (C, +aXLX ) w
(7)
Eventually, the spatial filters used are the leading eig-

envectors corresponding to the eigenvalue problems of
Eqgs. (5) and (7).

J(w) =

2 Experiment
2.1 Subjects

EEG signals were recorded from 16 healthy paid volun-
teers (8 males, aged between 19 and 25 years), who
were all undergraduate students from various departments
of Southeast University. All participants were native Chi-
nese speakers, right-handed, and had normal or correc-
ted-to normal vision. They reported no speech or hearing
problems, and no history of neurological disorders. The
study protocol conformed to the local ethics guidelines.
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2.2 Stimuli and procedure

In the experiment, 480 two-character Chinese words
(emotionally positive, negative, and neutral, each 160)
were selected from the Modern Chinese Frequency Dic-
tionary. The word frequency is in the range of 15 to 21
per million and the stroke is between 11 and 25. Mean-
while, 25 other undergraduate students also from South-
east University who were of the same age as the 16 sub-
jects were chosen to evaluate the materials. The evalua-
tion was made on a 9-point scale from two dimensions:
emotional valence ( positive on one side and negative on
the other side) and arousal ( from calm to excited).
Based on the rating, 80 words with the matched scores
for each emotional class were chosen as the experimental
stimuli. Then the experimenter created 60 unreal two-
character words with no realistic meaning as experimental
target materials.

These 300 total words ( emotionally positive, negative,
neutral, and unreal words) were presented in random or-
der using the software Stim2. At the beginning of each
trial, a fixation cross (“ +”) appeared in the middle of
the screen for 500 ms, followed by a blank screen for 500
ms. Then, a two-character Chinese word was presented
for 500 ms, and a 1 500 ms interval with a blank screen
was shown again. A new trial started after this long inter-
val. The procedure is illustrated in Fig. 1. In order to
make sure that the participants concentrated on the experi-
ment, a button needed to be pressed when they saw an
unreal word. If a subject failed to recognize the unreal
word frequently, i.e., the button was wrongly pressed
too many times, this data would be eliminated.

Blank Word Blank

500 ms 500 ms 500 ms 1 500 ms 500 ms

One trial

Fig.1 Procedure for one trial in the study

2.3 Data acquisition

Continuous EEG was recorded using a 64-channel
Quick Cap (Neuroscan Inc., El Paso, Texas, USA) with
tin electrodes, referenced to the link of the left and right
mastoids during online recording. Electrode impedances
were maintained below 5 k(). A band pass of 0. 05-100
Hz was used to continuously filter the recorded signals at
a sampling rate of 1 000 Hz.

3 Data Analysis
3.1 Data preprocessing

Very few trials with false judgment of words or non-
words were rejected from two subjects at the very begin-

ning, although we learned from communication with the
two participants later that these errors were caused com-
pletely by accidental key pressing. Besides, data from
one male subject was eliminated since there was a strong
interference in his EEG signals because of his frequent in-
voluntary body movements. EEG waves ranged from
—200 to 1 000 ms after the onset of two-character words,
with the 200 ms previous onset as the baseline. A blink-
correction algorithm ( spatial SVD) was applied offline.
After the baseline correction, trials with amplitudes larger
than 70 wV were rejected. These operations were per-
formed using the Software Stim2. Then, the data format
was converted by EEGLAB, an interactive Matlab tool-
box for processing continuous and event-related EEG and
other electrophysiological data, for later analysis. The
EEG signals were further filtered in Matlab using a 8-30
Hz band-pass filter using a Butterworth filter with order

4. This frequency band includes alpha and beta rhythms'"’.

3.2 Feature extraction and classification

We used TRCSP to perform the feature extraction.
TRCSP has two parameters that need to be configured,
i.e., k and a. The parameters were selected using the
ten-fold cross validation method on the training sets. The
first and last three spatial filters for feature extraction were
calculated in TRCSP on the training sets. The EEG sig-
nals were filtered using the three pairs of spatial filters to
extract features. Then, the features were placed into the
linear discriminant analysis (LDA) classification.

4 Results and Discussion
4.1 Permutation test

A permutation test is usually used to assess the statisti-
cal significance of the performance of the classifier'™ .
As a test based on computer simulation, permutation is
especially suitable for small sample data sets. We use the
permutation test in our work to assess the significance of
the observed classification accuracy before we conclude
that the results obtained in the cross-validation procedure
are effective. Otherwise, we may decide that more data is
needed before we can trust the detected pattern or trend in
the EEG data. In other words, we investigated whether
the classification accuracy was higher than chance. If so,
we thus made sure that a successful classification was
reached. Specifically, there was a label within each trial
to identify its true emotional attribute, for example, “1”
for emotional positive and “2” for emotional negative.
Then, the label sequence for each subject’s data was com-
pletely disrupted to make sure all the trials and the marks
were completely randomly matched. Tab. 1 shows an ex-
ample of label permutation.
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Tab.1 Demonstration of label order before and after they were
disorganized in the permutation test

Emotion type p ne n n p n ne p
Real data set 1 3 2 2 1 2 3 1
Random data set 2 2 1 3 2 1 1 3

Note: p, ne, and n denote positive, neutral, and negative, respec-
tively.

For the permutated data, the exact same data process-
ing and classification were used. We repeated this whole

process 100 times, resulting in 100 classification accura-
cies on the data with label replacement. For a significance
level of 0.05, we declared that the emotional words could
be identified if the classification accuracy on the original
data set was ranked top five among the accuracies on the
100 permutated data sets, i.e., emotion recognition was
successful. The test results are displayed in Tab. 2, in
which only the top five numbers needed to make the judg-
ment are presented.

