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Abstract
Video stimulus is commonly used to induce different emotional states. Numerous sets of stimulus materials
were produced in recent years; however, sets that include Asian clips are still inadequate. This study identified
and validated 24 videos expected to elicit specific emotional reactions in a two-dimensional model of valence
and arousal. The videos consist of excerpts from movies, TV shows, and advertisements from various regions,
including Asia. The study was conducted during the COVID-19 pandemic; therefore, instead of the traditional
approach of physical sessions in the laboratory, online surveys were conducted to collect responses from 42
participants. The findings show that 79% of the videos successfully evoked the targeted emotions. The
participants’ demographic factors, such as age, gender, race, nationality, and place of residence, were taken
into account to explore and understand the different perspectives among the participants towards the videos.
The outcomes disclosed that all selected videos are gender-neutral. The emotions elicited by several videos
revealed significant differences among people of different races and nationalities. This finding indicates that
the background and culture affected one’s perspective and, subsequently, the emotion.
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1. Introduction
Emotion recognition system (ERS) is a hot topic, especially in the field of affective computing with
the prospect of machines that can recognize human emotions [1]. Undeniably, the introduction of
automated human emotional recognition systems greatly benefited various fields, namely computer
science, bioinformatics, automotive, biomedical engineering, artificial intelligence, healthcare, and
multimedia [2–4]. The recent coronavirus disease 2019 (COVID-19) pandemic has caused many losses
of life around the world and has seen many researchers from varied fields come out with various solutions
to fight the deadly virus and its impact on society. Other than vaccine development by scientists,
computer scientists also contributed to the COVID-19 battle via smart diagnostic systems [5, 6] as well
as outbreak forecasting and prediction systems [7, 8]. The diagnostic systems help medical practitioners
analyze the patients’ data and determine their condition; hence, good decisions and treatment plans can
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be implemented. Meanwhile, the forecasting system can assist authorities in deciding the remedial
actions, such as planning the vaccination distribution and enforcing lockdown or movement control order.
Lockdowns and movement control orders have been introduced worldwide as an effort to curb the spread
of the virus by cutting off social contacts. However, studies have shown that these moves caused
emotional distress within society [9, 10]. The mass adoption of ERS can help to identify signs of
emotional distress; thereby, interventions and support can be offered. ERS can even be applied to help in
regulating mood. Hence, the research of ERS is significant towards the wellbeing of society.
Nevertheless, the development of ERS is increasingly difficult. The development of ERS must adhere
to four main principles: (1) an ERS is built on the foundation of some learning algorithms (machine or
deep), (2) these algorithms need to be trained on labelled datasets of people expressing various emotions,
(3) the generation of such datasets requires a tool that capable of robustly eliciting various emotions, and
(4) the emotional stimuli are compiled as a dataset. In this study, we tackle the fourth principle, which is
developing a dataset for emotional stimuli in order to elicit the emotions of participants and building
emotion database to train the learning algorithm. The videos dataset proposed in this paper will serve as
the emotion elicitation tool.
Prior to choosing the emotion elicitation stimuli, several fundamental problems must be considered;
the emotion model used to categorize the stimuli and ensure the distribution of data for each emotion
category, the format of the stimuli, source and origin of the stimuli, and stimuli validation method. Two
commonly used emotion models in emotion studies are the discrete emotion model and the dimensional
emotion model. Paul Ekman, a psychologist, proposed the discrete emotion model [11]. It is used to
identify and label six primary emotional states: happiness, sadness, fear, anger, surprise, and disgust. On
the other hand, Russel [12] introduced a dimensional emotion model (Fig. 1), which includes valence
that refers to pleasantness, whether a person likes or dislikes something, and arousal, which refers to the
intensity of a person’s feelings, high or low. The dimensional emotion model was employed in this study
due to the facilities offered in labeling a person's emotional states and known for its easy-to-operate
methods, as reported in [2, 13–15].

