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ABSTRACT
This dissertation examines the effect of emotional factors, such as pleasure,
arousal, and intensity, on online video ad sharing. Previous studies found that the
emotions evoked by online video ads could influence consumers’ ad sharing intentions.
However, it remains uncertain which emotional factors trigger ad sharing behavior. Some
researchers argue that positive or high-arousal emotions (e.g., excitement) exert greater
influence on ad sharing than negative or low-arousal emotions (e.g., sadness). However,
these studies do not explain why video ads that evoke low-arousal or unpleasant emotions
are also widely shared on social media. Based on the theory of social sharing of emotion
and the emotion regulation theory, this research proposes that emotional intensity is a
critical factor influencing ad sharing.
This dissertation has two research objectives: (a) to examine the underlying
mechanism of how emotional factors influence consumers’ intention to share online
video ads and (b) to investigate if the relationships between emotional factors and ad
sharing intention can be applied to ad-sharing behavior in a real social media setting.
More specifically, the first objective is to investigate the effects of emotional factors,
including intensity, arousal, and pleasure, on ad sharing intention through self-expression,
social interaction, altruism, and entertainment motives. The second objective is to
examine if expressed emotions in YouTube comments can predict the number of shares
in a real social media setting.
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To achieve these research objectives, this research adopted a methodological
triangulation approach using self-report survey data (in Study 1) and social media data (in
Study 2). The results of the two studies suggest that emotional intensity is the most
critical factor influencing online video ad sharing. Also, Study 1 showed that the indirect
effect of emotional intensity on online video ad sharing intention mediated by social
interaction was greatest. Emotional arousal positively influenced consumers’ intention to
share online video ads (in Study 1) but did not affect real sharing behaviors (in Study 2).
The effect of emotional pleasure was not significant in both studies. This research
contributes to the expansion of viral advertising research by proposing emotional intensity

as a critical factor influencing online video ad sharing.
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CHAPTER 1
INTRODUCTION
Digital media users tend to consider online video ads as interrupting their
consumption of online content (Brechman et al., 2016; Loureiro, 2018). They perceive
online ads as irritating and attempt to avoid them (Campbell et al., 2017). However,
people are likely to pay attention to online video ads shared by their close interpersonal
sources (Hayes et al., 2016). Thus, motivating users to share an online video ad on social
media is considered an effective way to increase advertising exposure (Porter & Golan,
2006).
Particularly, online video ads on YouTube, the most popular digital media
platform in the U.S. (eMarketer, 2020), can reach a large number of people across
Facebook, Twitter, and Tumblr, as people share the ads via various social media
platforms (Nelson-Field et al., 2013; Tellis et al., 2019). For example, Apple has more
than 13 million subscribers on YouTube. Subscribers to Apple’s YouTube channel watch
the video ads uploaded by Apple in the same way as they do other videos on YouTube.
These consumers might consider Apple’s video ads as video content and can easily share
the video ads by clicking the “Share” button. That is, video ads on YouTube can be
exposed to consumers across social media platforms for free.
However, not all video ads are widely shared on social media (Nelson-Field et al.,
2013; Tellis et al., 2019). For instance, Tellis et al. (2019) investigated the number of
1

shares of 1,962 video ads in the U.S. and found that approximately 10% of the ads were
not shared at all, and the breakpoint for 90% quantiles of the number of shares was 6,574.
The maximum number of shares was 1,621,300. Thus, researchers have strived to figure
out what factors influence people’s intention to share video ads (Lee et al., 2013; McDuff
& Berger, 2020; Nikolinakou & King, 2018a).
Previous studies have found that emotions evoked by online video ads could
influence consumers’ ad sharing intentions (Dafonte-Gómez, 2014; Dobele et al., 2007;
Tellis et al., 2019). Emotional arousal has been considered especially important to online
video ad sharing. Several researchers have argued that high-arousal emotions, such as
surprise and excitement, insert a greater influence on online content sharing than lowarousal emotions, such as contentment and happiness (Berger & Milkman, 2012;
Dafonte-Gómez, 2014; Teeny et al., 2020). On the other hand, some studies have shown
that low-arousal emotions have a similar effect on sharing behaviors as high-arousal ones
(Dobele et al., 2007; Tellis et al., 2019). For example, the Google Assistant commercial
“Loretta,” in which an elderly man tries to remember his late wife with the help of
Google Assistant, had been shared over 80,000 times on social media in a month since it
was launched in February 2020, even though it evokes low-arousal emotions (i.e.,
sadness and warmness). This empirical and anecdotal evidence suggests the possible
existence of another emotional factor that influences ad sharing intention. Based on the
theory of social sharing of emotion (Rimé, 2009; Rimé et al., 1998), this research
proposes that emotional intensity may influence ad sharing intention. If the emotional
response to an online video ad is intense, people may share the ad, even if it evokes a
low-arousal emotion (e.g., intense happiness). This study aims to provide evidence to
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resolve discrepant results from existing literature by demonstrating the important role of
emotional intensity in online video ad sharing.
In addition, previous studies have shown that video ads evoking negative
emotions are less likely to be shared (Berger & Milkman, 2012; Eckler & Bolls, 2011;
Phelps et al., 2004; Tellis et al., 2019). However, the findings of these studies are
inconsistent with some real-life situations in which some video ads evoking negative
emotions are shared a lot. For example, Nike’s commercial “For once, Don’t Do It”
(www.youtube.com/watch?v=drcO2V2m7lw), which evokes sadness and anger by
illustrating inequality and injustice, has been shared more than 58,000 times on social
media. A recent study by McDuff and Berger (2020) also showed that negative emotions
can also trigger ad sharing intention. Nonetheless, it is not certain when and why negative
emotions positively influence ad sharing. This dissertation aims to further explore the
effect of negative emotions by investigating the conditions and processes by which
negative emotions influence ad sharing intention.
Furthermore, most extant research has not sufficiently examined the underlying
mechanisms of how emotional factors, including pleasure, arousal, and intensity,
influence ad sharing intention. Teeny et al.’s (2020) study showed that the arousal
regulation motive, which means the desire to increase positive arousal emotions and
decrease negative arousal emotions, mediated the effect of emotional arousal on word-ofmouth. Specifically, people share positive information to increase their positive arousal
(e.g., excitement) and negative information to decrease negative arousal (e.g., angry).
However, their study was not conducted in the context of viral advertising. Nikolinakou
and King (2018a) examined the mediating roles of motives between emotions and ad
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sharing intention. However, since they focused on two specific emotions, awe and
affection, their results cannot be generalized to other emotions. To understand why
emotional factors, such as pleasure, arousal, and intensity, trigger ad sharing intention, it
is imperative to investigate the mediators between emotional factors and ad sharing
intention. Based on the previous findings that emotions evoked by media content trigger
the motives for specific behaviors (Bartsch & Kloß, 2019; Nikolinakou & King, 2018a;
Taylor et al., 2012), this dissertation proposes that motives, such as self-expression,
social interaction, entertainment, and altruism, mediate the effect of emotional intensity
on ad sharing intention. Although emotional pleasure and arousal may also have indirect
effects on ad sharing intention through motives, considering the main purpose of this
study is to examine how emotional intensity influences ad sharing intention, this study
focuses on the indirect effect of intensity through motives. Instead, the interaction effects
between emotional pleasure, arousal, and intensity on ad sharing intention through
motives were examined. By conducting the moderated mediation analysis (i.e.,
interaction effects on mediators and an outcome variable), the conditional indirect effects
of emotional pleasure and arousal through motives can also be inferred.
Besides, previous studies discussed above have focused on the effect of emotions
evoked by video ads on video ad sharing using surveys and experiments. The findings
from previous studies raise the additional question: If emotions evoked by a viral video
ad influence ad sharing intention, can users’ expressed emotions in comments regarding
the video ad predict the number of shares of the ad in a real social media setting?
Answering this question will increase the ecological validity of the present study. Huh et
al. (2020) argued that different methodological approaches other than surveys and
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experiments are necessary to overcome external and ecological validity issues in viral
advertising research. In particular, computational research has an advantage in that it
allows researchers to measure natural and actual behaviors in real-life situations (van
Atteveldt & Peng, 2018). To improve ecological validity, this dissertation additionally
examines the relationship between expressed emotions in comments and the number of
shares by using computational research methods. Notably, since the number of shares
measures the actual sharing behaviors, it has an advantage in ensuring ecological validity.
Expressed emotions in comments also measure actual communication messages
on social media. However, two issues regarding expressed emotions should be
considered. The first one is the construct validity of measures. Specifically, users’
expressed emotions in comments regarding a video ad should reflect their emotions
evoked by the ad. If expressed emotions do not reflect the emotions evoked by the ad,
ecological validity cannot be established. Several scholars argued that online comments
and posts reflect consumers’ opinions and emotions (Ahmad & Laroche, 2015; Feng et
al., 2019; Kim et al., 2019; Lou et al., 2019; Vargo et al., 2019; Yoon et al., 2019). Thus,
it can be expected that the expressed emotions in comments will reflect users’ emotions
evoked by the ad, and thus, will predict the actual number of shares on social media in
the same way as evoked emotions influence ad sharing intention.
Another issue to be considered is the role of users’ expressed emotions in
comments. When people watch an online video ad, they are also exposed to others’
comments regarding the ad. The comments may influence people’s ad sharing behavior.
According to the affect-as-information hypothesis (Clore et al., 2001), users’ expressed
emotions in comments can serve as information to influence others. Consumers interact
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with others by replying to and rating (e.g., Like and Dislike) others’ comments on social
media. For example, as of March 14, 2021, Nike’s “You Can’t Stop Us” commercial
(www.youtube.com/watch?v=WA4dDs0T7sM) got 8,693 comments on YouTube.
Among them, some comments received over 1,000 Likes and more than 10 replies from
others, indicating that consumers read comments on video ads and interact with others to
exchange opinions. Previous studies showed that expressed emotions, such as pleasure
and arousal, in comments of online news articles (Chen & Lu, 2017; Lee & Tandoc,
2017) and in product reviews on online shopping websites (Ludwig et al., 2013; Yin et
al., 2017) positively influence others’ judgments and behaviors. However, the intensity of
expressed emotions has a negative influence on the evaluation of online reviews because
people tend to perceive comments with intense emotional expressions as unobjective or
manipulated (Jensen et al., 2013; Yin et al., 2017). Thus, unlike the first prediction based
on the construct validity (i.e., there will be a positive relationship between expressed
intensity and the number of shares), from the perspective of the affect-as-information
hypothesis, the relationship between expressed intensity and the number of shares may be
negative.
To summarize, users’ expressed emotions, such as intensity, arousal, and
pleasure, in comments regarding an online video ad may not only reflect audiences’
emotions evoked by the ad but also influence other users’ behaviors. Nonetheless, there
has been little attention paid to the relationships between expressed emotions and the
number of shares in viral advertising research. Thus, it is important to conduct
computational research in order to investigate the effect of expressed emotions on the
number of shares. Considering that YouTube is the most popular digital media platform
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in the U.S. (eMarketer, 2020) and that people share YouTube video ads via various social
media platforms (Nelson-Field et al., 2013; Tellis et al., 2019), this dissertation examines
the relationship between the expressed emotions in YouTube comments and the number
of shares of YouTube video ads on social media platforms such as Facebook, Twitter,
Tumblr, and Reddit.
This dissertation has two research objectives: (a) to examine the underlying
mechanism of how emotions influence ad sharing and (b) to increase the ecological
validity of the results of the study related to the first research objective. More
specifically, the first objective is to investigate the effects of emotional factors, including
intensity, arousal, and pleasure, on ad sharing intention through self-expression, social
interaction, altruism, and entertainment motives. The second objective is to examine if
expressed emotions can predict the number of shares in a real social media setting.
To achieve these research objectives, two studies were conducted. In Study 1,
based on the two-dimensional model of emotion (Reisenzein, 1994; Russell, 1980) and
the theory of social sharing of emotion (Rimé, 2009; Rimé et al., 1998), the influences of
emotional factors, such as intensity, arousal, and pleasure, on ad sharing intention via
self-expression, social interaction, entertainment, altruism motives were examined using
a survey method. In Study 2, based on the affect-as-information model (Clore et al.,
2001), the relationship between expressed emotions and the number of shares was
investigated using the computational research method.
The findings from this dissertation fill the gaps in the existing literature on viral
advertising by investigating the roles of emotional factors and motives in triggering video
ad sharing. Specifically, Study 1 contributes to viral advertising research by challenging
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the previous assumption of the role of emotional arousal and suggesting the importance
of emotional intensity in triggering ad sharing. In addition, the results of Study 1 also
explore the relationship between emotional valence and ad sharing.
Furthermore, this dissertation expands viral advertising research by exploring the
relationships between consumers’ expressed emotions and the number of shares in a real
social media setting. An analysis of the relationship between YouTube comments and the
number of shares in Study 2 contributes to improving the ecological validity of Study 1.
This dissertation provides advertising practitioners with insights into which
emotional factors should be focused on in order to increase the number of shares on
social media. In addition, it shows that comments on YouTube can be used to analyze the
performance of emotional factors in increasing the number of shares.
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CHAPTER 2
LITERATURE REVIEW
2.1 VIRAL ADVERTISING
Viral advertising is a particular form of electronic word-of-mouth (Chu & Kim,
2018; Yang & Wang, 2015). It is defined as “unpaid peer-to-peer communication of
provocative content originating from an identified sponsor using the Internet to persuade
or influence an audience to pass along the content to others” (Porter & Golan, 2006, p.
29). Consumers are no longer passive audiences of advertising messages but actors who
take part in the diffusion of advertising messages (Araujo et al., 2020). Viral advertising
is considered an effective strategy to overcome consumers’ advertising avoidance
because people tend to pay attention to video ads shared by close friends and family
members (Hayes et al., 2016; Porter & Golan, 2006).
Studies on viral advertising have investigated the effects of the emotional
responses to video ads on ad sharing (Alhabash et al., 2015; Botha & Reyneke, 2013;
Chen & Lee, 2014; Eckler & Bolls, 2011; McDuff & Berger, 2020; Nelson-Field et al.,
2013; Nikolinakou & King, 2018a; Shehu et al., 2016; Tellis et al., 2019), the effect of
advertising appeal (Kulkarni et al., 2019, 2020), the personality traits of people with a
higher propensity to share viral video ads (Choi, 2020; Kulkarni et al., 2019, 2020),
sharing motivations (Lee et al., 2013; Lee et al., 2019; Motoki et al., 2020; Nikolinakou
& King, 2018b; Plume & Slade, 2018; Taylor et al., 2012; Yuki, 2015), the effect of
9