Tab.2 Results of the permutation test for some subjects and the top five classification accuracies on permutated data sets %

Emotion type Parameters S3 S4 S7 S10 S12 S15
55.10 55.41 56. 64 54.36 57.86 56.49
The top five 55.78 55.41 57.34 55.70 57.86 57.14
classification 55.78 57.43 57.34 57.05 58.57 57.14
Positive vs.
neutral accuracy 56.46 58.78 58.74 57.72 58.57 58.44
58.50 59.46 59.44 58.39 60. 00 60.39
Real classificati
cal crassttication 55.80 52.03 46.15 52.35 65.00 48.70
accuracy
56.25 58.55 55.17 55.48 57.04 56.13
The top five 56.94 58.55 56.55 56.16 57.04 56.13
Neeati classification 57. 64 58.55 57.24 56.16 57.04 56.77
cgaive vs. accuracy 57.64 59.21 59.31 58.22 59.15 60.65
Neutral
59.03 65.13 60.00 59.59 62.68 61.29
Real classification 56.94 53.95 61.40 57.60 51.41 56.13
accuracy
. . Tab.3 Classification accuracies of TRCSP %
4.2 Results of emotion recognition — -
Subiect Classification accuracies
. . ubjec o, -

The results of the hypothesis tests showed that negative Positive vs. neutral Negative vs. neutral
words were effectively identified from neutral ones in ten S1 50.34 58.40
subjects, while positive words were successfully recog- 52 S1-11 59.10

. . . ] S3 55.80 56.94

nized in four subjects. Both of the two cases were promi-
¢ in Subiect 3 S4 52.03 53.95
fent mn subject 3. S5 55.10 44.14
4.3 Classification performance S6 45.71 54.05
S7 46.15 61.40

The data of the 15 subjects were used to perform emo- S8 57.24 48.98
tion classification. We used two-class recognition to sepa- S9 46.58 56.85
rately classify positive words versus neutral words, and S10 52.35 57.60
negative words versus neutral words. The performance of Si1 48.30 60.40
classification, as well as mean accuracies and the corre- s12 65.00 51.41
sponding standard deviations are reported in Tab. 3. The S13 48.92 56.64

s . .. . S14 53.47 58.22

data that was verified as successful emotion recognition is
red in bold S15 48.70 56.13
marked 1n bold. Mean 51.79 55.61
Std 4.92 4.40

4.4 Discussion

ERP analysis was also performed on this experimental
data. The result showed that emotional words could in-
duce larger brain wave amplitudes than emotionally neu-
tral words in some primary ERP components.

In the experiments of emotional word recognition, re-
searchers have considered whether the amplitude of P2 in-
crease was related to the subject’s lexical semantic pro-
cessing depth. That occurred only when the participants
in the experiment really understood the emotional words
and had actually processed the emotional information, then

the changes in P2 amplitude could be seen'”. Compared

to neutral stimuli, emotional stimuli usually induced lar-
ger P2 amplitudes"*'.
search, larger P2 waves were observed after the onset of
emotional words ( positive words and negative words)

than neutral ones, which confirmed this widely accepted

In the ERP analysis of our re-

research result. Conversely, the presence of the P2 wave
itself had confirmed that the stimuli in our experiment
were fully processed, i. e., our experiment was effec-
tive. The P2 waveforms are shown in Fig. 2.
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Fig.2 P2 waveforms for positive, negative and neutral words
on electrode CZ

However, the statistical analysis showed that there was
no significant difference between the P2 waves induced by
positive words and neutral words, while the amplitude’s
increase induced by negative words had a statistical signif-
icance. This kind of ERP wave performance completely
matched our classification result, i. e., the recognition
performance of negative words was better than that of
positive words. This is probably because negative emo-
tion was more intense for people even if the positive ma-
terials had the same level of arousal as the negative ones.
Yuan et al. "' found that there were no significant differ-
ences among the ERP amplitudes induced by picture stim-
uli with three different emotional valences ( extremely
positive, moderately positive, and neutral) in an implicit
emotional task while an opposite result was obtained for
negative stimuli. When participants were in the execution
of an explicit emotional classification task, the increase of
the happiness intensity could not lead to ERP amplitude
changes'”!
processing of positive emotional stimuli in the human
brain was not as sensitive as that of negative stimuli. So,
negative emotional words may be more easily recognized.

. These studies reached a conclusion that the

Individual differences in the test results are clearly ob-
served, which is in conformity with the general conclu-
sion that emotions are known to be very subjective and
dependent on previous experience. It is the subjectivity of
emotion in different people that causes the diversity in the
classification results.

In our classification experiment, like the method of
some recognition research on motor imagery (MI), all e-
lectrodes throughout the whole brain were used instead of
the 21 chosen electrodes used in the ERP analysis. Selec-
ting more emotion-related electrodes according to the par-

ticular emotion will be investigated in our next study''”’.

5 Conclusion

In this study, we performed research on recognizing
emotional information in two-character Chinese words.
The TRCSP approach was used to classify the two-class
materials. TRCSP was shown to be effective in the com-
plex cognitive process of emotional processing. Impor-
tantly, this study verified the ability to identify emotion
in Chinese words, and showed the possibility of language

emotion recognition research, which is crucial for BCI re-
search nowadays.
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