Fig. 1. Illustration of Russel’s dimensional emotion model [12].
The second fundamental problem to be considered is the emotion elicitation stimuli format. Emotions
can be elicited using various types of stimuli, such as audio-visual/videos [2, 16–18], visual/static images
[19, 20], audio [21], and the sense of smell [22]. Among these methods, audio-visual stimuli are the most
frequent format used to induce different emotional states in the studies [23]. The audio-visual stimuli
have proven to affect human emotions in many situations and are effective to evoke human emotions [24,
25]. Additionally, they have been reported to cause strong and persistent emotional states over time
compared to other stimuli [17]. Therefore, audio-visual stimuli were proposed in this study.
The third fundamental problem is the emotion elicitation stimuli source and origin. Researchers
commonly used audio-visual stimuli obtained from news, TV shows, or film excerpts to elicit emotion
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Many sets of audio-visual stimuli were established in recent years [14, 16, 26, 27]. However, to the best
of the researchers’ knowledge, existing stimuli sets mainly consist of Latin [17] and Hollywood [26, 28]
film excerpts. The Asian stimuli sets are reported in [29, 30]; however, these sets consist only of Chinese
clips and do not cover other diverse Asian regions, for instance, Southeast Asia, South Asia, and even
East Asia. The stimuli sets that include Asian clips from various other Asian countries such as Malaysia,
Thailand, China, and South Korea are still insufficient. Therefore, this study aims to tackle the gap by
including several clips from various Asian countries as Asian clips are nonexistent in the researchers’
new set of stimuli. The origins of the videos were selected by considering the participants’ familiarity
and background.
The final fundamental problem to be considered is the stimuli validation method. Traditionally, faceto-face interviews and physical lab sessions, where participants watch the selected videos and were
interviewed by the researchers on the type of emotion induced by the videos, were conducted to validate
the video selection [2, 27, 30–37]. Nevertheless, the recent COVID-19 pandemic has causes the
enforcement of lockdown or movement control that cutoff the social contacts in many countries,
including Malaysia. The movement control order has been enforced in Malaysia since March 18, 2020,
alternating between the relaxed movement control order and stricter conditional movement control order,
based on the number of cases. Many individuals and industries have been affected by this pandemic, as
has the research of ERS. As traditional methods are discouraged in pandemic situations still prevalent,
an online survey was designed and conducted to address this issue because the face-to-face interaction or
physical contact between a subject and a researcher is inessential. Moreover, several studies proved that
online surveys could record emotional responses from a subject and successfully validate the selected
stimuli [17, 38, 39]. Apart from addressing the problems resulting from the pandemic, conducting online
surveys also contribute to emotion elicitation in the wild (i.e., in real-world situations). It can evoke
emotions in diverse, more natural, and realistic situations as the participants fill out the survey forms at
the comfort of their own home and during their leisure time. This type of study with a more natural
environment than the laboratory setting is still scarce. Nonetheless, studies on the development of ERS
in the wild or real-world scenarios are gaining momentum [40–43].
Overall, this paper identifies and validates a new set of stimuli expected to elicit specific emotional
reactions in a two-dimensional model of valence and arousal. Twenty-four videos from various Asian
countries as well as Western countries were selected as the stimulus material. Besides, the impact of
demographic dependents (i.e., age, gender, race, nationality, and place of residence) towards people’s
perspectives and emotions are examined too. The outcome of this study was expected to obtain a new set
of stimuli that can induce and measure dimensional emotions, especially Asians.
The remainder of this paper is compiled as follows: Section 2 presents an overview of related works.
Section 3 describes the method of stimulus selection, details of participants, instruments used in the study,
and research procedures for emotional elicitation. The methods and results of the analysis are presented
in Section 4. Section 5 covers the study’s implications, and some limitations are addressed with
recommendations for future works. Finally, conclusions are drawn in Section 6.