brand-consumer relationship (Hayes et al., 2016; Taylor et al., 2012), and the effect of the
relationship between a sender and a receiver on the spread of viral ads (Cho et al., 2014;
Hayes et al., 2016; Huh et al., 2020). That is, viral advertising research topics can be
classified into five categories: what (i.e., viral advertising content), who (i.e., personality
traits of ad sharers), why (i.e., motives for ad sharing), under what conditions (e.g.,
consumer-brand relationship), and its effect (i.e., receiver’s acceptance of the shared
video ad).
When it comes to viral advertising content, most scholars agree emotions evoked
by video ads are the key influencers that trigger ad sharing intention (Eckler & Bolls,
2011; McDuff & Berger, 2020; Tellis et al., 2019). Particularly, when a product is
already familiar or low-priced, information-focused ads are less likely to be shared
because too many arguments of the product are uninteresting and rather irritate
consumers (Tellis et al., 2019). In contrast, emotions evoked by video ads play a key role
in triggering ad sharing intention across various product categories (McDuff & Berger,
2020; Nelson-Field et al., 2013; Tellis et al., 2019). Thus, scholars have tried to find what
emotional responses to online video ads positively or negatively influence ad sharing.
These studies, however, have generated inconsistent results. Some studies found higharousal emotions have greater influences on online video ad sharing than low-arousal
emotions (Nelson-Field et al., 2013; Siefert et al., 2009; Weingarten & Berger, 2017),
whereas other studies showed that low-arousal and high-arousal emotions had similar
effects (Dobele et al., 2007; Tellis et al., 2019). Furthermore, some scholars found that
people tend to share video ads eliciting pleasant emotions more than unpleasant emotions
(Eckler & Bolls, 2011; Tellis et al., 2019), whereas other scholars found that negative

10

emotions can also trigger ad sharing intention (McDuff & Berger, 2020; Nelson-Field et
al., 2013).
When it comes to the characteristics of ad sharers, Choi (2020) and Kulkarni et al.
(2019) investigated the influence of the Big Five personality traits, including openness to
experiences, conscientiousness, extraversion, agreeableness, and neuroticism, on ad
sharing intention. They found that people who score high on the extraversion or openness
to experiences among Big Five personality traits are more likely to share viral ads than
others.
Researchers have also investigated the motives for ad sharing. However, there is
currently no consensus on the major motives that drive ad sharing. Recently, Nikolinakou
and King (2018b) and Tellis et al. (2019) proposed three motives for online video ad
sharing: self-expression, social interaction, and altruism. However, several researchers
have found that entertainment is also a motive for ad sharing (Chen & Lee, 2014; Lee et
al., 2013; Plume & Slade, 2018). Furthermore, little is known about which characteristics
of emotions evoked by video ads influence the motives, such as self-expression, social
interaction, altruism, and entertainment.
Also, the strength of the consumer-brand relationship positively influences ad
sharing intention (Hayes et al., 2016). When consumers commit to a brand, they tend to
perceive the congruity between the self and the brand, which in turn increases the
likelihood to share the brand's ad (Hayes et al., 2016; Taylor et al., 2012). In a similar
vein, Tellis et al. (2019) showed that the number of subscribers to the brand’s YouTube
channel positively influenced the number of shares.

11

However, not all viral ads attract similar attention from receivers. Receivers tend
to pay more attention to the viral video ads shared by trusted or close others than those by
strangers (Cho et al., 2014; Hayes et al., 2016; Huh et al., 2020). This might be because
people expect the video ads shared by those in close relationships to have informational
or entertainment values (Cho et al., 2014).
As discussed above, there are several factors influencing ad sharing intention.
Among them, this dissertation focuses on emotions evoked by online video ads and
motives for ad sharing for the following reasons. First, emotions evoked by online video
ads are important factors influencing ad sharing intention (McDuff & Berger, 2020;
Tellis et al., 2019). Other factors, such as consumers’ personality traits and consumerbrand relationships, moderate how evoked emotions influence ad sharing (Hayes et al.,
2016; Kulkarni et al., 2019). Nevertheless, our understanding of the effects of emotions
evoked by video ads is still limited. Specifically, previous studies have shown
inconsistent results of the effects of emotional valence and arousal on ad sharing
(McDuff & Berger, 2020; Tellis et al., 2019). Furthermore, little is known about the
effect of emotional intensity, which is another important factor of emotions (Frijda et al.,
1992; Reisenzein, 1994), on ad sharing intention.
Second, to clearly understand the effects of emotional factors, it is necessary to
investigate mediators in the process by which emotional factors influence ad sharing
intention. Although several previous studies have examined the effects of evoked
emotions, only a few studies investigated the roles of motives as mediators (Nikolinakou
& King, 2018a; Taylor et al., 2012). Furthermore, Nikolinakou and King (2018a)
investigated the effects of specific emotions (i.e., awe and affection), rather than those of
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emotional factors (i.e., pleasure, arousal, and intensity), on ad sharing intention via
motives. Taylor et al. (2012) examined only the effect of pleasure via self-expression
motive. Accordingly, previous studies cannot explain why video ads evoking low-arousal
or negative emotions are also shared a lot on social media.
To better understand which emotional factors influence ad sharing intention and
why, it is necessary to examine the effects of emotional pleasure, arousal, and intensity
via motives such as self-expression, social interaction, altruism, and entertainment.
2.2 EMOTION
Previous research has found out that ad-induced emotions are key influencers that
trigger ad sharing intention (Eckler & Bolls, 2011; Nikolinakou & King, 2018a; Tellis et
al., 2019). Nonetheless, it is not yet clear what specific characteristics of emotions lead to
ad sharing (Poels & Dewitte, 2019). Some researchers argued that high-arousal emotions,
such as surprise and amusement, are more effective in triggering people’s intentions to
share online video ads (Berger & Milkman, 2012; Dafonte-Gómez, 2014). However,
other researchers found that low-arousal emotions, such as warmth and happiness, are as
effective as high-arousal emotions for triggering ad sharing intention (Dobele et al., 2007;
Tellis et al., 2019).
2.2.1 Two Dimensions of Emotion: Pleasure and Arousal
There have been two major approaches to studying the roles of emotions in
advertising. One focuses on basic or discrete emotions such as fear, anger, and surprise
(Ekman, 1992; Lerner & Keltner, 2000). The other approach is to look at the emotional
dimensions proposed by Osgood et al. (1957) and Russell and Mehrabian (1977). Russell
and Mehrabian (1977) claimed that most emotions could be accounted for by three
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dimensions: pleasure, arousal, and dominance (PAD). The dimensional model of emotion
is a useful framework for explaining the characteristics of emotions and their effects on
people’s intentions and behaviors (Bolls et al., 2001; Huang et al., 2017).
Pleasure refers to how positive or negative the emotional response to a stimulus
is. For example, happiness and satisfaction are emotional states of pleasure, whereas
sadness and anger are emotional states of displeasure. Arousal refers to the degree of
mental alertness and physiological activation. Excitement and surprise are the higharousal emotions, and boredom and calmness are the low-arousal emotions. Dominance
means the degree to which people feel a sense of control over a situation during an
emotional experience. For example, anger is related to a high level of dominance, whereas
fear is associated with a low level of dominance.
Among the three dimensions, pleasure and arousal have been empirically
demonstrated as stable dimensions (Bradley & Lang, 1994; Russell, 1980). On the other
hand, dominance explained only a small percentage of the variance of emotion

