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ABSTRACT

It is necessary to find the human inter-rater agreement in emotion recognition research especially when
handling with publicly available database. This paper discusses the Cohen’s Kappa coefficient technique to
verify the actual tagged emotion categories for hybrid emotion model using music video as stimulus. This
method has been done by finding the degree of inter-rater reliability between the five selected raters. As the
results, the values of Cohen’s Kappa coefficients are over 0.87 for four actual tagged emotion categories
which are happy, relaxed, sad and angry. These values demonstrate that the degree of inter-rater agreement
are excellent. The actual tagged emotion categories are selected based on the division of average value of

arousal-valence rating.
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1. INTRODUCTION

Recently, emotion recognition is a new growing
research field that researchers interested to explore
especially in human-computer interaction (HCI)
application. Apparently, human emotion can be
recognized by speech [1], facial expression [2] and
bodily gesture [3]. However, it is easy to hide the
true human emotion. Therefore, many researchers
have tried to identify the real inner emotion using
bio-signal input such as -electroencephalogram
(EEG).

Various kinds of stimuli are used in EEG
emotion recognition to evoke emotion such as
emotional image [4], sound [5], music [6], movie
[7] and music video [8]. Out of all these stimuli,
music video has the greatest effect in evoking
emotion [9] in a short time of period since it is a
combination of visual and audio reactions. There is
only one publicly available database to evoke EEG
emotion based on music video stimuli, which is a
dedicated database for emotion analysis using
physiological signals (DEAP) [8]. Nevertheless,
there are no actual tagged emotion categories for
each of the music videos. Thus, validation needs to
be performed to test the reliability towards actual

tagged emotion categories each of music videos as
used in DEAP database experiment.

2. LITERATURE REVIEW

Generally, there are two dominant models that
widely used in tagged emotion categories toward
the stimuli which are discrete and dimensional.
Discrete model’s philosophy falls as the idea that
emotion can be classified into several categories
that are mutually exclusive to each other. For
example, Ekman [10] in 1971 first popularized this
model by introducing six categories of emotion
which are sad, anger, surprise, joy, fear and love.
However, this model has limitation such that the
total number of emotions are limited, therefore
several others emotion such as bored, calm or
excited cannot be identified. On the other hand,
dimensional model stated that emotions can be
mapped and occupied into dimension of space such
as two dimensional Russell circumplex [11] ranges
from unpleasant to pleasant state for valance axis
and from deactivation to activation state for arousal
axis. Participants need to rate ranging from 1 to 9
for both arousal and valence axis after experiencing
the emotion as verbal self-assessment of emotion.
Recently, a new model was introduced, namely as a
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convert the dimensional model into discrete model.
This model is more advance compared to the other
models since this model can vary the number of
emotion categories. The number of emotion
categories depends on the division of the interval of
rating, both arousal and valence axis. For example
in Russell circumplex model, the number of
emotions can be categorized to be either four [8],
six [6, 13] or nine [14].

Variability tagged emotion -categories exists
when handling with the diversity of participants
during data acquisition. For example, a participant
might tag a particular music video as happy
emotion but another participant might tag it as calm
emotion. Therefore, the tagged emotion categories
are not consistent. Due to this issue, validating the
tagged emotion categories are crucial step, so that it
can be used as actual tagged emotion categories
(also known as ground truth of classes) particularly
use in classification module. The output of emotion
categories from the classification module need to be
compared with the actual tagged emotion categories
to calculate the performance measure of the system.

One of the most important benchmark database
and publicly available is developed by Sander
Koelstra et al. [8]. It comprises of 40 music videos
tested on 32 participants. As in previous research
[18], two experiments are conducted to investigate
the reliability of publicly database, which are
International affective picture system (IAPS) and
International Affective Digitized Sound system
(TADS) towards benchmark DEAP database. As a
result, similar brain pattern for a particular emotion
can be observed between the tested and
benchmarked database. However, to the best of
author’s knowledge, there 1is no inter-rater
reliability test has been devised to validate the
reliability of actual tagged emotion categories
towards DEAP database. Thus, the main objective
of this paper is to validate the reliability of 40 music
videos taken from DEAP database.