2. Related Works
Recently, researchers have established many sets of stimuli. A few of the sets that contain audio-visual
stimuli from various types of sources are summarized in Table 1. Each of the datasets includes a various
number of stimuli. The highest number of stimuli is 800 from [39], followed by [14] and [26], with the
number of stimuli, 360 and 295, respectively. In contrast, [29] and [16] have the lowest number of stimuli
but can still successfully perform emotion elicitation.
Most of the datasets used stimuli from the Western sources [23, 27, 44]. However, it is observed that
two sets [29, 30] used stimuli of the Asian origins. However, these sets are limited to Chinese clips only.
Several researchers have reported and emphasized the importance of cultural differences in conducting
emotional elicitation studies as individuals from different ethnicities react differently towards certain
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stimulus materials [16]. The importance of controlling cultural differences is also expressed in [45] and
[38], where although generally consistent emotions have been found, some inconsistencies are observed.
The inconsistencies are caused by the language used for dubbing or subtitles in films, disrupting the
emotional elicitation process and failure in evoking emotion. These findings suggest that cultural
difference is an essential factor to be considered in emotion studies.
Table 1. The summary of stimulus materials datasets.
Study, year
Schaefer et al. [23],

Stimuli

Number of

format

stimuli

Audio-visual

Stimuli source

Origin

Environment

70

Film clips

Western

Controlled

Audio-visual

40

Music video clips

Western

Controlled

Audio-visual

52

Film clips

Western

Controlled

Audio-visual

800

Commercial and non-

Western

Wild

Western

Controlled

Asian

Controlled

2010
Koelstra et al. [27],
2012
Carvalho et al. [44],
2012
Nelson-Field et al.
[39], 2013
Gabert-Quillen et al.

commercial clips
Audio-visual

18

Film clips

Audio-visual

15

Film clips

[16], 2015
Zheng and Lu [29],
2015
Gilman et al. [26],

(Chinese only)
Audio-visual

295

2017

Film clips, documentaries,

Western

Controlled

Film clips, TV news and

Asian

Controlled

TV shows

(Chinese Only)

internet programs, and
personal videos

Song et al. [30],

Audio-visual

28

2019
Michelini et al. [17],

Audio-visual

28

Film clips

Western and Latin

Wild

Audio-visual

360

Videos of actions (POV)

Western

Controlled

Audio-visual

24

Film clips, documentaries,

Various countries

Wild

TV shows, commercials

(Western, Thailand,

2019
Di Crosta et al. [14],
2020
Our dataset

Korea, Malaysia,
China)

Other than cultural differences, it is essential to consider other factors that may affect the emotion
elicitation process, such as age and gender. For instance, [45] and [46] have presented the impact of a
person’s age on emotion (valence/arousal). The authors have found that the older the person is, the higher
the valence/arousal is felt. Besides, the influence of the gender differences towards emotional states was
proved by Uhrig et al. [25]. The results have revealed that women react with higher intensity (arousal)
compared to men for both spectra of valence, either positive or negative.
Most of the research on emotion elicitation focused on conducting experiments in a lab-controlled
environment except for [17] and [39]. These two studies conducted their experiments in the wild by
utilizing an online validation method, where participants can partake from anywhere. Besides the claims
from the authors in [47], an online validation study can elicit emotions and obtain similar results as a
laboratory environment experiment. This method is suitable for collecting data during outbreaks because
of contact-free and social distancing is ensured. Moreover, the online validation method offers relatively
fast data acquisition and is advantageous in the sample size and population accessibility. Data
management can also be performed effortlessly as the data is automatically stored in secured cloud
storage once participants submit the survey forms. The data integrity can also be guaranteed as no changes
to the survey forms are allowed after submission.
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3. Methodology
In this work, 24 audio-visual stimuli encompassing clips from various origins such as Western
countries, Thailand, Korea, Malaysia, and China were proposed. These clips are suitable to induce the
emotion of the multi-racial and multi-national participants due to their background and familiarity with
the origins of these clips. The impact of demographic dependents: age, gender, race, nationality, and
place of residence, on people’s perspectives and emotions was studied. An online survey was employed
as the medium for data collection in this study. No lab session was conducted.