measurement items compared to pleasure and arousal in factor analysis (Olney et al.,
1991; Poels & Dewitte, 2008; Russell & Pratt, 1980). Thus, Russell (1980) proposed the
two-dimensional model composed of pleasure and arousal, and a large number of studies
have focused on these two dimensions (Bolls et al., 2001).
According to the two-dimensional model, the characteristic of emotions is
determined by the levels of pleasure and arousal (Reisenzein, 1994; Russell, 1980). For
instance, anger is a combination of displeasure and high arousal, while sadness is that of
displeasure and low arousal. Excitement is a pleasant and highly aroused emotion,
whereas calmness is a pleasant and low aroused one.
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2.2.2 Emotional Intensity
Emotional intensity is another characteristic of emotions. Some scholars use
emotional arousal and intensity interchangeably (Alhabash et al., 2015; Botha &
Reyneke, 2013). However, many scholars argue that these concepts are not the same
(Buratto et al., 2014; Dixon-Gordon et al., 2015; Picard et al., 2015; Reisenzein, 1994;
Tellis et al., 2019).
2.2.2.1 Conceptual Difference Between Intensity and Arousal
As discussed above, emotional arousal refers to physiological activation
(Heilman, 1997; Ravaja, 2004). When a person is emotionally aroused, the heart beats
faster, and sweat gland activity increases (Ravaja, 2004). On the other hand, emotional
intensity, also known as emotionality (Berger, 2014; Berger & Milkman, 2012), refers to
the magnitude of an event’s emotional impact. Emotional intensity can be measured as
the perceived strength of the emotion (Aragón, 2017; Frijda et al., 1992; Lench et al.,
2019; Philippot et al., 2006). For example, the perceived strength of happiness, which is a
mild arousal emotion, might range from being slight to being extreme. Emotional
intensity is subjective (Frijda et al., 1992) as different people may experience different
levels of intensity of emotions induced by a stimulus (Larsen & Diener, 1987).
If emotional arousal is the same as emotional intensity, strongly pleasant emotions
(e.g., intense happiness) should also be high-arousal states. However, this violates the
assumption of the two-dimensional model that pleasure and arousal are independent of
each other (Reisenzein, 1994; Russell, 1980). Even though a person feels very pleasant,
his or her emotional arousal state may not be high. The existence of intense depression, a
low aroused state, also indicates that emotional intensity and arousal are independent
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(Picard et al., 2015). Reisenzein (1994) empirically showed that not only high-arousal
emotions but also low-arousal ones could be considerably intense.
Frijda et al. (1992) and Reisenzein (1994) argued that research on emotional
intensity could solve issues not explained by the dimensional model of emotion. For
example, pleasure and arousal themselves may not predict the effect of emotions on
behaviors well. Even though pleasure and arousal may influence the direction of
behaviors such as approach and avoidance (Citron et al., 2016; Elliot & Covington,
2001), the urge of the behavior might be decided by emotional intensity (Brehm, 1999;
Dixon-Gordon et al., 2015). Anger, a negative high-arousal emotion, may not always
trigger a quarrel, but intense anger increases the likelihood of fighting (Frijda et al.,
1992).
2.2.2.2 The Antecedents of Intensity and Arousal
Emotional intensity differs from emotional arousal in its antecedents. Emotional
arousal induced by advertisements can be influenced by the use of medium features such
as edits, zooms, movements, musical tempo, and animation speed (Duff & Sar, 2015;
Lang, 1990; Liu et al., 2018; Sundar & Kalyanaraman, 2004). Fast-paced messages, fast
musical, and dynamic movements of actors in advertising can increase the emotional
arousal of audiences (Duff & Sar, 2015; Liu et al., 2018).
On the other hand, ad content, ad watching context, and consumer characteristics
might influence emotional intensity (Kim et al., 2017; Naor et al., 2018; Shteynberg et
al., 2014; Silvia, 2002). Narrative ads evoke more intense emotional responses than nonnarrative ads (Chang, 2008, 2009; Kim et al., 2017). When it comes to ad-watching
context, Shteynberg et al. (2014) showed that emotional intensity increased when people
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watched a video ad with others than when they watched it alone. Empathetic people
might feel intense emotions while watching charity ads (Naor et al., 2018), whereas selffocused individuals are less likely to experience intense emotions as they tend to control
their affect (Silvia, 2002). Women tend to experience emotions more intensely than men
do (Gentzler et al., 2010). According to the need for affect (Maio & Esses, 2001),
individuals have a different level of motivation to approach emotional events. People
with a higher level of the need for affect are likely to experience intense emotions (Maio
& Esses, 2001).
2. 3 THE EFFECTS OF PLEASURE, AROUSAL, AND INTENSITY
Pleasure can influence attitudes and behavioral intentions (Das et al., 2015;
Mitchell & Nelson, 2018; Poels & Dewitte, 2008). Mitchell and Nelson (2018) examined
the effects of pleasure and arousal on brand attitudes and purchase intentions in the
context of brand placement. Their results showed that the valence of a scene where a
brand was placed influenced band attitudes and purchase intentions. The arousal of the
scene moderated the effects of the valence. When a brand was placed in a positive and
highly arousing scene, band attitudes and purchase intentions were the most desirable.
The results indicate that the positive or negative feelings triggered by an ad stimulus
could be transferred to the brand (MacKenzie et al., 1986).
Arousal can reduce perceived intrusiveness of advertising, increase audiences’
acceptance of advertising, and improve ad memory (Belanche et al., 2017; Jeong &
Biocca, 2012; Newell et al., 2001; Riemer & Noel, 2020) because arousal leads to
selective attention to a stimulus (Lang, 2000). Arousal is also known to speed up
consumers’ decisions making as people tend to feel time goes faster in high-arousal
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situations (Day et al., 2006; Shapiro & MacInnis, 2002; Wearden & Penton-Voak, 1995).
Day et al. (2006) showed that flash banner ads increase emotional awakening, and as a
result, reduce participants’ decision-making process time. Meanwhile, high-arousal may
lead to shallow processing of advertising information (Shapiro & MacInnis, 2002).
Emotional intensity influences people’s information processing. Berntsen (2001)
demonstrated that people tend to recall events vividly when they feel intense emotions
regarding the event. Van Boven et al. (2010) showed that emotional intensity reduced the
psychological distance to an event. For example, participants who felt strong emotions
regarding visiting a dentist perceived the dentist visit as closer (i.e., less psychologically
distant) than those who did not feel strong emotions about a dentist visit. Emotional
intensity also influences the strength of action tendency (Sonnemans & Frijda, 1995).
Shteynberg et al. (2014) found that emotional intensity leads to emotion-based actions.
The more intense sadness people felt watching a video depicting homelessness, the more
money they donated.
As discussed above, emotional pleasure, arousal, and intensity might influence
individuals' information processing, attitudes toward an advertisement and a brand, and
purchase intentions. Other than these, several studies have shown that emotional pleasure,
arousal, and intensity influence the diffusion of information among people (Berger &
Milkman, 2012; Choi & Toma, 2014; Tellis et al., 2019).
2.3.1 The Effect of Pleasure on Ad Sharing
People might hesitate to share video ads evoking negative emotions with others
due to impression management. Impression management refers to the behaviors to
express themselves through communication with the goal of making a positive
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impression (Berger, 2014; Goffman, 1959). Particularly, people tend to use social media
platforms as tools to express true or ideal self-concept (Choi et al., 2020). They post
selfies and share their locations on social media to express themselves (Fox et al., 2018;
Saker, 2016). People believe the online content they post might influence how others
evaluate them. Thus, people are more likely to share positive messages with others to
achieve desired impressions (Berger, 2014; Choi & Toma, 2014). On the other hand,
negative emotions are less likely to be shared because sharing the online content evoking
negative emotions might hurt people’s impressions of the sender (Choi & Toma, 2014;
Rimé, 2009). According to Chen and Berger (2013), people tend to avoid talking about
highly controversial topics in online and face-to-face conversations because of concerns
about social acceptance. People selectively choose the conversation topics to make them
look good.
The MUM effect (Rosen & Tesser, 1970; Tesser et al., 1972) can also explain the
reason why negative information does not spread as widely as a positive one. The MUM
effect refers to the tendency to keep mum about undesirable messages (Rosen & Tesser,
1970). People tend to be reluctant to share negative information because they do not want
to hurt other people’s feelings or be evaluated negatively by others (Dibble, 2018; Dibble
& Levine, 2013). Dibble et al. (2013) demonstrated that people were less likely to share
negative news with others than neutral or positive ones.
Studies on marketing message sharing also found that the messages evoking
positive emotions were shared more often than those evoking negative emotions (Eckler
& Bolls, 2011; Tellis et al., 2019). Eckler and Bolls (2011) examined the effect of
emotional valence on ad sharing intention based on an analysis of 12 real video ads. They
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found that participants were more likely to share ads evoking pleasant emotions than
those evoking unpleasant emotions. Tellis et al. (2019) analyzed hundreds of video ads
uploaded on YouTube and found that positive emotions such as inspiration, warmth, and
amusement positively influenced the total number of shares, but negative emotions such
as fear and shame did not. Tellis et al. (2019) argued that people are inclined to share
online video ads to express self-identity and thus are reluctant to share the ads eliciting
negative emotions.
On the other hand, other scholars argued that negative information could be
shared as much as positive information or even more (Alexandrov et al., 2013;
Baumeister et al., 2001; Hornik et al., 2015; Rimé et al., 1998). Baumeister et al. (2001)
argued that people tend to process negative information more carefully than positive
information because negativity signifies it is important for surviving. That is, people
focus on the negative information in order to avoid and minimize the negative
consequences and also share negative information to warn and help others (Baumeister et
al., 2001). Alexandrov et al. (2013) demonstrated that people share negative word-ofmouth (WOM) to protect and help others, whereas they share positive WOM to manage
self-impression. In other words, as people tend to consider negative information as
important, they think negative information is worth sharing in order to help others.
Some studies also have shown that negative emotions evoked by online content
positively influence ad sharing intention (Berger & Milkman, 2012; McDuff & Berger,
2020; Nelson-Field et al., 2013). According to Berger and Milkman’s (2012) study, anger
and anxiety positively influence online content sharing. More recently, McDuff and
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Berger (2020) found that disgust is related to ad sharing intention using the facial
expression detection method.
The discrepant results of the previous studies on the effect of emotional valence
might be because these studies relied on a small number of video ad stimuli (Eckler &
Bolls, 2011) or utilized non-ad stimuli such as news articles (Berger & Milkman, 2012).
Furthermore, some studies examined the relationship between emotional valence and the
number of shares after categorizing the emotional valence of video ads using content
analysis (Nelson-Field et al., 2013; Tellis et al., 2019). That is, instead of measuring
respondents’ emotional responses to video ads, Nelson-Field et al. (2013) and Tellis et al.
(2019) used coders to categorize the emotions evoked by the ads into positivity and
negativity. Generally, content analysis is used to quantify the usages of explicit
communication messages such as advertising appeals and visual elements rather than
subjective and emotional responses to the messages (Chang, 2017). Although these
studies showed an acceptable level of inter-coder reliability, a high level of inter-coder
reliability does not necessarily mean the coding results are consistent with respondents’
emotional responses to the video ads.
To attain valid and generalizable results, it is necessary to directly measure
respondents’ emotional responses to video ads and use more video ad stimuli. As
previous studies have shown inconsistent results, the following research questions are
posed:
RQ1: How will emotional pleasure influence consumers’ intention to share online
video ads?
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2.3.2 The Effect of Arousal on Ad Sharing
Berger (2014) argued that emotional arousal might increase interpersonal
communication. Specifically, people are more likely to vent negative high-arousal
emotions (e.g., anger and anxiety) than negative low-arousal emotions (e.g., sadness). For
positive emotions, people want to re-experience positive high-arousal emotions (e.g.,
amusement) more than positive low-arousal emotions (e.g., contentment). A high level of
physiological activation (i.e., arousal) leads to social transmissions, such as word of
mouth and ad sharing (Berger & Milkman, 2012). Teeny et al. (2020) argued that
emotional arousal causes information-sharing behaviors because of emotional arousal
regulation. They proposed that there are two types of emotional arousal: energetic arousal
and tense arousal. Energetic arousal refers to the positively aroused state (e.g.,
excitement), while tense arousal is characterized by negatively aroused emotions (e.g.,
fear). Information sharing behaviors help people to maintain or maximize their energetic
arousal and reduce their tense arousal (Teeny et al., 2020).
Alhabash et al. (2015) argued that high-arousal emotions trigger motivational
activation, resulting in social transmissions. When people are exposed to a stimulus that
can be desirable or undesirable, their rapid behavioral responses, such as approach and
avoidance, are critical to survival (Elliot & Covington, 2001). Emotional arousal leads to
selective attention to the stimulus (Lang, 2000) because it functions as a signal of
informational importance (Coker, 2020). Since emotional arousal might increase the
perceived importance of information, people would consider the information as worth
sharing with others (Baumeister et al., 2018).
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The effect of emotional arousal on sharing behavior has been supported by several
studies (Berger, 2011; Berger & Milkman, 2012; Nelson-Field et al., 2013; Siefert et al.,
2009; Weingarten & Berger, 2017). Berger and Milkman (2012) analyzed 6,956 articles
from New York Times, showing that news articles evoking high-arousal emotions tend to
be more shared compared to those evoking low-arousal emotions. Nelson-Field et al.
(2013) also showed that video ads evoking high-arousal emotions were shared more than
those evoking low-arousal emotions on social media. Thus, the following hypothesis is
suggested:
H1: Emotional arousal will positively influence consumers’ intention to share
online video ads.
2.3.3 The Effect of Intensity on Ad Sharing
Although the effect of emotional arousal on ad sharing was supported by some
studies (Berger, 2011; Berger & Milkman, 2012; Nelson-Field et al., 2013; Siefert et al.,
2009), other studies showed somewhat different results (Dobele et al., 2007; McDuff &
Berger, 2020; Tellis et al., 2019; Yuki, 2015). Yuki (2015) surveyed 10,083 U.S.
adults on the 2,000 most-shared posts on Facebook. She asked respondents to answer
which emotions the average Facebook user would feel reading the post. Respondents
answered happiness (i.e., mild arousal) more often than excitement (i.e., high-arousal).
The frequency of happiness was greater than excitement in almost every category. Only
in games and automotive, respondents answered excitement more than happiness. Tellis
et al. (2019) conducted a content analysis on 345 video ads uploaded on 79 brands’
YouTube channels. They examined the relationship between video content emotions and
the total number of shares on social media, such as Facebook, Twitter, Google+, and
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LinkedIn, for 30 days after each video ad was uploaded. They found that not only higharousal emotions, such as amusement and excitement but also low-arousal emotions, such
as warmth, positively influenced the number of shares on social media. These results
were replicated in their second study using 512 videos across 228 brands. Based on the
results, they argued that low-arousal emotions could also trigger ad sharing behaviors as
much as high-arousal emotions. More recently, McDuff and Berger (2020) examined the
effect of emotions on ad sharing intention using the facial expression detection method.
The results showed that although joy had a positive relationship with ad sharing intention,
surprise (i.e., a high-arousal emotion) was not associated with ad sharing intention. These
competing results indicate that there might be another under-investigated emotional
factor influencing ad sharing.
According to the theory of social sharing of emotion, emotional intensity induced
by an event is the key predictor of social sharing of emotion (Choi & Toma, 2014; Curci
& Rimé, 2008; Luminet et al., 2000; Rimé, 2009; Rimé et al., 1998). Social sharing of
emotion is defined as the behavior that individuals communicate with others about their
emotional reactions to a certain event (Rimé et al., 1991). Rimé et al. (1991) found that
neither the type of emotions nor the emotional valence affected the proportion or extent
of sharing. Instead, when people experience an emotionally intense event, they tend to
share their episodes with others in order to re-experience the positive event, alleviate the
negative emotions, or facilitate social interactions (Choi & Toma, 2014; Curci & Rimé,
2008; Luminet et al., 2000; Nikolinakou & King, 2018b; Rimé, 2007; Rimé et al., 1998).
The more intense an emotion is, the more likely people are to talk about it. If the
emotional intensity is not strong enough, people would not socially share their emotions
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(Luminet et al., 2000). Choi and Toma (2014) found that emotionally high intense events
are more likely to be shared on social media than emotionally low intense events. Thus,
emotional intensity might be an important variable that affects the social sharing of
emotion regardless of other characteristics of emotions, like valence and arousal.
Emotional regulation may also explain the effect of emotional intensity on ad
sharing. Emotion regulation refers to the strategies people use “to influence which
emotions they have and when they have them” (Gross & John, 2003, p. 348). When
people experience a positive event, they might try to enhance or maintain the positive
emotions by expressing, savoring, or ruminating the positive emotions (Gentzler et al.,
2010; Kemp, Chapa, et al., 2013). The desire for enhancing positive emotions gets
stronger as emotional intensity increases (Wilms et al., 2020). People also try to minimize
intense negative emotions by talking about negative experiences with others (Gentzler et
al., 2010). The more intense positive (or negative) emotions are, the more likely people
are to talk about positive (or negative) events because they want to maximize (or
minimize) them. In a similar vein, the intensity of emotions evoked by a video ad might
increase the likelihood of online video ad sharing.
H2: Emotional intensity will positively influence consumers’ intention to share
online video ads.
2.4 AD SHARING MOTIVES
Research on motives in the mass communication field has been mainly based on
the Uses and Gratifications (U&G) theory. The U&G theory aims to explain why and
how people use specific media (Katz et al., 1974). U&G theory assumes that audiences
are active, use media purposely, are motivated to satisfy their psychological needs or
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desires, and are aware of their motives for media use (Katz et al., 1973). According to the
U&G theory, motives are influenced by social and psychological factors such as lifestyle,
personality traits, religiosity, and loneliness (Katz et al., 1974; Rubin, 2009; Windahl,
1981). Motives are predetermined before using media, and people choose media to use
based on their pre-existing motives. Thus, many studies have used motives for media use
as independent variables or moderators (Hamari et al., 2019; Huang & Zhou, 2018; Lee
& Cho, 2020; Luo & Remus, 2014; Wang et al., 2019).
Unlike the motives for media use, the motives for ad sharing are not
predetermined before watching the ads, and people do not watch video ads to meet their
desires to share the ads. The motives for ad sharing might be caused by emotions evoked
by online video ads (Eckler & Bolls, 2011; Nikolinakou & King, 2018a; Taylor et al.,
2012; Teeny et al., 2020). Human emotions and motives are highly correlated (Bradley &
Lang, 2007; Izard et al., 2011; Percy, 2012). Brehm (1999) argues that emotions trigger
motives in order to make people adapt to situational conditions. For example, the fear of
losing a job can cause people to work harder via the avoidance motive (Percy, 2012).
Bartsch and Kloß (2019) also argued that empathy evoked by charity advertising
messages influences donation intention by triggering the altruistic motive. In a similar
vein, emotions evoked by online video ads might influence the motives for ad sharing,
which in turn influences ad sharing intention (Eckler & Bolls, 2011; Nikolinakou &
King, 2018a; Taylor et al., 2012). Thus, this study will consider motives for ad sharing as
mediators, not moderators.
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2.4.1 Ad Sharing Motives as Mediators
Several researchers have identified the motives for online video ad sharing. Based
on the previous studies on motives for electronic word-of-mouth (eWOM) regarding
personal experiences, Nikolinakou and King (2018b) and Tellis et al. (2019) proposed
three major motives for online video ad sharing: self-expression, social interaction, and
altruism. Additionally, studies on online video ad sharing found the entertainment
motive, distinctive from motives for eWOM regarding personal experiences, is another
important motive (Chen & Lee, 2014; Lee et al., 2013; Lee et al., 2019; Phelps et al.,
2004; Plume & Slade, 2018; Yang & Wang, 2015). This might result from consumers’
expectation of the entertainment values from advertisements (Taylor et al., 2012; VanTien Dao et al., 2014).
Although several studies have identified motives for ad sharing, each study
proposed somewhat different motives. Accordingly, there is no consensus on the major
motives for ad sharing. Furthermore, little is known about the mediating roles of motives
between emotional factors and ad sharing intention.
Thus, this study integrated the motives based on the previous studies and
examined the mediating effects of the motives on the relationships of emotional intensity
and ad sharing intention. By doing so, this study clarifies how emotional intensity
influences ad sharing intention.
As shown in Table 2.1, this study will investigate the four major motives for
video ad sharing: self-expression, social interaction, altruism, and entertainment.
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Table 2.1 Motives for Online Video Ad Sharing
Ad Sharing Motives