In this study, Cohen’s Kappa coefficient method
is proposed to measure the degree of agreement
between the raters for multi-categorical items called
as inter-rater reliability. Coefficient of Cohen
Kappa was first introduced by Cohen [19] in 1960.
This method has been widely utilized especially in
speech recognition [20], biology [21], clinical [22]
and others. Thus, Cohen’s Kappa coefficient is used
as a validation tool of actual tagged emotion
categories in hybrid model.

Overview of database: This study used the
downloadable DEAP (a database for emotion
analysis using physiological signals) database to
investigate the inter-rater agreement of tagged
emotion categories using music video as the
emotional stimulus. Figure 1 shows the experiment
protocol that conducted during the acquisition of
physiological signal. The experiment consisted of
two sections with a short break session between the
two sections. Each section comprised of 20 trials
that exhibit 20 music videos. Each trial started with
the displaying the current number of trial on the
screen. After 2s, the fixation cross presented on the
center of LCD screen. After Ss, the particular music
video played for the 60s of duration. After that,
participant need to rate the arousal and valence
values.
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Figure 1: The Structure of Experiment during Evoking
the Emotions.

Cohen’s Kappa Coefficient Experiment: The
tagged emotion categories of 40 music videos are
not provided by the authors. However, the authors
provided the list of YouTube links for each of
music video. Furthermore, the self-assessment
rating of the 32 participants for 40 music videos
were also enclosed. Thus, four emotion categories
elected as the actual tagged emotion categories by
thresholding the middle value of arousal and
valence rating, which is 5. The amount of actual
tagged emotion categories depend on the suitability
distribution of average values of arousal and
valence rating (32 participants) towards 40 music
videos as shown in figure 2. Based on the
distribution, average rating values mostly lie on the
middle line of arousal-axis, whereas the average
values of rating are equally distributed for both
high and low rating of valence-axis. Therefore, four
actual tagged emotion categories are selected to
avoid some of the categories that do not have
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sample data. Happy emotion represent the high
arousal and high valence (HAHV) shown in the 1%
quadrant, relaxed emotion represent the low arousal
and high valence (LAHV) shown in the 2n
quadrant, sad emotion represent the low arousal and
low valence (LALV) shown in the 3 quadrant and
angry emotion represent the high arousal and low
valence (HALV) shown in the 4™ quadrant. All the
actual tagged emotion categories are illustrated in
figure 3.
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Figure 2: The Average Value For Valence And
Arousal Rating For 40 Music Videos.
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Figure 3: Four Category Of Emotions

In this study, the raters consisted of 3 women and
2 men to rate the actual tagged emotion categories
for each of 40 music videos. All tested music
videos were first downloaded and then they are
played on a computer screen after brightness
adjustment has been done for comfortability of the
rater’s eyes. Playback order of the music videos is
similar for each of the raters. After watching the
videos, each participant needs to choose one of the
actual tagged emotion categories either happy,
relaxed, sad or happy to explain the best emotion

that characterizes a particular music video. Later,
the proportion values of actual tagged emotion
categories are computed and then compiled into the
contingency table. Basically, Cohen’s Kappa
coefficient is a method to measure the level of
agreement for qualitative items (categories)
between two raters. Nevertheless, when multiple
raters are involved, the combination technique is
used to select the pair of raters. Specifically, the

p

total number of combination 9 is calculated as
in equation 1 where ¢ is the number of ways which
is two and p is the total number of raters which is
five.

p p!

1) - 4'(p-9)' (1)

Table 1 illustrates the typical contingency table
to access the agreement of & number of actual
tagged emotion categories between two raters. For
ij = 1,2,...,k each of p; value represents the
proportion value of actual tagged emotion
categories that rater 1 classified a music video as
category i and rater 2 classified a music video as
category j. The diagonal elements, p;; in the table 1
represent the proportion values of both raters
agreed with the actual tagged emotion categories.

