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Abstract. To study the variation in emotional responses to stimuli,
different methods have been developed to elicit emotions in a replicable
way. Using video clips has been shown to be the most effective stim-
uli. However, the differences in cultural backgrounds lead to different
emotional responses to the same stimuli. Therefore, we compared the
emotional response to a commonly used emotion eliciting video clips
from the Western culture on Saudi culture with an initial selection of
emotion eliciting Arabic video clips. We analysed skin physiological sig-
nals in response to video clips from 29 Saudi participants. The results
of the validated English video clips and the initial Arabic video clips are
comparable, which suggest that a universal capability of the English set
to elicit target emotions in Saudi sample, and that a refined selection of
Arabic emotion elicitation clips would improve the capability of inducing
the target emotions with higher levels of intensity.

Keywords: Emotion classification · Basic emotions · Physiological
signals · Electro-dermal activity · Skin temperature

1 Introduction

Recognizing emotions had a great interest lately, not only to create an intelligent
and advanced affective computing system, but also to have a better understand-
ing of human psychology, neurobiology and sociology. For instance, an intelligent
tutoring application uses emotional states to interactively adjust the lessons’
content and tutorial level. For example, an intelligent tutoring application could
recommend a break when a fatigue sign is detected [1]. Another example is
an emotion-responsive car, which detects drivers’ state, such as level of stress,
fatigue or anger that might impair their driving abilities [2]. Recognizing the
emotional state has potential to play a vital role in different applied domains.
For example, it can provide insights for helping psychologists diagnose depres-
sion [3], detect deception [1,4], and identify different neurological illnesses such
as schizophrenia [5].
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To study and build any emotion intelligent system, emotional responses have
to be collected in a measurable and replicable way, where a standardized method
to elicit emotions is required. There are several methods to elicit a universal
emotional state [6]. The most effective way is through emotion elicitation video
clips, where the most popular set of clips is Gross and Levenson’s set [7].

However, researchers found that emotional expressions are different between
cultures, which often rely on emotion triggers [8]. The essential differences between
southern and northern Americans’ reactions to the same emotion eliciting stim-
uli were explained in [8]. They reported three sources of variability: genes, envi-
ronment and acquired different beliefs, values and skills [8]. Therefore, the same
emotion elicitation stimuli could produce different results based on the subject’s
cultural background.

Studies that explore emotional responses to stimuli on Arab cultures are rare.
Given the Arab conservative culture [9], it is not possible to predict the effect of
the cultural acceptance of stimuli content to the emotional response. Therefore,
in this paper we compare and evaluate emotional responses to emotion elicitation
clips from a commonly used Western set [7] with an initially selected Arabic set.

2 Background

For the past few decades, affective state recognition has been an active research
area and has been used in many contexts [1]. For example, emotion recognition
research involved psychology, speech analysis, computer vision, machine learning
and many others. With all the advantages that the diversity of these research
areas introduce, it also comes with controversial approaches to achieve an accu-
rate recognition of affect. For example, defining emotion is controversial due
to the complexity of emotional processes. Psychologically, emotions are mixed
with several terms such as affect and feeling. Moreover, emotions are typically
conjoined with sensations, moods, desires and attitudes [10]. In [11], emotion
was defined as spiritual and uncontrollable feelings that affect our behavior and
motivation. In literature, emotional states have been divided into different cate-
gories such as positive and negative [12], and into dimensions such as valence and
arousal dimension [13], as well as into a discreet set of emotions such as Ekman’s
basic emotions [14]. In this paper, we use Ekman’s six basic emotions (happiness,
sadness, surprise, fear, anger and disgust) [14]. This was mainly for its simplicity
and its universality between cultures, which would reduce variability that might
affect this investigation of cultural differences [8].