Authors (year)

Self-Expression

Hayes et al. (2016); Lee et al. (2019); Nikolinakou and
King (2018b); Taylor et al. (2012); Yang and Wang
(2015)
Hayes et al. (2016); Lee et al. (2019); Nikolinakou and
King (2018b); Plume and Slade (2018)
Hayes et al. (2016); Phelps et al. (2004); Plume and Slade
(2018)
Chen and Lee (2014); Lee et al. (2013); Lee et al. (2019);
Phelps et al. (2004); Plume and Slade (2018); Yang and
Wang (2015)

Social Interaction
Altruism
Entertainment

2.4.1.1 Self-Expression
Self-expression as a motive is people’s desire and expectation to express their
self-concepts and uniqueness or make themselves look good (Berger, 2014; Taylor et al.,
2012; Yang & Wang, 2015). Several studies found that self-expression is a key motive
for online video ad sharing (Hayes et al., 2016; Lee et al., 2019; Nikolinakou & King,
2018b; Taylor et al., 2012; Yang & Wang, 2015).
For instance, Taylor et al. (2012) showed that people tend to share online video
ads that are congruent with their self-concepts with others to express the self. Just as
people prefer and purchase a brand that matches their self-concept (Belk, 1988; Sirgy,
1986), they might also share online video ads for achieving and presenting their desired
self-image (Taylor et al., 2012). The video ads people share on social media may have the
symbolic value of self-expression (Taylor et al., 2012). Nikolinakou and King (2018b)
also showed that distinctiveness is one of the major motives for online video ad sharing.
Distinctiveness refers to the desire to differentiate from others by showing their
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uniqueness. They argued that people share humorous video ads to build a distinctive and
unique self-image on social media.
As an emotionally intense story or event is easy to attract attention from others
(Duprez et al., 2014; Rimé, 2009), people might think video ads evoking intense
emotions may be useful in expressing people’s self-concepts and uniqueness. Also, since
emotional intensity decreases the psychological distance to an object (Van Boven et al.,
2010; Wong & Bagozzi, 2005), people might perceive the object closer when they feel
intense emotions, and consequently, they are likely to incorporate it into their selfconcept (Van Boven et al., 2010; Wong & Bagozzi, 2005). Thus, it can be expected that
intense emotions evoked by a video ad will trigger ad sharing intention through the selfexpression motive.
H3: Self-expression motive will mediate the positive effect of emotional intensity
on consumers’ intention to share online video ads.
2.4.1.2 Social Interaction
People tend to share their emotions with others to strengthen social bonds (Duprez
et al., 2014; Rimé, 2009). Considering relationship building is one of the fundamental
needs to use social media (Hollenbaugh & Ferris, 2014), people might share online video
ads on social media to achieve a sense of belonging (Plume & Slade, 2018). By sharing
video ads, people can have interesting conversations with others (Nikolinakou & King,
2018b) and build and maintain relationships with others who have similar interests and
values (Jenkins et al., 2019).
When people feel intense emotions, they are likely to share their emotions with
others to strengthen their social relationships (Baumeister et al., 2001; Rimé, 2009).
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Experiencing common emotions about a certain event and having a shared understanding
of it might strengthen relationships between people (Baumeister et al., 2001; Baumeister
et al., 2018). Particularly, people share their intense emotions expecting listeners’ active
reactions (Hovasapian & Levine, 2018). If an episode does not evoke intense emotions,
people might not expect others to show interest or empathy in the emotional event, and
thus, they are less likely to share their emotions (Rimé, 2009). In a similar vein, several
studies on ad sharing motives showed that social interaction motives positively
influenced ad sharing intention (Hayes et al., 2016; Lee et al., 2019; Plume & Slade,
2018). As emotionally intense episodes can spark conversations with others (Nikolinakou
& King, 2018b), people might share the positive episodes to strengthen social bonds
(Duprez et al., 2014; Rimé, 2009).
H4: Social interaction motive will mediate the positive effect of emotional
intensity on consumers’ intention to share online video ads.
2.4.1.3 Entertainment
Entertainment as a motive refers to the desire and expectation to have fun, joy,
and pleasure (Lee et al., 2013). Studies on media usage motives have identified
entertainment as a major motive across different media types, such as television, Internet,
and social media (Hunt et al., 2012; Papacharissi & Rubin, 2000; Rubin & Rubin, 1981).
Zillmann (2000) argued that the entertaining motive for media use is for maximizing
pleasure or minimizing negative emotions.
In a similar vein, according to the theory of social sharing of emotion, people tend
to share their emotions with others in order to re-experience, recall, and amplify positive
emotions (Duprez et al., 2014; Rimé, 2007). People can maintain or boost their positive
30