3.1 Stimuli and Design
In this study, three research assistants selected excerpts from several sources, namely movies,
documentaries, TV shows, and commercials from various origins, including Asian countries. The
research assistants selected the videos based on three criteria as stated in [48]: (1) the length of the videos
should not be too long to avoid participants feel tired or bored and to avoid multiple emotions occurring
within the same stimulus but long enough to convey the content and elicit the intended emotion, (2) the
videos must be understood without further explanation, and (3) the videos must be able to elicit targeted
emotion based on the dimensional emotion model of valence and arousal.
Twenty-four film excerpts with a duration ranging from 1 minute to 5 minutes were shortlisted. These
clips were retrieved from YouTube and expected to induce specific emotional reactions in a twodimensional model of valence and arousal.
All 24 clips are new emotion elicitation stimuli and not from existing datasets. The aim was to adapt
the new datasets to the participants of this study, who are mostly Asians, to evoke the desired emotions
effectively. Each video was given its respective identification number, and the playlist of the videos was
carefully arranged in the online form such that (a) two videos targeting the same emotion were not shown
continuously [23], (b) participants did not watch more than two videos with the same valence and arousal
quadrants consecutively [16]. Table 2 shows a summary of the selected videos.

3.2 Participants
Studies with more than 30 subjects and a balanced number of genders provide better generalization
accuracy than studies with fewer and unbalanced subjects [13]. However, getting many participants
became challenging, especially when the COVID-19 pandemic hits and Malaysian authorities enforced
the movement control order in Malaysia. Therefore, this study adopted the online survey method.
The survey forms were distributed via emails and social media platforms for three months, from April
7, 2020 to June 20, 2020. A total of 42 participants took part in the study, consisted of 22 women and 20
men, and in the age range of between 18 and 45. The participants were classified into two age groups:
18–25 and 26–45. Of the 42 participants, 28 lived in urban areas while the rest lived in rural areas. Next,
88.1% of the participants were Malaysians, while the remaining 11.9% were non-Malaysian citizens. The
participants consisted of four different races, namely Malay (67%), Chinese (21%), Bengali (Bangladesh)
(7%), and Bamar (Myanmar) (5%). The effect of demographic dependence on the participants’ emotions
while watching the emotion elicitation materials was explored, and the results are presented in Section 4.
Table 2. Information of the selected videos
ID
1

Source
China insurance Advertisement
https://youtu.be/FgKGWmfpTpw

Expected
Duration Expected
quadrant in
(min)
emotion
VA scale
A story about the life journey of a single father
4.00
Happy
I
who is willing to do any job to raise his
daughter.
Description
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ID
2
3
4

5
6
7
8
9
10
11

12
13
14
15
16

17
18
19

20
21
22
23
24
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Source
Thailand insurance Advertisement
https://youtu.be/51LkdysQ0gc
Zombie Parkour POV
https://youtu.be/lQHlZoB1Yjw
Tangled Movie
https://youtu.be/7nzPFkYCe0A
3 years old kid arguing with mom
https://youtu.be/aFYsJYPye94
Rain video
https://youtu.be/p3fmBsqB2Zo
Road CCTV Footage
https://youtu.be/WxgtahHmhiw
Moana Movie
https://youtu.be/KGqBfyQFG_g
Frozen Movie
https://youtu.be/VzXT5bIBM0
Joker Movie
https://youtu.be/Na9hWNUYiWc
Harry Potter and the Deathly Hallows
Part 2 Movie
https://youtu.be/2Tpb1XyqGOQ
Thailand insurance Advertisement
https://youtu.be/qZMX6H6YY1M
The Conjuring Movie
https://youtu.be/9tw-y2mF3_8
Frozen Movie
https://youtu.be/XGwX9WdrvME
Spirit Movie
https://youtu.be/rzTQQSKfMV0
Jurassic World: Fallen Kingdom Movie
https://youtu.be/hAf3IBKWubo
Malaysia pencil color Advertisement
https://youtu.be/ozTrgZdntwI
Thailand food advertisement
https://youtu.be/1MG8KeZIuO4
The Lorax Movie
https://youtu.be/Pnzh5p6MxkQ
Joker Movie
https://youtu.be/_941jhR6Q5U
The Purge Movie
https://youtu.be/Kw6gubNxWQ4
Metronome
https://youtu.be/gsJEMH_emBM
Tangled Movie
https://youtu.be/WLL9-q8qQcQ
Video of child abuse
https://youtu.be/3H90g34WazE

Description
A story about a guy who always helps anyone
without expecting anything in return.
A group of people running away from the
zombie attack.
A scene where Rapunzel feels worried about
escaping the tower, but at the same time, she is
excited to be out and see the world.
A video of a 3-year-old kid cutely arguing with
his mother.
Rain video with soothing music.