Emotions can be expressed via several channels and the most common
channels are facial expressions and speech prosody [15]. Other channels include
physiological signals such as: heart rate, skin conductivity, brain waves, etc.
Physiological signals occur spontaneously, since they reflect the activity of the
nervous system. Therefore, these signals cannot be suppressed as with the facial
and vocal expressions. Ekman argued that emotions have discriminative pattern
generated by the Autonomic Nervous System (ANS) [16]. These patterns reflect
the changes in human physiological signals when different emotions were elicited.
Ax was the first to observe that ANS response is different between fear and anger
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[17]. This observation led to several attempts, which have been conducted, to
analyse emotional physiological response patterns. In this work, we analyse skin
conductivity as a physiological response to emotion elicitation, which include
skin conductance and temperature.

Electro-dermal Activity (EDA) represents electrical changes in the skin due
to the activity of sweat glands that draw input from the sympathetic nervous
system. Several studies noted that high EDA is linked to increased emotional
arousal [18,19], which has also been used as a polygraph lie indicator [4]. More-
over, high level of arousal is an indication of high difficulty of task level [20],
challenge, frustration, and excitement [19]. EDA response to stimuli contains
two measures: skin conductance level (SCL), which is a tonic reaction, and skin
conducted response (SCR), which reflects phasic reactions. Researchers have
found that tonic parameter is most likely to reveal the general state of arousal
and alertness while phasic parameter is useful for studying attentional processes
[21]. Interestingly, a significant increase of SCL is more responsive to negative
emotions [22] especially those associated with fear [21,23] whereas a decrease is
associated with pleasure emotion states [23].

Skin temperature fluctuates due to the change in blood flow caused by vascu-
lar resistance or arterial blood pressure. A complicated model of cardiovascular
was used to describe arterial blood pressure variations, which is modulated by
the autonomic nervous system. Therefore, skin temperature has been used as
autonomic nervous system activity indicator, and as an effective indicator of
emotional state. Using skin temperature measurements, several studies found
that fear is characterized by a large decrease in skin temperature, while anger
and pleasure is characterized by an increase in skin temperature [16,21,23].

Despite the various studies conducted on emotion expressions, studies on cul-
tural differences in expressing emotions are still in their infancy. As an attempt
to investigate the cultural aspect, eliciting emotions using the validated clips
in [7] has been used in different cultures. In [24], 45 German subjects partici-
pated in a study by rating the elicited emotions from four video clips from [7]
set. They concluded that the selected video clips were able to elicit the target
emotions in German culture. Moreover, 31 Japanese volunteers were invited to
watch English video clips selected from [7] that elicit six different emotions [25].
The study concluded that most of the video clips have a universal capability
to elicit the target emotions. However, due to the unique characteristics of the
Japanese culture, some of the clips have elicited non-target emotions as well.
For example, one of the video clips that elicit amusement also induced surprise,
interest, and embarrassment [25].

Given the differences of Arab culture compared with the Western and Japanese
cultures, it is not clear whether the [7] set of emotional elicitation clips have the
capability of eliciting the target emotions in Arab subjects. Therefore, in this work,
we investigate and compare emotional responses to the clips in [7] with an initial
selection of Arabic emotion elicitation clips on Saudi subjects. The purpose of the
Arabic set is to investigate the cultural acceptance effect on the elicited emotions
in comparison with the English set. For validation, skin physiological responses are
measured and analysed to identify the differences between emotional responses in
both English and Arabic emotion elicitation video clips.
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Table 1. List of English [7] and Arabic film clips used as stimuli

Emotion Clip Total Duration
(mm:ss)