feelings by sharing their positive episodes with others (Gentzler et al., 2010; Kemp,
Chapa, et al., 2013). When people feel an intense positive emotion, they tend to be
motivated to re-experience it, and thus, they talk about the positive events (Duprez et al.,
2014). Given that entertainment motive is a broad concept referring to the desire to have
positive emotions, such as pleasure, joy, amusement, and fun (Oliver & Raney, 2011;
Plume & Slade, 2018), the intensity of positive emotions evoked by video ads will trigger
entertainment motive, which in turn positively influence ad sharing intention.
H5: Entertainment motive will mediate the positive influence of emotional
intensity on consumers’ intention to share online video ads.
2.4.1.4 Altruism
Altruism has also been considered as a motive for online video ad sharing
(Nikolinakou & King, 2018b; Tellis et al., 2019). Altruistic motivation refers to a desire
to help others or show concern to others (Tellis et al., 2019). Sharing useful and practical
information (e.g., incentive or promotional ads) on social media can be considered as
helping others (Araujo et al., 2015; Yuki, 2015).
Emotions also can trigger the altruism motive. Tellis et al. (2019) argued that
video ads eliciting negative emotions (e.g., sadness and fear), like charity and antismoking ads, might trigger an altruistic motive for ad sharing. People are likely to share
video ads or consumption experiences, which evoke negative emotions, to help and warn
others (Alexandrov et al., 2013; Berger & Milkman, 2012; McDuff & Berger, 2020).
Emotional intensity increases an altruistic motive. Huber et al. (2011) found that
when people feel intense emotions while watching a film regarding a humanitarian crisis,
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they are likely to donate more money. Slovic et al. (2017) also showed that pictures of
imperiled refugee children, which evoke intense empathy, increased altruistic motive.
Considering that the experience of intense negative emotions, such as sadness,
anxiety, and fear, leads to concern for others (Alexandrov et al., 2013; Kemp, KennettHensel, et al., 2013; Small & Simonsohn, 2008), intense emotions evoked by an ad will
trigger ad sharing intention through altruism motive.
H6: Altruism motive will mediate the positive influence of emotional intensity on
consumers’ intention to share online video ads.
2.4.2 Pleasure and Arousal as Moderators
The discrepant results of the previous studies on the effect of emotional arousal
on online video ad sharing might be because there are interaction effects between
emotional pleasure, arousal, and intensity on online video ad sharing intention via
motives.
Emotional pleasure evoked by video ads is positively related to self-expression,
social interaction, and entertainment motives. Specifically, people tend to share video ads
evoking positive emotions in order to achieve desired impressions (Berger, 2014; Choi &
Toma, 2014; Taylor et al., 2012). People are less likely to share video ads evoking
negative emotions because sharing negative emotions may hurt social relationships (Chen
& Berger, 2013; Duprez et al., 2014; Rimé, 2009). In addition, people share video ads
eliciting positive emotions to meet their needs to maximize or have fun, joy, and pleasure
(Gentzler et al., 2010; Lee et al., 2013). Thus, it can be expected that the positive
influence of emotional intensity on ad sharing intention via motives, such as self-
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expression, social interaction, and entertainment, will be stronger when a video ad elicits
pleasure than when it evokes displeasure.
Also, the interaction effect between emotional intensity and pleasure might vary
depending on the level of emotional arousal. Even when emotional arousal is low (e.g.,
happiness and warmth), the pleasant emotions with strong intensity may trigger motives
such as self-expression, social interaction, and entertainment. As a result, consumers are
more likely to share online video ads evoking positive emotions. On the other hand, when
emotional arousal is high (e.g., excitement and amusement), people are likely to be
motivated to share online video ads even though the intensity of pleasant emotions is low.
Thus, as emotional arousal signifies the perceived importance of information (Baumeister
et al., 2018; Coker, 2020), even when the intensity is not strong, people might consider
the video ads evoking high-arousal positive emotions as important content to express
self-concept, strengthen social bonds, or enhance fun and joy.
H7: Arousal and pleasure will moderate the effect of emotional intensity on
consumers’ intention to share online video ads via motives such that:
H7.1: When a video ad evokes pleasure, the positive effect of emotional intensity
on consumers’ intention to share online video ads via (a) self-expression, (b) social
interaction, and (c) entertainment motives will be stronger when emotional arousal is low
than emotional arousal is high.
Whereas, if people believe the revelation of negative emotional events could be
harmful to a relationship, they will keep the secrets of the events (Baumeister & Leary,
1995). For example, shameful, guilty, and traumatic emotions are less likely to be shared
(Rimé, 2009). Berger and Milkman’s (2012) study on online word of mouth showed that
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people were less likely to share intensely sad stories (e.g., 9/11 attacks) than slightly sad
ones (e.g., a story about the person who sustained the injury). To regulate negative
emotions, people tend to disengage or distract themselves from the negative emotions
when the emotional intensity is high (Sheppes et al., 2011; Wilms et al., 2020). Although
Teeny et al. (2020) argued that people share negative information to decrease their
negative arousal, since venting negative emotions does not help their impression
management and may hurt social relationships (Rimé, 2009), people tend to only share
negative information to close people (Weenig et al., 2001). Considering the video ads
shared by themselves are publicly visible on social media, people might be less likely to
share video ads evoking negative emotions even though emotional arousal is high. That
is, for negative emotions, regardless of emotional arousal, the emotional intensity may
negatively influence self-expression, social interaction, and entertainment motives, which
in turn might reduce the likelihood of sharing the viral video ad.
H7.2: When a video ad evokes displeasure, the emotional intensity will
negatively influence consumers’ intention to share online video ads via (a) selfexpression, (b) social interaction, and (c) entertainment motives regardless of emotional
arousal.
Unlike the motives of self-expression, social interaction, and entertainment
discussed above, the altruism motive is related to negative emotions (Alexandrov et al.,
2013; Berger & Milkman, 2012; McDuff & Berger, 2020). Some scholars argued that
negative emotions might positively influence information sharing via altruism motive
(Berger & Milkman, 2012; Rubenking, 2019; Weenig et al., 2001). Negative information
sharing may signify helping others to avoid negative consequences (Weenig et al., 2001).
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Berger and Milkman (2012) argued that health information evoking anxiety could be
passed to others. That is, if people perceive the ad messages evoking negative emotions
are useful and informative, they are likely to share the ad (Rubenking, 2019). Thus, for
negative emotions, the emotional intensity may positively influence ad sharing intention
by triggering an altruism motive even when emotional arousal is low (e.g., sadness). On
the other hand, even when emotional intensity is low, high-arousal negative emotions
(e.g., anxiety and fear) may positively influence ad sharing intention via altruism motive
as emotional arousal signifies the importance of information.
H7.3: When video ads evoke displeasure, the positive effect of emotional
intensity on consumers’ intention to share online video ads via an altruism motive will be
stronger when emotional arousal is low than emotional arousal is high.
Figure 2.1 presents the hypothetical model of Study 1.

Figure 2.1 Proposed Model (Study 1)
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2.5 EXPRESSED EMOTIONS AND AD SHARING
If the evoked emotions, such as pleasure, arousal, and intensity, influence online
video ad sharing intention, will the expressed emotions in comments predict the number
of ad shares in a real social media setting? To improve ecological validity, it is necessary
to investigate the relationships between emotional factors and ad sharing in a real social
media setting.
There are two possible explanations. First, it can be assumed that the more
intense the emotions people feel from an online video ad, the more likely they are to
express their emotions in online comments. Several computational studies analyzed the
sentiment (i.e., positivity and negativity) and topics of consumers’ online comments
(Feng et al., 2019; Kim et al., 2019; Lou et al., 2019; Vargo et al., 2019; Yoon et al.,
2019). They assumed that online comments and posts reflect consumers’ opinions and
emotions about products and services (Ahmad & Laroche, 2015). Thus, if online
comments reflect consumers’ emotions evoked by an online video ad, in the same logic
as H1 through H8, it is expected that the expressed emotions in comments will predict the
number of ad shares on social media. However, it is uncertain if expressed emotions in
YouTube comments will reflect emotions evoked by the video ads. Thus, the following
research question is posed:
RQ2: Will there be a correlation between the expressed emotions in YouTube
comments and users’ emotions evoked by the ad?
Second, the affect-as-information hypothesis (Clore et al., 2001) can also explain
the relationship between expressed emotions and the number of ad shares. Van Kleef
(2010) argued that people express their emotions intentionally and unintentionally
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through words, faces, voices, and body postures, and expressed emotions influence
others. Van Kleef (2010) pointed out that expressed emotions influence observers by
triggering interpretive processes about the feelings (e.g., ‘Seeing him so sad, he must
have failed the exam’) and emotional contagion processes (e.g., ‘I am sad to see him so
sad’). Expressed emotions of people function as important informational cues influencing
others’ judgments and behaviors (Clore et al., 2001; Van Kleef, 2010; Yin et al., 2017).
Expressed emotions in online comments not only reflect audiences’ emotional
responses but also may influence other audiences’ behaviors. The influence of expressed
emotions will be discussed in detail below.
2.5.1 Expressed Pleasure of Emotion as Information
Online media platforms are one of the places people express their emotions. In
particular, online stores and news websites provide comment sections where people can
share their opinions on products and news articles. Several studies have shown that
expressed emotion in the comments influenced others’ opinions and behaviors (Hong &
Cameron, 2018; Ludwig et al., 2013; Sung & Lee, 2015; Waddell, 2017).
The Modality-Agency-Interactivity-Navigability (MAIN) model can be a
theoretical foundation for explaining the effects of emotions expressed on online media.
The MAIN model posits that a digital medium’s technological affordances, which refer to
the medium’s abilities to enable people to perform certain actions, influence consumers’
evaluations and behavioral intention via cognitive heuristics (Sundar, 2008; Sundar et al.,
2019). Sundar (2008) classified affordances into four categories: modality, agency,
interactivity, and navigability. Modality refers to the way media content is presented.
Agency pertains to whether the medium’s users can be the sources of content.

37

Interactivity focuses on the behavioral choices that users can make while using the
medium. Navigability is related to the ease of exploring the technical features and
content.
Among these four affordances, agency affordance may influence consumers’
evaluations and behavioral intention via the bandwagon heuristic (Sundar, 2008).
Bandwagon refers to individuals’ tendency to emulate certain common behaviors or
beliefs of other people (Fu & Sim, 2011; Sundar & Nass, 2001). Bandwagon heuristic
influences people’s judgments as it signifies collective endorsement from peers (Metzger
et al., 2010; Sundar, 2008; Waddell, 2017).
For instance, Waddell (2017) showed that positive comments on a news article
increased the perceived importance of a news topic through bandwagon perceptions and
attention. Hong and Cameron (2018) examined the effect of comments in a news article
regarding corporate crisis responsibility on the public perception of the company. The
results showed that people attributed less crisis responsibility to a company when they
read online comments defending the company than when they were only exposed to a
news article. These findings indicate that online comments have persuasion effects. Sung
and Lee (2015) investigated whether online comments on a negative video clip regarding
a company influence the public’s attitudes toward the company. They found that negative
comments mostly influenced people whose prior attitudes toward the company were
neutral. Ludwig et al. (2013) showed that positive (negative) reviews on Amazon.com
increased (decreased) consumers’ purchases.
Likewise, people are likely to choose online videos to consume based on other
people’s responses such as comments, likes, and shares (Fu & Sim, 2011; Metzger et al.,
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2010). In a similar vein, an online video ad with a high volume of positive comments
might be considered video content that is worth sharing.
Furthermore, expressed emotions may signify social norms. According to the
Theory of Reasoned Action (TRA), an individual’s behavior can be predicted by
behavioral intention and subjective norms (Ajzen & Fishbein, 1980; Fishbein & Ajzen,
1975). Subjective norm refers to the person’s perception that most people, who are
important to him or her, expect him or her to perform or not to perform a specific
behavior (Ajzen & Fishbein, 1980). Lee et al. (2013) found that subjective norms
regarding ad sharing behavior had a positive influence on ad sharing intention. People are
more likely to share an online video if they believe their friends want them to share the
video ad. Expressed emotions might be one of the heuristics influencing subjective
norms, given the logic that “since most comments are positive, if I share this video ad
with my friends, they must be pleased.”
To sum up, the expressed valence of emotions in comments might influence
bandwagon perception and subjective norms, and thus, trigger ad sharing behaviors.
Given that previous studies have shown positive comments positively influenced attitudes
and behaviors (Hong & Cameron, 2018; Ludwig et al., 2013; Sung & Lee, 2015;
Waddell, 2017; Waddell & Bailey, 2017), the following hypothesis is suggested:
H8: Expressed pleasure of video comments will be positively related to the
number of ad shares.
2.5.2 Expressed Arousal Emotion as Information
Most previous studies on comments focused on the valence of expressed emotions
(Hong & Cameron, 2018; Ludwig et al., 2013; Sung & Lee, 2015; Waddell, 2017).
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However, the arousal of expressed emotions also might influence other people’s
judgments and behaviors.
According to the deindividuation theory, which is a social psychology theory
explaining individuals’ transgressive behaviors in group settings, emotional arousal leads
to deindividuation, which refers to distracting attention from oneself to others (Kugihara,
2001). Since emotional arousal serves as information to signify the importance of a
certain stimulus or the urgency of a situation (Storbeck & Clore, 2008; Waddell, 2017),
when people are aroused, they tend to consider others’ opinions and behaviors more
important than one’s own to minimize risks and maximize benefits (Coker, 2020;
Prentice-Dunn & Rogers, 1982). Thus, emotional arousal leads to deindividuation;
consequently, people are more likely to follow the majority’s opinions or imitate others’
behaviors (Kugihara, 2001). For instance, Coker (2020) investigated the effect of arousal
on consumers’ decision-making. The results showed that highly aroused people were
more likely to choose popular options than little aroused people. He also found that
deindividuation mediated the effect of arousal on the choice decision.
The affect-as-information model, which emphasizes that emotions provide people
with information about situations and influence judgment and decision making (Clore et
al., 2001), also can explain the role of emotional arousal as information. Based on the
affect-as-information model, Storbeck and Clore (2008) argued that emotional arousal
leads to extreme evaluations of the stimulus. People tend to feel more positive or negative
emotions when they are aroused. Since emotional arousal serves as information
signifying the importance of a stimulus, people are likely to be sensitive to the positivity
and negativity of the object in emotionally arousing situations, which in turn polarize