Expected
Duration Expected
quadrant in
(min)
emotion
VA scale
3.04
Happy
I
3.23

Scary

II

2.31

Happy

I

2.34

Amuse

I

1.19

Relaxing

IV

CCTV footage of the busy road.

1.20

Bored

III

A scene of little Moana plays at the seaside.

2.44

Happy

I

A scene of Anna and Elsa's parents died, and
Anna felt ignored by Elsa.
Joker kills a man that comes to his house.

3.20

Sad

III

4.21

Disturbing

II

A scene where everyone chants a spell to
protect Hogwarts.

2.00

Excited

I

A story about a girl who is embarrassed about
having a deaf and mute father.
A part of the exorcism scene.

3.01

Sad

III

1.15

Scary

II

A scene of little Anna and Elsa play together.

1.20

Happy

I

A beginning scene of the movie showing life in
the jungle.
A scene of dinosaurs eating the workers in the
sea and chasing those who run away in a
helicopter.
A story of a friendship between two classmates.

4.39

Relaxing

IV

3.53

Fear

II

2.46

Happy

I

A story about a mom searching for her missing
daughter.
A scene where the owner of the house is
shocked after waking up from sleep with
animals around his house.
A scene where Joker kills his mom at the
hospital.
A scene where the police patrol around the city
during the purge day.
A video of a metronome.

2.55

Sad

III

1.23

Amuse

I

2.08

Disturbing

II

1.55

Fear

II

3.00

Bored

III

A video of Rapunzel saving Flynn.

3.31

Happy

I

A video of a child abused by a nanny.

1.43

Angry

II

3.3 Measures
The online survey form was divided into two sections. The first section recorded the demographic
information of respondents: age, gender, race, nationality, and place of residence (e.g., urban or rural).
The study concerning the videos are available on the second part of the form. At the end of each video,

Human-centric Computing and Information Sciences

Page 7 / 17

the video excerpts were annotated by participants using the dimensional emotion, namely valence and
arousal, with a Likert scale [49] from 1 (lowest) to 5 (highest). The dimensional emotion model is simple
and has low complexity. Therefore, it can be used for various emotional elicitation and is suitable for
researchers to collect responses from non-English speakers and different age ranges.

3.4 Procedure
Since the emotion elicitation was performed during the COVID-19 pandemic, online-based forms were
utilized to collect data (demographic and emotion annotations) from participants. The participants were
asked to fill out the survey forms from their respective homes in order to comply with the movement
control orders set by the authorities.
Without the laboratory-controlled environment, the emotions were elicited in the wild, such as in the
bedroom, kitchen, or living room. More realistic situations (i.e., resting, studying, or working) can evoke
more genuine emotions during the survey session.
The survey began by explaining the study’s objective; thereby, the participants have a better
understanding of this study. Next, the dimensional emotion model (valence and arousal) concepts were
described in detail along with the scale (Fig. 1) as a reference during the survey. The participants were
informed that all answers given will be kept strictly confidential and will only be used for legitimate
research purposes. Subsequently, the participants have to self-assess their emotions by reporting the felt
valence and arousal while watching the video using the five-point Likert scale at the end of each video.
In addition, the participants were reminded to rate their feelings according to what they felt while
watching that video rather than according to their general mood or what they believed they should feel
or expect about the video. The data from the survey is saved to the cloud, Google drive storage. The
online survey procedure and the survey form design are illustrated in Fig. 2 and Fig. 3, respectively.

Fig. 2. Overall procedure.
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Fig. 3. Example of the survey question.