Elicitation
Start
Time

Elicitation
End Time

English Clips

Amusement “Bill Cosby, Himself” 02:00 00:12 02:00

Sadness “The Champ” 02:44 00:55 02:44

Anger “My Bodyguard” 03:24 00:15 03:24

Fear “The Shining” 01:22 00:16 01:22

Surprise “Capricorn One” 00:44 00:42 00:44

Disgust Amputation of a hand 01:05 00:01 01:05

Arabic Clips

Amusement “Bye-Bye London” 02:54 00:16 02:54

Sadness “Bu kreem with seven woman” 00:59 00:34 00:59

Anger “Omar” 02:13 01:35 02:13

Fear “Mother is a Basha” 00:50 00:09 00:49

Surprise “Tagreebah Falestineeah” 00:45 00:37 00:45

Disgust “Arab Got Talent” 00:30 00:05 00:30

3 Method

3.1 Stimuli and Data Collection

In this study, we investigate the six emotions suggested by Ekman [14]. To elicit
these emotions, one video clip for each emotion was selected from [7] emotion
elicitation clips. Even though the [7] set of video clips have more than one clip for
each emotion with different levels of eliciting target emotions, the selected video
clips in this study were based on complying to the Arabs’ ethical and cultural
constraints. Thus, the video clips used here are not selected based on the high-
est level of eliciting target emotions. For example, the ’When Harry MetSally’
clip acquired the highest level to elicit amusement among two other clips [7].
However, this clip was perceived as inappropriate in the relatively conservative
Saudi culture. For this reason, the second highest level of eliciting amusement
acquired by the ’Bill Cosby, Himself’ clip has been selected in this study, despite
that it contains some cursing and disrespecting words. The final selected clips
in this paper are shown in Table 1. In order to save original emotion expressions
from the speech, clips were not dubbed, yet had Arabic subtitles. In addition to
the selected English clips, initial Arabic clips set have been selected from a small
poll of video clips gathered by the project team members. The selected clips are
shown in Table 1.

While 29 volunteers were watching the emotion elicitation clips, skin response
was measured using the Affectiva Q-sensor, which is a wireless wrist-worn sen-
sor. All 29 participants in the sample were Saudi females, age ranged from 18-
45 years, and all had normal or corrected-to-normal vision. Prior to the recording,
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Table 2. Number of selected segments for each emotion

Amusement Sadness Anger Fear Surprise Disgust

English Clips 16 23 19 19 19 22

Arabic Clips 24 16 17 19 17 22

the aims and procedures were explained to the participants, then a consent and
a demographic questionnaire were obtained individually.

An interface was coded to automatically show the 12 emotion elicitation clips
(both English and Arabic) in a specific order. To reduce the emotional fluctuation
between two different emotions, English video clips were played followed by
Arabic video clips for the same emotion in the following order: amusement,
sadness, anger, fear, surprise, and disgust. In order to clear the subject’s mind,
a five seconds count down black screen was shown between clips. Participants
were asked to watch the video clips as they do at home and feel free to move
their head. By the end of the recording, participants were asked to answer a
post-questionnaire and rate the elicited emotions they felt while watching each
clip. The emotion rating scale range from (0 not felt -10 felt strongly), which is
a modified Likert scale [26]. Since not every video clip had elicited the target
emotion in all participants, only segments where the participants have felt the
target emotions are included in analysis (i.e. target emotion self-rating ≥1). This
selection criteria gave an average of 22 segments per clip as detailed in Table 2.

3.2 Feature Preparation and Extraction

As mentioned earlier, the Affectiva Q-sensor was used to record the skin responses
to emotional stimuli. The sensor was not attached to the computer, however, its
raw data is time-stamped. Therefore, to prepare the data for analysis, the time-
stamp was used to segment the data for each subject and each clip. This pre-
processing step was performed offline using a Matlab code, which matches the
time-stamped data with the starting time and duration of each clip for each sub-
ject’s recording. Moreover, most video clips start with setting the scene and giv-
ing a background as preparation before eliciting the target emotion. Hence, in our
analysis we only used the data from the clips where the target emotions were pre-
sumed to be elicited. The start and end time of each clip where the target emotions
are elicited are presented in Table 1.