40

their attitudes toward the stimulus (Storbeck & Clore, 2008). In addition, emotional
arousal leads people to make quick decisions (Day et al., 2006; Paulhus & Lim, 1994).
To reduce the complex cognitive process of judgments and speed up their decisions
making, people are likely to evaluate a stimulus extremely so that a positive stimulus
looks more positive and a negative stimulus more negative (Paulhus & Lim, 1994).
For instance, Gorn et al. (2001) showed that the difference in participants’
attitudes toward an ad with a positive tone and one with a negative tone was greater under
a high-arousal condition than under a low-arousal condition. McGrath and Mahood
(2004) also found that an arousing TV program more positively influenced attitudes
toward an ad when the ad immediately followed the program than when the ad was
shown after a delay. Duff and Sar (2015) showed that people who were exposed to a high
arousing stimulus were more likely to try a product shown in the following ad than those
who were exposed to a low arousing stimulus.
Considering that expressed emotions can be contagious (Van Kleef, 2010),
expressed high-arousal emotions might evoke the perceived emotional arousal of other
users. Since emotional arousal signifies the importance of information (Storbeck & Clore,
2008), enhances deindividuation (Coker, 2020), and polarizes the evaluation of a stimulus
(Paulhus & Lim, 1994), people who read the positive or negative online comments with
expressed high-arousal emotions regarding a video ad might show stronger bandwagon
tendency. That is, expressed emotional arousal will strengthen the positive effect of
expressed emotions.
H9: Expressed arousal emotions will be positively related to the number of ad
shares.
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H10: The positive relationship between expressed pleasure and the number of ad
shares will become stronger as the number of comments expressing high-arousal
emotions increases.
2.5.3 Expressed Intensity of Emotion as Information
As discussed above, expressed emotions can be assumed to reflect consumers’
emotions evoked by an online video ad. Also, if many people strongly express their
emotions, bandwagon perceptions might become stronger, and subjective norms would
be positive. Thus, it can be expected that the expressed intensity of positive emotions will
positively influence the number of ad shares.
However, expressed emotional intensity may also negatively influence online
video ad sharing. Studies on online reviews found that emotional intensity negatively
influenced the perceived helpfulness and credibility of the review (Jensen et al., 2013;
Yin et al., 2017). Reviews with overly emotional expressions are considered unobjective
and unhelpful. People tend to perceive intense emotional expressions as signals of the
manipulation of online reviews (Xiao & Benbasat, 2011).
Based on attribution theory, some studies showed that the effect of expressed
emotional intensity on the review helpfulness varies depending on the valence of the
review (Li et al., 2020; Peng et al., 2014). Reviews with extremely positive emotional
expressions could be attributed to self-serving goals (e.g., receiving incentives from a
company), whereas extremely negative reviews could be attributed to altruism purpose
(e.g., warning others). For instance, Li et al. (2020) analyzed 600,686 reviews and the
number of usefulness votes each review received on Yelp. They found that the expressed
intensity of positive emotions had a negative effect on review usefulness. On the other
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hand, the expressed intensity of negative emotions positively influenced. These results
indicate that people tend to perceive online reviews with intense positive emotional
expressions as untrustworthy.
In a similar vein, people might perceive the intense expressions of positive
emotions in comments regarding online video ads to be exaggerated and manipulated.
Hence, people may be unaffected or negatively influenced by intense and positive
emotional expressions in comments.
To sum up, two contradicting expectations are possible. Expressed emotional
intensity may be positively correlated with the number of shares because it reflects the
perceived emotional intensity and enhances the bandwagon perception. On the other
hand, expressed emotional intensity may negatively or not be correlated with the number
of shares because people perceive the comments as manipulated. As the existing
literature does not provide a clear prediction about the relationship between the expressed
intensity of emotion and the number of online video ad sharing, the following research
questions are posed:
RQ3: Will the intensity of expressed emotions in video comments be positively
related to the number of ad shares?
RQ4: Will expressed arousal and pleasure moderate the relationship between
expressed intensity and the number of ad shares?
Figure 2.2 presents the hypothetical model of Study 2.
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Figure 2.2 Proposed Model (Study 2)
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CHAPTER 3
STUDY ONE
3.1 METHOD
With the advent of new advertising types, it becomes increasingly important to
use realistic ad stimuli in order to ensure valid results in advertising research (Geuens &
De Pelsmacker, 2017; Morales et al., 2017). Unrealistic stimuli may reduce the predictive
power and the relevance of the results to the real world of advertising (Vargas et al.,
2017). Given that this dissertation aims to examine the effects of emotions evoked by
online video ads on ad sharing intention, the video ads used as stimuli should be of high
quality. However, it is challenging to create professional and realistic stimulus ads while
controlling confounding factors (Geuens & De Pelsmacker, 2017). Accordingly, the
survey method has been widely used in studies on the effects of video ads (Chen & Lee,
2014; Manyiwa & Jin, 2020; Nikolinakou & King, 2018b; Taylor et al., 2012; Tucker,
2014).
Furthermore, manipulating the evoked emotions, such as pleasure, arousal, and
intensity, may increase confounding effects. Although emotional arousal can be
manipulated by the number of camera shots within one scene, animation speed, and
musical tempo (Duff & Sar, 2015; Lang, 1990; Liu et al., 2018; Sundar & Kalyanaraman,
2004), different ad story plots need to be created to manipulate emotional intensity and
pleasure (Kim et al., 2017). Creating different story plots while controlling confounding
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factors is quite challenging. Thus, in this study, pleasure, arousal, and intensity were not
manipulated but measured. When independent variables cannot be manipulated, a quasiexperiment or survey can be an alternative method to examine the relationship between
variables (Vargas et al., 2017). In this case, confounding factors can be statistically
controlled by treating them as control variables (Hayes, 2018a). For these reasons, this
study conducted a survey using real video ads as stimuli. Confounding variables were
statistically controlled.
3.1.1 Stimuli Selection
Although viral advertising strategies are designed to influence an audience to pass
along the ads to others, they are not always successful in triggering ad-sharing behaviors
(O'Neill, 2010). On the other hand, some online video ads are unexpectedly shared a lot
on social media, even though the companies did not expect high virality (Berger, 2013).
Therefore, in order to understand what emotional factors influence consumers’ online
video ad sharing intention, it is necessary to include both rarely shared and highly shared
video ads as stimuli, regardless of advertisers’ intention (i.e., whether the video ads are
designed as viral ads or not). For this reason, ad stimuli used in this study are not limited
to viral advertising.
As advertising evolved, Kerr and Richards (2020) proposed a new definition of
advertising, “paid, owned, and earned mediated communication, activated by an
identifiable brand and intent on persuading the consumer” (p. 16). In accordance with this
definition, this study considers all videos uploaded on brands’ YouTube channels as
advertisements. A total of 32 online video ads was selected as follows.
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First, to select representative brands that invest heavily in digital video
advertising, a brand list was created by using Ad Age’s (2019) Leading National
Advertisers Index and YouTube Ads Leaderboard. Then, only brands that have their own
YouTube channel was selected. The number of the selected brands was 69 (see Appendix
A).
Second, the video URLs uploaded during the past 24 hours on each brand’s
channel were collected by using the YouTube Data application programming interface
(API) v3.0 every midnight from January to May 2021. A total of 1,945 video ads were
published during the period.
Third, the number of shares on social media, such as Facebook, Twitter, Tumblr,
and Reddit, was collected using Facebook API v7.0 and the Brandwatch platform for 30
days after each video ad was published on YouTube because most ad sharing occurs
within 30 days (Tellis et al., 2019).
Fourth, the video ads that were converted to private and invisible within 30 days
were excluded. Also, since long video ads can cause fatigue for respondents, the ads
longer than 2 minutes were removed from the list. As a result, a total of 1,517 video ads
remained.
Fifth, stratified random sampling was used to select video ads. The distribution of
the shares of video ads was highly right-skewed (minimum = 0; maximum = 22,473;
mean value = 182.80; skewness = 13.27; kurtosis = 199.35). Thus, a simple random
sampling method may produce a sample mostly composed of ads that are rarely shared,
making it difficult to identify the factors that influence ad sharing intention (Tellis et al.,
2019). Accordingly, stratified random sampling was used to select video ads with evenly
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distributed shares. Specifically, the 1,517 video ads were categorized into four groups
based on the number of shares: 1,000 times or more; 100 to 999 times; 10 to 99 times;
less than 10 times. Eight video ads were randomly selected from each group. As a result,
a total of 32 video ads were selected. After that, four groups were combined into two ad
groups: high-shared (i.e., shared 100 times or more) and low-shared (i.e., shared less than
100 times). The list of video ads is shown in Table 3.1.
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Table 3.1 The List of Video Ad Stimuli
Brand

Title

Length

URL

Shares

High-Shared Ads
1,000 ~
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Amazon

Alexa’s Body

1:00

www.youtube.com/watch?v=xxNxqveseyI

22,473

Toyota

Jessica Long's Story | Upstream

1:00

www.youtube.com/watch?v=fqWG5_7nwyk

18,436

Dove

Reverse Selfie | Have #TheSelfieTalk

1:00

www.youtube.com/watch?v=z2T-Rh838GA

12,484

Nike

The Toughest Athletes

1:00

www.youtube.com/watch?v=_-5MGkUwe6w

5,338

Google

Get back to what you love

1:00

www.youtube.com/watch?v=k3y1hJPVavY

4,998

Tide

Tide Cold Callers - Vanilla Ice _ Turn to Cold with Tide

0:30

www.youtube.com/watch?v=cfpt2fr1Geg

3,235

State Farm

Drake from State Farm

0:30

www.youtube.com/watch?v=lvpq2OjmJvg

3,164

Bud Light

Last Year’s Lemons

1:00

www.youtube.com/watch?v=g6CVKs77X74

2,654

GEICO

Trouble With Noisy Pipes?

0:39

www.youtube.com/watch?v=g8_XTzWUhls

979

GMC

ELECTRIC SUPERTRUCK

1:30

www.youtube.com/watch?v=HwLvqvcWEos

875

Budweiser

Reunited with Buds

1:00

www.youtube.com/watch?v=-Y8PZmUw4w0

737

Chevrolet

Field of Dreams

1:00

www.youtube.com/watch?v=Cw-NbEqGYWM

659

Jeep

The Road Ahead

1:24

www.youtube.com/watch?v=66qsVzYPUmc

584

Burger King

Confusing Times

1:38

www.youtube.com/watch?v=ARS78eTBia8

533

adidas

IMPOSSIBLE IS NOTHING - Beyoncé

1:00

www.youtube.com/watch?v=DtKJB-f8iQU

513

Progressive

Break From Work

0:40

www.youtube.com/watch?v=zEU77kUxgQM

291

100 ~ 999

Low-Shared Ads
10 ~ 99
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Ford

The 2021 Ford Bronco™ Sport: We Do

0:35

www.youtube.com/watch?v=3ZJOdube4w0

99

RAM

I’m A Ram | Neighbor

0:30

www.youtube.com/watch?v=nlS0aYDRKD4

85

Google

WebXR Experiments: AR and VR made for the web

1:08

www.youtube.com/watch?v=ttDyimAk88Y

81

Budweiser

Good Times Are Coming

0:37

www.youtube.com/watch?v=Eehmzv2cpNc

68

AT&T

AT&T Dream in Black

0:55

www.youtube.com/watch?v=rzVa4saG9PY

64

Progressive

Dr. Rick | Plumbing

0:49

www.youtube.com/watch?v=-IKW9s8WHrw

39

BMW

The Ultimate Self Driving Machine | 2021 BMW M4

0:15

www.youtube.com/watch?v=SiJGjgYKheA

20

Clorox

Clorox Safer Today Alliance™

0:30

www.youtube.com/watch?v=35Lb7orhZpM

13

Expedia

Book Now, Travel Whenever

0:30

www.youtube.com/watch?v=vx5vaepUBCU

9

IBM

IBM at the Masters

0:40

www.youtube.com/watch?v=Vj83KFYrF6o

9

Coors

The Iceman

0:15

www.youtube.com/watch?v=b41oJYgExZQ

8

Google

Sleep Sensing on the second-gen Nest Hub from Google

0:45

www.youtube.com/watch?v=RUsSjc8y3gQ

7

Old Spice

Odor Coach with Clay Matthews I Old Spice X Secret

0:47

www.youtube.com/watch?v=SISa6KbGhmg

6

Samsung

Meet the new face of Galaxy

0:30

www.youtube.com/watch?v=edwlA4Bw4b4

4

Gatorade

Abby Wambach vs. Usain Bolt | “Get More”