4. Data Analysis and Results
4.1 Comparative Analysis
The obtained data were screened before performing any statistical procedures, to ensure the data are
usable, reliable, and applicable for analysis. No missing values were detected. The Shapiro-Wilk test [50,
51] was used to assess the normality of each video. The significant value acquired in this study indicated
that the collected data were not distributed normally, with the significance value for all videos is less than
0.05. Since the obtained data was small with a non-normal distribution, non-parametric tests were used
to conduct the comparative analysis based on demographic factors. The test was recommended [52]
because (1) the result is not easily influenced by outliers and (2) it can handle ordinal data. This study
applied the Mann-Whitney U test and the Kruskal-Wallis H test to find significant differences between
the five demographic factors (age, gender, place of residence, nationality, and race).
Specifically, the Mann-Whitney U test was used to compare the differences between two demographic
groups, such as age (18–25 and 26–45), gender (women and men), citizenship (Malaysian and nonMalaysian), and place of residence (urban and rural). For the race factor, which has four different groups,
the Kruskal-Wallis H test was used. This test extends the Mann-Whitney U test to compare more than
two separate groups [53].
This analysis is divided into five parts according to the participants’ demographic information: age,
gender, place of residence, nationality, and race. The analysis results for age, gender, residence, nationality,
and race are depicted in Figs. 4–8, respectively. Interpretations of the non-parametric test results are as
follows: (1) if the p-value is greater than the alpha value (α=0.05), do not reject the null hypothesis and
accept the significant differences that do not exist between groups, and (2) if the p-value is less than or
equal to the alpha value, reject the null hypothesis and conclude that there are significant differences [54].
• Age: A Mann-Whitney U test (Fig. 4) indicates that Video 17 acquired a greater score of positive
valences from participants in the age group of 25–26 (Md = 4) than participants in the age group of
18–25 (Md = 4), U = 142, Z = -1.96, p = 0.05. The rest of the videos did not significantly differ either
on the valence or arousal score (p > 0.05). Therefore, almost all selected videos are age-neutral.
• Gender: A Mann-Whitney U test (Fig. 5) reveals no significant difference in all videos between the
two gender groups, female and male (p > 0.05). This result shows that the selected videos are genderneutral.
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Fig. 4. Mann-Whitney U test results for participants’ age.

Fig. 5. Mann-Whitney U test results for participants’ gender.
• Place of residence: A Mann-Whitney U test (Fig. 6) shows significant differences of participants’
residences in the valence score for Video 17 (the mean levels of participants who lived in urban areas
and rural areas were 24.21 and 16.07, respectively; U = 120, Z = -2.20, p = 0.03). The rest of the
videos did not significantly differ either on the valence or arousal score (p > 0.05).
• Nationality: A Mann-Whitney U test (Fig. 7) reveals significant differences in several videos
between the two nationality groups, Malaysian and non-Malaysian. Videos that obtained significant
differences in the valence score are Video 1 (p = 0.05), Video 5 (p = 0.03), Video 6 (p = 0.001),
Video 11 (p = 0.04), Video 12 (p = 0.04), and Video 24 (p = 0.01). Videos that acquired significant
differences in the arousal score are Video 6 (p = 0.03), and Video 18 (p = 0.01). The outcomes
indicate that only Video 6 attained a significant difference in both valence and arousal scores.
• Race: The participants in this study comprise four races: Malay (n = 28), Chinese, (n = 9), Bengali
(n = 3), and Bamar (n = 2). Therefore, the Kruskal-Wallis H test was conducted to observe significant
differences between these four independent groups. The result in Fig. 8 shows that 11 videos acquired
significant differences in terms of different racial groups. Videos that achieved significant
differences in the valence score are Video 1 (p = 0.07), Video 4 (p = 0.05), Video 6 (p = 0.01), Video
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7 (p = 0.02), Video 9 (p = 0.05), Video 12 (p = 0.01), Video 15 (p = 0.05), Video 16 (p = 0.05),
Video 18 (p = 0.03), Video 19 (p = 0.006), and Video 22 (p = 0.04). However, only Video 18 acquired
significant differences in the arousal score (p = 0.03), which also indicates only Video 18 achieves
significant differences in both valence and arousal scores.
Overall, non-parametric tests (Mann-Whitney U and Kruskal-Wallis H) showed age, place of
residence, nationality, and race induced different emotions for a few films. These findings support the
previous literature [16, 38, 45], which asserts that culture and environment can influence a person’s
emotions. Interestingly, the two genders show no emotional differences for all videos in this study’s
dataset, making it a gender-neutral dataset.