Table 1: Two Raters Proportion with k

Categories.
Rater 1 Rater 2 Total
1 2 k
1 P P12 Pik Pi+
2 P2 P, P2k D2+
k Py Py, Pk Pi+
Total P+1 P+2 P+k 1

Therefore, the coefficient of Cohen Kappa is
calculated as:
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where p, is the proportion of both raters agreed
for the actual tagged emotion categories and p, is
the overall proportion of chance-expected
agreement. The value of p, and p, are calculated
using equation (3) and (4).

k
Po= i=1

Dii 3)

M-
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—_

Pe="1 Di+D+i 4

The value of « varies from 1 to -1 depending on
the extent of agreement among the raters. Perfect
agreement of x which is 1 is rarely achieved,
however the value closed to 1 indicates that the
degree of agreement is excellent. Otherwise, when
the value closed to -1 shows that the raters are
highly disagreed with the actual tagged emotion
categories. The degree of agreement based on
Cohen’s Kappa coefficient are listed in table 2.

Table 2: The Degree of Agreement Based on
Cohen’s Kappa Coefficient.

K Degree of
Agreement
0.8<x<1.0 Excellent
0.6<x<0.8 Good
0.4<x<0.6 Fair
k<04 Weak

4. RESULTS AND DISCUSSION

In this study, the actual tagged emotion categories
of 40 music videos from DEAP database are
validated by five raters. The actual tagged emotion
category for each of the music videos is selected
based on average value of arousal and valence
ratings. R*” represent the Cohen’s Kappa
coefficient where a,b ={1,2,3,4,5}. For instance, the

symbol of R’? describes the Cohen’s Kappa
coefficient for rater 1 and 2. The value of Cohen’s
Kappa coefficient computed for all possible pairs of
raters. Hence there are ten pairs of the rater
combinations which are R’?, R’ R"* R, R*’,
R**, R?’, R* R’ and R*’. Thus, the value of
Cohen’s Kappa coefficient for each pair was plotted
as shown in figure 4. In general observation, the
degree of Cohen’s Kappa coefficient for all pairs
are excellent, ranging from 0.8655 to 0.9664.
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Figure 4: Value Of K For Rater Pairs.

The average value of Cohen’s Kappa coefficient,

Ka is calculated as in equation (5).

Ka= n (5)

where n is 4 which is the total number of a pairs.

Generally, the X< results shown in figure 5
demonstrate that the degree of agreement are
excellent, ranging from 0.9045 to 0.9322.
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Figure 5: Average Value of Individual Rater.

The distribution of Cohen’s Kappa coefficient for
each individual rater was illustrated in figure (6).
Each rater returned a small variance of Cohen’s
Kappa coefficient, which indicates that the values
of Cohen’s Kappa coefficients are nearly consistent
and closed to the mean value.
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Figure 6: The Distribution of Cohen’s Kappa
Coefficient for Five Raters.

The main limitation of this study is due to limited
choice of emotions in which the raters are forced to
choose to tag the emotion categories; either happy,
relax, sad or angry. In addition, Cohen’s Kappa
method is one of the inter-rater reliability tests that
concerns on the experience of multiple raters in a
large number of samples, which is not ideal for this
study. Various raters might have different
experience and interpretation of each of the music
videos that lead to the misclassified of the actual
tagged emotion categories. Nevertheless, these
findings which is high value of Cohen’s Kappa
coefficient proved that the raters highly agreed with

L

the actual tagged emotion categories of 40 music
videos based on the average values of arousal and
valence rating.

5. CONCLUSION

In conclusion, the Cohen’s Kappa coefficient has
been successfully applied in this study to validate
the actual tagged emotion categories for hybrid
emotion model using music video as stimulus.
From the Cohen’s Kappa coefficient results, DEAP
database shows high reliability and can be used as
benchmark database for investigating relationship
between emotion recognition and the music video
as stimulus. In future, the actual tagged emotion
categories for 40 music videos obtained in this
study are suitable to be applied in emotion
classification module using machine learning
techniques such as artificial neural network, support
vector machine and others.
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