The Q-sensor records several raw data features in 32 sampling rate (32 fps).
These raw features could be categorized as: (1)Electro-dermal activity features,
and (2) skin temperature. As mentioned in the background section, the EDA
features are divided into two main categories: skin conductance level and skin
conductance response. In this work, we extract several statistical features from
SCL, SCR and skin temperature data. Moreover, initial feature extraction and
analysis from SCR data were performed, where none of the extracted features
were effective for the analysis of emotional response, which is inline with the
literature [21]. Therefore, only SCL and skin temperature are included in this
study. From both SCL and skin temperature data, we extracted:
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– Max, Min, Mean, Range, STD, and Variance (6 × 2).
– Max, Min, Means, Range, STD and variance of the slops (6 × 2).
– Max, Min and Average values of the peaks and valleys (3 × 2 × 2).
– Average number of peaks and valleys in second (1 × 2).
– Duration (number of frames) above and below a threshold (i.e. 0.01 for SCL and 37° for skin

temperature) (2 × 2).
– Max, Min, Means, Range, STD and Variance of temperature velocity and acceleration (6×2×2).

3.3 Analysis and Classification

The extracted features were analysed using a one-way between groups analy-
sis of variance (ANOVA). ANOVA is a statistical test to study the difference
between groups on a variable. In our case, the test was one-way between groups
ANOVA using the six emotions as the groups for each of the extracted features,
with significance level p <= 0.01. ANOVA test was used here for two purposes:
(1) to identify the features that significantly differentiate emotions, and (2) as a
feature selection method to reduce the data dimensionality of the classification
problem. To insure affair comparison, features extracted from the English and
Arabic clips are analysed individually, and then the common features that are
significantly different in all emotion groups in both languages are selected for
the classification.

For classifying emotions automatically using the selected features, we used
Support Vector Machine (SVM) classifier. SVM is one of the discriminative clas-
sifiers that separate classes based on the concept of decision boundaries. Lib
SVM [27] was used as an implementation of SVM in this paper. To increase the
accuracy of the classification result, SVM parameters must be adjusted. There-
fore, we searched for the best gamma and cost parameters using a wide range grid
search with radial basis function (RBF) kernel. The classification is performed in
multiclass (6 emotion classes) in a subject-independent scenario. Since the SVM
is mainly used to discriminate binary classes, we used one-verses-one approach
for multiclass classification. In the one-verses-one approach, several SVMs are
constructed to separate each pair of classes, and then a final decision is made
by the majority voting of the constructed classifiers. Moreover, to mitigate the
effect of the limited amount of data, a leave-one-segment-out cross-validation
is used without any overlaps between training and testing data. Dealing with
features of different scales a normalization is recommended, to ensure that each
individual feature has an equal effect on the classification problem. In this work,
we used Min-Max normalization, which scales the values between 0 to 1 and
preserve the relationships in the data.

The emotion elicitation self-ratings of the target emotions reported by the
subjects were statistically analysed to compare the English and Arabic video
clips in emotion elicitation. To compare the emotion elicitation self-ratings of
the target emotion from the two language group video clips, two-sample two-
tailed t-test was used assuming unequal variance with Significance p = 0.05.

4 Results

To compare the emotion elicitation levels between the English and Arabic clips,
the reported self-rating of target emotions were analysed statistically using T-
test. The average self-rate of target emotions of each clip is illustrated in Fig. 1.
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* indicates a statistically significant difference (p <0.05)

Fig. 1. Average self-rate of the target emotion elicited by English and Arabic clips

Using T-test, only amusement and sadness clips were significantly different in
eliciting the target emotion from Arabic and English video clips, as marked in
Fig. 1. The results showed that both English and Arabic clips induced the target
emotion similarly, with the exception of amusement and sadness clips. Moreover,
this reveals that the English videos clips have a universal capability to induce the
target emotions, with the exception of the amusement clip. For the complexity
of jokes interpretation, it has been recommended to use amusement clips from
participants’ cultural background [28]. Furthermore, the similarity in inducing
emotions from an initial set of Arabic emotion elicitation clips compared to
the validated English clips, suggests that a refined selection of Arabic emotion
elicitation clips might improve the levels and intensity of the induced emotions.
A full framework for developing a refined selection of emotion elicitation clips
for Arab participants has been suggested in [29].