Fig. 6. Mann-Whitney U test results for participants’ place of residence.

Fig. 7. Mann-Whitney U test results for participants’ nationality.
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Fig. 8. Kruskal-Wallis H test results for participants’ race.

4.2 Self-Assessment Analysis
In this section, the videos that successfully evoked the targeted emotions are discussed. Next, the
analysis is described in more detail using the valence and arousal scales (i.e., self-assessment analysis)
and descriptive statistics. Fig. 9 presents the scatter plots for the targeted emotions and the location of
participants’ mean assessments for each video on the valence-arousal scale.

(a)

(b)

Fig. 9. (a) Targeted emotions of each video and (b) participants’ mean rating location.
Overall, the result shows that 79% of the videos successfully elicit the targeted emotional reactions in
the two-dimensional model of valence and arousal. Of the 24 videos, 19 were found to occupy the same
quadrant as the targeted emotions, proving the effectiveness of these videos in evoking the targeted
emotions. While the remaining videos (5, 6, 9, 12, 18) are located in different quadrants.
• Video 5 was expected to elicit the amusement emotion, which is in the first quadrant. However, the
observation of the mean location for this video shows that it is located between the second and third
quadrants. The significant differences between nationalities contributed to this result based on the
performed Mann Whitney U test.
• Video 6 was expected to evoke calmness and relaxing emotions. However, this video failed to evoke
those emotions because, based on the participants’ ratings, most of them felt the negative valence
emotions (i.e., sad or bored) while watching the video. The Mann-Whitney U test for nationality and
Kruskal-Wallis H test for race reported significant differences for this video.
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• Video 9 is an excerpt from the “Frozen” movie that highlights the sad emotions in which Anna feels
ignored by Elsa and when they receive news of their parent’s death. However, based on the mean
location of this video, it even evokes positive emotions in the first quadrant. The Kruskal-Wallis H
test shows that race differences led to this observation.
• Videos 12 and 18 each tell a story of love between parents and their children. The storyline of these
two videos was expected to evoke sad emotions (third quadrant). Hence, Fig. 9 clearly shows that
both videos are located in the second quadrant based on the participants’ ratings. Similar to the
above-discussed videos, the Mann-Whitney U and Kruskal-Wallis H tests showed that the
differences between their nationality and race contributed to this finding.
The diversity of opinions and perspectives allows the difference between the expected emotion and the
actual emotion felt by the participants to occur. Furthermore, factors such as nationality and race that are
closely related to culture and environment are probably among the reasons for these five videos’
misclassification. Additionally, Gabert-Quillen et al. [16] pointed out familiarity with the stimulus can
influence emotional evaluation. Participants tend to react positively to the videos they have watched in
the past. For example, Video 9, taken from popular sources, reported positive emotions instead of the
targeted sad emotion.
Moreover, the application of a dimensional emotion model may have confused some participants due
to misunderstandings of terminologies, leading to errors in annotations of valence and arousal. Discrete
emotional keywords may provide a better classification of emotions based on the standard emotion terms
(e.g., happy, sad, or angry) [27]. Besides, since the study took up to 60 minutes, the participants may
become tired and unable to give full attention to the videos; thus, leads to biased towards specific ratings
[2, 55].