0:15

www.youtube.com/watch?v=rP2P_NxpJv8

2

PEPSI

Better with Pepsi | Fried Chicken

0:30

www.youtube.com/watch?v=1K0zD8fuwrI

0

0~9

3.1.2 Sample
To determine the sample size, a priori power analysis by G*Power 3 was
conducted (Faul et al., 2009). Based on Cohen’s (1988) guidance, α was set to .05 and
power to .80. To detect the small effect size, the effect size f 2 was set to .02. The number
of predictors, including control variables, was eleven: three independent variables (i.e.,
pleasure, arousal, and emotional intensity), four mediators (i.e., self-expression, social
interaction, altruism, and entertainment motives), and four control variables (i.e., the
prior exposure to the advertisement, pre-existing attitude toward the brand, product
involvement, and the perceived informativeness). The results showed that the sample size
for a multiple regression analysis was 850.
A total of 850 adults over the age of 18 residing in the U.S. was recruited from
Amazon Mechanical Turk (MTurk). The results from MTurk samples are known to be
similar to those from national samples (Clifford et al., 2015; Coppock, 2019). Also, the
data obtained from MTurk samples have good quality and produce reliable results
(Goodman et al., 2013; Kees et al., 2017). For these reasons, MTurk samples have also
been widely used in advertising research (Geuens & De Pelsmacker, 2017; Hayes et al.,
2020; Nikolinakou & King, 2018b). After obtaining the Institutional Review Board
(IRB)’s approval from the University of South Carolina, the online survey was conducted
between July 21 and 24, 2021. Participants received $.75 as a monetary incentive.
Among a total of 850 participants, 51.6% (n = 439) were male and 48.4% (n =
411) were female. The average age was 36.9 (SD = 11. 5) ranging from 18 to 74. Of the
participants, 659 (77.5%) were White, followed by African American (n = 133, 15.6%),
Hispanic (n = 38, 4.5%), Asian (n = 16, 1.9%), and others (n = 4, 0.5%). As for
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education, 46.4% (n = 394) had a college degree, 41.4% (n = 352) had a graduate degree,
9.4% (n = 80) had some college credit, 2.2% (n = 19) graduated from high school or had
a GED, and 0.6% (n = 5) had less than a high school degree.
3.1.3 Control Variables
Becker (2005) argued that the indiscriminate use of statistical control might
increase Type I and II errors and suggested researchers explain why selecting certain
factors as control variables. Previous studies show that product involvement (Heath et al.,
2009; Petty et al., 1983), attitude toward a brand (Nikolinakou & King, 2018a; Tucker,
2014), and the pre-exposure to the advertisement (Fang et al., 2007; Zajonc, 1968)
influence ad evaluations. In addition, the informativeness of a video ad might influence
ad sharing intention (Berger & Milkman, 2012; Tellis et al., 2019). Accordingly, the prior
exposure to the advertisement, pre-existing attitude toward the brand, product
involvement, and the perceived informativeness of the video ad were statistically
controlled in this study.
3.1.4 Procedure
Participants were randomly exposed to one out of 16 videos in each ad group (i.e.,
high-shared and low-shared ad groups) presented in Table 3.1, respectively. That is, each
participant watched two video ads (i.e., one for high-shared ads and the other for lessshared ads), and the order of the two video ads was randomized. For each ad, before
exposing a video ad to participants, the pre-existing attitude toward the brand and product
involvement featured in the video were measured to control the potential confounding
effects. After watching the video ad, participants were asked to indicate their extent of
emotional intensity, the level of emotional arousal, the degree of pleasure, self-expression
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motive, social interaction motive, altruism motive, entertainment motive, and intention to
share the ad. To control the other confounding factors, participants were also asked to
answer the perceived informativeness of the video ad and their pre-exposure to the ad.
After finishing two video ads, participants were asked to answer demographic questions
such as age, gender, race, and education.
3.1.5 Measurements
Pleasure and arousal were measured using ten items adopted from Bradley and
Lang (1994) and Reisenzein (1994) on a 7-point semantic differential scale. The question
starts with, “While watching this ad, how did you feel?” Items for pleasure are
“Unhappy–Happy,” “Unpleasant–Pleasant,” “Unsatisfied–Satisfied,” “Despairing–
Hopeful,” and “Negative–Positive.” Items for arousal are “Unaroused–Aroused,” “Calm–
Excited,” “Relaxed–Stimulated,” “Sleepy–Wide awake,” and “Passive–Active.”
The emotional intensity was measured using four items adapted from Frijda et al.
(1992) on a 7-point Likert scale (1 = strongly disagree and 7 = strongly agree). Items are
“This ad evoked a very strong emotion,” “While watching this ad, my emotional feeling
was very intense,” “While watching this ad, the degree of my emotional feeling was
high,” and “My emotional experience with this ad was very intense as a whole.”
Self-expression motive was measured using four items adapted from Duprez et al.
(2014) on a 7-point Likert scale (1 = strongly disagree and 7 = strongly agree). The items
included the followings: “Sharing this ad will help me to impress others,” “Sharing this
ad will help me to attract others’ attention,” “Sharing this ad will help me to distinguish
myself from others,” and “Sharing this ad will help me to manage the impression that
other people have of me.”
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Social interaction motive was measured using five items adapted from
Nikolinakou and King (2018b) and Plume and Slade (2018) on a 7-point Likert scale (1 =
strongly disagree and 7 = strongly agree). The items are “Sharing this ad will help me to
feel closer to my friends,” “Sharing this ad will help me to share the positive emotions I
experienced when I watched the ad,” “Sharing this ad will help me to talk about a
common interest that I have with my friends,” “Sharing this ad will help me to gain a
sense of belonging,” and “Sharing this ad will help me to maintain relationships with
people.”
Altruism motive was measured using five items adapted from Plume and Slade
(2018) and Tellis et al. (2019). The items were measured on a 7-point Likert scale (1 =
strongly disagree and 7 = strongly agree). Items include “By sharing this ad, I can show
my concern for others,” “By sharing this ad, I can show empathy for others,” “By sharing
this ad, I can help others,” “Sharing this ad will help others solve their problems,” and
“Sharing this ad will inspire others.”
Entertainment motive was measured using six items adapted from Duprez et al.
(2014) and Lee et al. (2013) on a 7-point Likert scale (1 = strongly disagree and 7 =
strongly agree). Items are “Sharing this ad will help me to have fun,” “Sharing this ad
will help me to have a good time,” “Sharing this ad will help me to be entertained,”
“Sharing this ad will give me an opportunity to enjoy,” “Sharing this ad will give me
pleasure,” and “Sharing this ad will help me amplify the pleasant emotions evoked by the
ad.”
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Ad sharing intention was measured using three items adopted from Lee et al.
(2013). The items are “I plan to pass along this online video ad,” “I will make an effort to
pass along this online video ad,” and “I intend to pass along this online video ad.”
The pre-existing brand attitude was measured using three items adopted from
Spears and Singh (2004) on a 7-point semantic differential scale. The items are “Bad–
Good,” “Unfavorable–Favorable,” and “Unlikable–Likable.”
Product involvement was measured using three items adopted from Zaichkowsky
(1994) on a 7-point semantic differential scale. Items include “Unimportant–Important,”
“Irrelevant–Relevant,” and “Means nothing to me–Means a lot to me.”
Perceived informativeness was measured using three items adopted from Ducoffe
(1996) on a 7-point Likert scale (1 = strongly disagree and 7 = strongly agree). The items
include the following: “This ad is a good source of product/service information,” “This
ad provides relevant product/service information,’ and “This ad is a good source of up-todate product/service information.”
Pre-exposure to the ad was measured using a single item adopted from Stacy et al.
(2004) on a 7-point Likert scale. The item is “How many times have you seen this
advertisement before?” (1 = never and 7 = very frequently).
To improve survey response quality, two questions were used. Specifically,
participants were asked to choose the brand of the ad they had just seen out of seven
brands. A bogus instructed response item was also used (Geuens & De Pelsmacker,
2017). The item was “To monitor quality, please select ‘Disagree’ for this item.” This
item was exposed with other items using a 7-point Likert scale. According to the consent
form approved by the IRB, if a respondent selected an incorrect answer to any of these
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questions, the survey was immediately and automatically terminated by survey logic. 850
participants who passed the attention checks received $.75 as a monetary incentive.
3.2 RESULTS
3.2.1 Construct Validity
Prior to testing the proposed models, the confirmatory factor analysis was
conducted to ensure the construct validity of the measures. All construct variables and
control variables were included in the measurement model. Particularly, pre-exposure to
the ad was measured with a single item. Thus, the error variance of a measurement item
was fixed to a non-zero value (Brown 2006). Since it is not reasonable to assume that the
item is perfectly reliable, the reliability estimate for the single item was set to .85
(Jöreskog & Sörbom, 1982; Petrescu, 2013). The non-zero value was calculated as
follows (Brown 2006, p.139):
𝛿𝑋 = 𝑉𝐴𝑅(𝑋)(1 − 𝜌)
Table 3.2 Results of Confirmatory Factor Analysis: Convergent Validity
Construct Variables
Emotional Intensity

Emotional Arousal

Emotional Pleasure

Measurement
Items
EI_1
EI_2
EI_3
EI_4
EA_1
EA_2
EA_3
EA_4
EA_5
EP_1
EP_2
EP_3
EP_4
EP_5
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Standardized
Estimates
0.781
0.838
0.860
0.851
0.766
0.809
0.819
0.729
0.797
0.801
0.766
0.821
0.758
0.786

AVE

CR

0.694

0.901

0.616

0.889

0.619

0.890

Self-Expression

EXP_1
0.913
0.814 0.946
EXP_2
0.866
EXP_3
0.910
EXP_4
0.918
Social Interaction
INT_1
0.662
0.733 0.931
INT_2
0.881
INT_3
0.897
INT_4
0.905
INT_5
0.910
Entertainment
ENT_1
0.906
0.813 0.963
ENT_2
0.900
ENT_3
0.898
ENT_4
0.904
ENT_5
0.901
ENT_6
0.902
Altruism
ALT_1
0.921
0.835 0.962
ALT_2
0.900
ALT_3
0.918
ALT_4
0.920
ALT_5
0.911
Ad Sharing Intention
SI_1
0.899
0.801 0.924
SI_2
0.876
SI_3
0.910
Product Involvement
PI_1
0.844
0.624 0.832
PI_2
0.721
PI_3
0.799
Brand Attitude
BA_1
0.836
0.662 0.854
BA_2
0.778
BA_3
0.825
Perceived Informativeness
INF_1
0.818
0.648 0.847
INF_2
0.764
INF_3
0.832
Pre-exposure to the ad
PE_1
0.922
0.850 0.850
χ2 (969) = 7,788.51, p < .001; CFI = .912; TLI = .902; SRMR = .041; RMSEA = .064
As shown in Table 3.2, the goodness-of-fit indices showed that the model fits the
data well. When the sample size is larger than 250, and the number of measurement items
is above 30, CFI and TLI should be above .90, SRMR should be less than .80, and
RMSEA should be smaller than .07 (Hair et al., 2014). All standardized loading estimates
exceeded .5, the average variance extracted (AVE) scores were greater than .5, and
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composite reliabilities (CRs) were greater than .7 (Fornell & Larcker, 1981). Thus,
convergent validity was satisfactory. As shown in Table 3.3, the square root of each
factor’s AVE was greater than its correlations between that factor and other factors
(Fornell & Larcker, 1981). Thus, discriminant validity was satisfactory.
3.2.2 Diagnostics Analysis
In this study, using the average score of measurement items that belong to the
same construct variable, a series of multiple regression analyses was conducted to test H1
through H8. Before conducting regression analyses, the assumptions of multiple
regression, such as homoscedasticity, normality, lack of outliers, absence of
multicollinearity, were checked following Dunn & Smyth’s (2018) suggestions.
First, plotting the standardized residuals against the predicted values of a
dependent variable was used to check the linearity and the constant variance of the error
term. The plot did not show any increasing, decreasing, or curved pattern. Therefore,
homoscedasticity was not violated. Second, the normality of residuals was examined. A
normal Q-Q plot showed the distribution of the residuals followed the normal
distribution. In addition, skewness was -0.876, and kurtosis was 5.539. According to
Kline (2016), the absolute value of skewness should be less than 3, and kurtosis should
fall within −7 to 7. Thus, the assumption of normality was fulfilled. Third, influential
observations were checked. There was no problematic observation that dfbetas or Cook’s
distance is greater than 1 (Dunn & Smyth, 2018). Fourth, multicollinearity was checked
by examining if the variance inflation factor (VIF) is less than 10 (Hair et al., 2014). VIFs
were less ranged between 1.48 to 3.89. To sum up, the assumptions of regression
analysis were satisfied.
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Table 3.3 Correlations Between Factors: Discriminant Validity
EI