In order to characterize the skin physiological changes in response to emo-
tional stimuli, we statistically analyse the extracted features. Table 3 shows
the features that are significantly different between emotions (p � 0.01) using
ANOVA test in English and Arabic clips. Analysing EDA features, only the dura-
tion above and below the 0.01 threshold1 were significant between emotions. This
result is inline with [2], where the duration features of EDA has been found to be
robust for emotion recognition. Moreover, analysing skin temperature features,
several features were significantly different between emotions inline with [30]. An
increase or a decrease in skin temperature associated with emotional states have
been found in several studies [16,21,23]. Inline with these studies, skin temper-
ature changes represented by velocity, acceleration and slop of the temperature
values were statistically significant in this study to differentiate emotions. We
have also used the normal body temperature (37°) as a threshold, where the
duration of the temperature being below 37° was significantly different between
emotions.

Moreover, the ANOVA test was performed on the extracted features from
English and Arabic emotion elicitation clips individually (see Table 3). Most
features were commonly significant between emotions in both English and Arabic
1 Note that the threshold of 0.01 is widely used for the analysis of EDA signal [23].
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Table 3. Significant skin response features using ANOVA test

Measurement # Significant Features English
Clips

Arabic
Clips

EDA 2 Duration (number of frames) above 0.01 � �
Duration (number of frames) below 0.01 � �

Temperature 21 (max, min, average) temperature values
of the peaks

� �

Max temperature values of the valley � �
(min, average) temperature values of the

valley
�

(range, STD) of temperature � �
(variance) of temperature �
(max, min, range) temperature velocity � �
Mean temperature velocity �
(max, min, range) temperature

acceleration
� �

Max slop � �
(min,mean, range) slop �
Duration (number of frames) below 37° � �

STD: standard deviation

clip sets, which could suggest that both language video clip sets were able to
elicit the target emotions. Arabic clips features had a few more features that were
significant between emotions than the features extracted from English elicitation
clips. These features include changes in temperature represented by velocity
and slop statistical features (as shown in Table 3). On the other hand, only
two features (minimum and mean of temperature valleys) were significant in
English elicitation clips but not in Arabic elicitation clips. The differences in the
significant features between English and Arabic emotion elicitation clips might
be caused by the different levels of eliciting the target emotions.

In order to further compare and validate the EDA response to emotion elici-
tation from English and Arabic video clips, we classified the elicited six emotions
using SVM. To ensure fair comparisons of English and Arabic clips classifica-
tion, we used the common features that were significant between emotions using
ANOVA in both English and Arabic clip sets (see Table 3). Figure 2 shows the
confusion matrix of the multiclass emotion classification from Arabic and English
clips individually.

Comparing the overall accuracy of classifying emotions from English and
Arabic clips, English clips performed a higher classification accuracy (94 %) com-
pared to the Arabic classification accuracy (70 %). The lower classification in the
Arabic emotion elicitation clips might be caused by one of two reasons: (1) the
level of eliciting the target emotion might not be consistent between subjects,
or (2) more of the significant features in Arabic clips were not common with the
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Fig. 2. Confusion matrix of classifying emotions from Arabic and English clips

English clips where they have not been selected. This reduction in the selected
features might have an effect on the final classification result of the Arabic clips.

The confusion matrix of emotion classification from the English clips has less
confusion than the Arabic ones. Looking at the confusion matrix of the Arabic
clips, sadness and disgust emotions have been confused with each other in both
sadness and disgust emotion elicitation clips. The low classification of sadness
from Arabic clips could be justified by the low average self-rate of sadness. How-
ever, the classification of amusement in the English clip was high, even though
the average self-rate was low. Furthermore, the disgust classification is also below
chance levels, even though the average self-rate was high. At this point, it is diffi-
cult to find a correlation between the self-rate and the classification result, where
more data is needed. Furthermore, a regression classification could be used in
combination with the emotion classification, where the self-rate of the target
emotion could be used to detect the level of arousal of the targeted emotion.