5. Discussion
5.1 Implications of the Study
This study proposed a new set of stimulus material that includes Asian clips to suit the participants of
various Asian ethnicities and nationalities in eliciting human emotion. The results proved that the
proposed videos effectively evoked the targeted emotions.
Furthermore, the findings of this research support the claim by Kiriya et al. [47] that an online
validation study can elicit emotions and obtain similar results as the laboratory-controlled environment
experiment. Not only that, the method employed in this study was proved to be effective and viable to
collect valuable data during a pandemic. It successfully captured authentic emotions in an uncontrolled
environment (i.e., in the wild environment).
Gender differences in emotional studies have been explored previously. Interestingly, the findings of
this study showed no significant differences between the two genders (women and men) on the stimuli
used. These outcomes indirectly contributed to the proposal of a set of gender-neutral videos that can be
used by researchers who focus on gender-related content when selecting stimulus materials for emotion
elicitation experiments.
In addition, this study confirms the outcomes of previous studies [16, 38, 45] in which different cultural
environments affect the subject’s perspective and emotions. It is also found that race and nationality are
vital factors that affect human emotions. These two factors are closely related to the existence of cultural
differences such that to some extent, they change the human perspective in viewing something. This
difference can be seen in the Mann-Whitney U and Kruskal-Wallis H tests for the race and nationality
analyses, as presented in the previous section.
Overall, this study successfully identified and validated 24 videos, including videos of the Asian
origins, as a stimulus for evoking the desired emotions. Furthermore, the set of stimulus material of this
study is also suitable for eliciting emotions to suit the participants from Asia.
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5.2 Limitations and Future Works
Some limitations were found throughout the study and should be addressed to achieve better results.
The first limitation is the use of videos directly from YouTube. The video’s title probably primes the
emotion of the participants before they watch the video. This factor affects the participants’ emotional
state during the study and compromises the video's credibility in evoking the targeted emotions to be
criticized. To address this problem, the videos should not have any titles or captions to let the pure
emotions are elicited without being influenced by these factors.
The second limitation is based on the participants’ feedback; some of them found that it was not easy
to understand the meaning of valence and arousal used in the survey. Nonetheless, the discrete emotion
keywords in Fig. 1 helped them during the survey. This feedback indicates that despite the positive claim,
the dimensional emotion model has disadvantages because participants are more familiar with the discrete
emotion keywords such as happy, sad, or angry. Therefore, the use of discrete emotional keywords in
emotional studies should be considered.
The third limitation is the one-hour survey period, which may have contributed to a low number of
participants. In addition, the long survey period caused participants to become tired and lose focus
towards the end of the survey; thus, leads to biased towards specific ratings. According to previous
studies, the average attention span (i.e., the amount of time an individual can focus continuously on a
task without interruption) is between 20 and 30 minutes [55]. In the traditional approaches, the
participants are allowed to rest in the middle of the survey and carry over after the break. Although it is
difficult to implement in online surveys, this break time should be considered in future studies to reduce
fatigue and keep participants focused. It is suggested that an online survey should be accompanied by a
timestamp recording for each video such that researchers can detect whether the participants take a break
or not. Thus, the effect of resting in the middle of the survey could also be explored in future studies.
Finally, due to the social restrictions set to curb the COVID-19 pandemic, the researchers were unable
to validate the videos used in the study with experts. Instead, the researchers themselves fully determine
the targeted emotions. This choice might be a problem, as the researchers’ emotional annotations might
be less precise than the actual emotional annotations. Therefore, expert validation for each video should
be addressed in future work.
In the future, more engaging stimuli materials such as computer games should be considered. Computer
games are known to effect the cognition and emotion state of the players [56, 57]. Additionally, the
authors of [58], suggested that dynamic changes of visual appearances of movie clips like the brightness,
colors and contrasts can further simulate and intensify the emotion of viewers. This could contribute to
producing a better set of stimuli and should be investigated.

6. Conclusion
In conclusion, the objective of this pilot study is to identify and validate a new set of video stimuli,
including clips from Asian countries. The stimuli were expected to elicit specific emotional reactions in
a two-dimensional model of valence and arousal. The study was conducted during the COVID-19
pandemic. Since the traditional elicitation method (physical lab session) is not encouraged due to the
movement control order set by the government, 24 videos were shown to 42 participants through online
surveys. Seventy-nine percent of the videos successfully evoked the targeted emotions. This result
indicates that the selected videos are a good set of stimuli even in the wild environment or uncontrolled
environment.
Additionally, this study successfully identified a set of gender-neutral videos that could be used in
inducing specific emotions. The results of demographic analysis emphasize the significance of
considering factors such as age, gender, race, nationality, and residence in the study of human emotions
because these factors were found to affect human emotions and perspectives. This new set of stimuli is
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believed to serve as a helpful resource in further enhancing emotional studies’ growth, mainly focusing
on Asian participants. The data from this study are available upon request in agreement with the
participants.
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