When classifying multiple emotions, emotions with similar features are often
confused. For example, when using speech features to detect emotions, joy and
surprise or anger and surprise, were often confused [31], and when using facial
expressions, the most likely confused expressions were sadness with neutral or
fear, and disgust with anger [32,33]. To overcome this issue, some studies group
the confused emotions in one class and then use separate classifiers across groups
as well as within the same group to get more accurate results as in [34,35].
However, the confusion of sadness and disgust emotions only occurred in Arabic
elicitation clips, which suggests that the features used for the classification are
not differentiating these emotions. That might be caused by the reduction in the
selected features from the Arabic clips.

Given the English clips were successful in eliciting the target emotions, the
classification results are encouraging, which suggests the robustness of using the
skin response features in emotion recognition. However, since the self-rate of the
target emotions in English clips reported by the participants varies, more data
are required to confirm this results.

5 Conclusion

Recognizing emotional state, contribute in building an intelligent application in
affective computing systems, education and psychology. Several methods have
been developed to elicit emotions in a replicable way in order to study emo-
tional response patterns, where emotion elicitation clips are the most effective
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method. Given cultural and language differences, the same stimuli might not
have a similar emotional response between subjects from different backgrounds.
In this paper, we compare emotional responses from English emotion elicitation
clips from [7] with an initial selection of Arabic emotion elicitation clips on a
Saudi Arabian sample.

Focusing on the universal six emotions suggested by Ekman, we measured
skin physiological signals in response to emotion elicitation clips on 29 Saudi
female participants. Analysing the self-rate of targeted emotions reported by
the participants between the English clips and the initial Arabic clips, most
self-rate were not statistically significant between the two language clips, the
exceptions were in the amusement and sadness clips. This finding has two folds:
(1) the English clips have a universal capability to elicit target emotions in
Saudi sample, and (2) a refined selection of Arabic emotion elicitation clips will
be beneficial in eliciting the targeted emotions with higher levels of intensity.

To characterize emotions, we extracted several statistical features from the
skin response signal, which have been analysed statistically using ANOVA. More-
over, to compare the emotion elicitation from the English and Arabic clips, the
ANOVA tests were performed on the two language clip sets individually. The sig-
nificant features that differentiate emotions based on the ANOVA test are inline
with the literature, and most of them were significant in both English and Arabic
clips. The similarity in the significant features from English and Arabic, suggests
that both language clip sets have the ability to elicit the target emotions. On the
other hand, the differences in these features between the two language clip sets
could indicate differences in the intensity of eliciting the target emotions.

To further compare and validate the effectiveness of skin response features
in differentiating emotions, we classify the elicited six emotions using multiclass
SVM. The common features in English and Arabic clips that were significant
based on ANOVA test are used in the classification. Classifying emotions from
English and Arabic clips were performed individually for comparison, where the
English set performed higher (94 %) than the Arabic set (70 %). The lower clas-
sification result in the Arabic set compared to the English set is caused by the
confusion of classifying sadness and disgust with each other, which might be
caused by the reduction in the selected features. Nevertheless, the high perfor-
mance in classifying emotions from the English set suggests robustness of using
the skin response features in emotion recognition, given that the clips are suc-
cessful in inducing the target emotions.

6 Limitation and Future Work

A known limitation of this study is the relatively small sample size, and that the
participants are drawn from a narrow Saudi region. Moreover, the comparable
performance of the initial selection of the Arabic emotion elicitation clips to the
validated English clips suggest that refined selection of Arabic emotion elicitation
clips might improve the levels and intensity of the induced emotions. Future work
will aim to develop such a refined selection of emotion elicitation clips for Arab
participants as suggested in [29].
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