EA

EP

EXP

INT

ENT

ALT

SI

PI

BA

PE
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EI

0.833

EA

0.650

0.785

EP

0.608

0.662

0.787

EXP

0.676

0.557

0.433

0.902

INT

0.767

0.507

0.517

0.705

0.856

ENT

0.615

0.500

0.450

0.676

0.708

0.902

ALT

0.575

0.364

0.396

0.483

0.669

0.511

0.914

SI

0.799

0.585

0.528

0.787

0.831

0.755

0.628

0.895

PI

0.468

0.470

0.582

0.382

0.401

0.349

0.306

0.469

0.790

BA

0.560

0.552

0.658

0.460

0.494

0.390

0.398

0.546

0.715

0.813

PE

0.518

0.420

0.313

0.548

0.566

0.519

0.436

0.661

0.309

0.405

0.922

INF

0.747

0.566

0.630

0.627

0.694

0.624

0.520

0.775

0.521

0.574

0.492

INF

0.805

Note: EI = Emotional Intensity; EA = Emotional Arousal; EP = Emotional Pleasure; EXP = Self-Expression; INT = Social Interaction; ENT =
Entertainment; ALT = Altruism; SI = Ad Sharing Intention; PI = Product Involvement; BA = Brand Attitude; PE = Pre-Exposure to the Ad;
INF = Perceived Informativeness; The values on the diagonal represent the square root of AVE, while the values on the off-diagonal
represent correlations between factors.

3.2.3 Hypothesis Testing
To test the effects of pleasure, arousal, and intensity on online video ad sharing
intention (RQ1, H1, and H2), a hierarchical multiple regression analysis was conducted.
The control variables were entered in the first block, and emotional factors such as
pleasure, arousal, and intensity were entered in the second block using enter method.
Table 3.4 Hierarchical Regression Analysis
B

SE

Β

Product Involvement

.049

.025

.035

Brand Attitude

.054

.028

.038

Pre-Exposure to the Ad

.184

.011

.261***

Perceived Informativeness

.381

.027

.284***

Independent variables
Block 1: Control Variables

R2

.594***

Block 2: Emotional Factors
Emotional Pleasure

-.043

.031

-.028

Emotional Arousal

.088

.026

.064***

Emotional Intensity

.455

.026

.372***

R2 (ΔR2)

.672*** (.077***)

Notes: Results are from the final regression equation with all blocks of variables in the
model.
* p < 0.05; ** p < 0.01; *** p < 0.001

As shown in Table 3.4, the effects of emotional arousal and intensity on online
video ad sharing intention were significant. Thus, H1 and H2 were supported. However,
the effect of emotional pleasure (RQ1) was not significant. Notably, the effect of
emotional intensity was much greater than that of emotional arousal.
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To examine the indirect effects of pleasure, arousal, and intensity on online video
ad sharing intention via motives (H3 through H6), Hayes’ (2018a) PROCESS model 4, a
parallel mediation model, was used.

Figure 3.1 Direct and Indirect Effects of Emotional Intensity
Note: *** p < .001; The direct and indirect effects of control variables (product involvement,
brand attitude, pre-exposure to the ad, and perceived informativeness) were omitted from
the Figure for clarity reasons.

Figure 3.1 shows the positive indirect effects of emotional intensity on online
video ad sharing intention through self-expression, social interaction, entertainment, and
altruism motives were all significant. Thus, H3 to H6 were supported. Particularly, the
indirect effect of emotional intensity through social interaction motive was highest
among those via four motives. On the other hand, the indirect effect of emotional
intensity through altruism motive was lowest.
H7 addresses whether the indirect effects of emotional intensity through motives
are moderated by emotional arousal and pleasure. To examine the interaction effects, a
partial moderated mediation analysis was conducted using PROCESS model 9. In the
partial moderated mediation model, two independent moderators W and Z moderate the
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effect of a predictor X on a mediator M or outcome variable Y (Hayes, 2018b). Here, the
index of partial moderated mediation refers to the indirect effect by a moderator W when
another moderator Z is held constant. That is, a partial moderated mediation model deals
with two two-way partial interactions.

Table 3.5 Partial Moderated Mediation Analysis
B
Outcome = Mediator 1 (Self-Expression)
X: EI → EXP
0.464
W: EA → EXP
0.439
Z: EP → EXP
-0.214
XW: EI × EA → EXP
-0.045
XZ: EI × EP → EXP
0.023
Outcome = Mediator 2 (Social Interaction)
X: EI → INT
0.786
W: EA → INT
0.439
Z: EP → INT
-0.068
XW: EI × EA → INT
-0.093
XZ: EI × EP → INT
0.028
Outcome = Mediator 3 (Entertainment)
X: EI → ENT
0.385
W: EA → ENT
0.370
Z: EP → ENT
-0.046
XW: EI × EA → ENT
-0.049
XZ: EI × EP → ENT
0.021
Outcome = Mediator 4 (Altruism)
X: EI → ALT
0.955
W: EA → ALT
0.239
Z: EP → ALT
0.307
XW: EI × EA → ALT
-0.066
XZ: EI × EP → ALT
-0.044
Outcome = DV (Ad Sharing Intention)
M1: EXP → SI
0.184
M2: INT → SI
0.258
M3: ENT → SI
0.175
M4: ALT → SI
0.074

SE

95% CI

P

R2

0.088
0.087
0.105
0.017
0.020

[0.291, 0.637]
[0.268, 0.611]
[-0.419, -0.008]
[-0.079, -0.011]
[-0.016, 0.063]

.000
.000
.042
.010
.247

.492

0.073
0.072
0.087
0.014
0.017

[0.643, 0.930]
[0.297, 0.581]
[-0.238, 0.103]
[-0.121, -0.065]
[-0.005, 0.060]

.000
.000
.437
.000
.098

.623

0.089
0.088
0.106
0.018
0.020

[0.210, 0.560]
[0.197, 0.544]
[-0.254, 0.162]
[-0.083, -0.015]
[-0.019, 0.061]

.000
.000
.666
.005
.293

.443

0.106
0.105
0.126
0.021
0.024

[0.747, 1.163]
[0.033, 0.445]
[0.060, 0.554]
[-0.107, -0.025]
[-0.091, 0.003]

.000
.023
.015
.002
.069

.351

0.019
0.025
0.019
0.015

[0.146, 0.222]
[0.208, 0.307]
[0.138, 0.212]
[0.044, 0.103]

.000
.000
.000
.000

.776

Note: EI = Emotional Intensity; EA = Emotional Arousal; EP = Emotional Pleasure; EXP = SelfExpression; SI = Ad Sharing Intention; The direct and indirect effects of control variables
(product involvement, brand attitude, pre-exposure to the ad, and perceived
informativeness) were omitted from the Table for clarity reasons.
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Table 3.6 Indices of Partial Moderated Mediation

Mediator 1 = Self-Expression
Emotional Arousal
Emotional Pleasure
Mediator 2 = Social Interaction
Emotional Arousal
Emotional Pleasure
Mediator 3 = Entertainment
Emotional Arousal
Emotional Pleasure
Mediator 4 = Altruism
Emotional Arousal
Emotional Pleasure
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Index

95% CI

-0.008
0.004

[-0.017, -0.001]
[-0.007, 0.015]

-0.024
0.007

[-0.036, -0.014]
[-0.004, 0.018]

-0.009
0.004

[-0.017, -0.001]
[-0.007, 0.015]

-0.005
-0.003

[-0.010, -0.001]
[-0.008, 0.000]

Figure 3.2 Two-Way Partial Interaction Effects
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As shown in Table 3.5, all interaction terms between emotional intensity and
arousal on motives were negative and significant. Table 3.6 also showed that all indices
of partial moderated mediation by emotional arousal were negative and significant. That
is, emotional arousal negatively moderated the positive indirect effects of emotional
intensity through self-expression, social interaction, entertainment, and altruism. That is,
the positive indirect effect of emotional intensity was attenuated as the level of emotional
arousal increased (see Figure 3.2).
On the other hand, any partial moderation by emotional pleasure was not
significant. This result implies that emotional pleasure does not moderate the positive
indirect effect of emotional intensity when emotional arousal is held constant (i.e.,
controlled).
Although emotional arousal did not moderate the positive indirect effects of
emotional intensity, there might be a three-way interaction effect between emotional
intensity, arousal, and pleasure. Thus, a moderated moderated mediation analysis was
conducted using PROCESS model 11. Moderated moderated mediation refers to “the
moderation of the indirect effect by one variable is dependent on the second moderator”
(Hayes, 2018b, p. 18). That is, a moderated moderated mediation model deals with a
three-way interaction.
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Table 3.7 Moderated Moderated Mediation Analysis
B

SE

95% CI

P

R2
.497

Outcome = Mediator 1 (Self-Expression)

X: EI → EXP

-0.431

0.286

[-0.992, 0.130]

.132

W: EA → EXP

-0.706

0.283

[-1.261, -0.150]

.013

Z: EP → EXP

-1.229

0.261

[-1.741, -0.717]

.000

XW: EI × EA → EXP

0.169

0.061

[0.050, 0.288]

.006

XZ: EI × EP → EXP

0.213

0.056

[0.103, 0.323]

.000

WZ: EA × EP → EXP

0.234

0.055

[0.126, 0.342]

.000

XWZ: EI × EA × EP → EXP

-0.043

0.011

[-0.065, -0.021]

.000

Outcome = Mediator 2 (Social Interaction)

X: EI → INT

0.554

0.237

[0.089, 1.018]

.020

W: EA → INT

-0.308

0.235

[-0.768, 0.152]

.190

Z: EP → INT

-0.725

0.216

[-1.149, -0.301]

.001

XW: EI × EA → INT

-0.012

0.050

[-0.111, 0.086]

.805

XZ: EI × EP → INT

0.095

0.047

[0.004, 0.186]

.041

WZ: EA × EP → INT

0.160

0.046

[0.070, 0.249]

.001

XWZ: EI × EA × EP → INT

-0.019

0.009

[-0.037, -0.001]

.037

.627

Outcome = Mediator 3 (Entertainment)

X: EI → ENT

-0.313

0.290

[-0.883, 0.256]

.280

W: EA → ENT

-0.475

0.287

[-1.039, 0.088]

.098

Z: EP → ENT

-0.796

0.265

[-1.315, -0.277]

.003

XW: EI × EA → ENT

0.115

0.062

[-0.005, 0.236]

.061

XZ: EI × EP → ENT

0.167

0.057

[0.056, 0.279]

.003

WZ: EA × EP → ENT

0.172

0.056

[0.062, 0.282]

.002

XWZ: EI × EA × EP → ENT

-0.033

0.011

[-0.055, -0.011]

.004

X: EI → ALT

0.899

0.345

[0.222, 1.576]

.009

W: EA → ALT

-0.333

0.342

[-1.004, 0.337]

.329

Z: EP → ALT

-0.195

0.315

[-0.812, 0.422]

.535

XW: EI × EA → ALT

-0.025

0.073

[-0.168, 0.119]

.733

XZ: EI × EP → ALT

-0.012

0.068

[-0.144, 0.121]

.864

WZ: EA × EP → ALT

0.125

0.067

[-0.005, 0.255]

.060

XWZ: EI × EA × EP → ALT

-0.012

0.013

[-0.038, 0.015]

.388

.446

Outcome = Mediator 4 (Altruism)

66

.353

Outcome = DV (Ad Sharing Intention)

M: EXP → SI

0.184

0.019

[0.146, 0.222]

.000

M: INT → SI

0.258

0.025

[0.208, 0.307]

.000

M: ENT → SI

0.175

0.019

[0.138, 0.212]

.000

M: ALT → SI

0.074

0.015

[0.044, 0.103]

.000

.776

Note: EI = Emotional Intensity; EA = Emotional Arousal; EP = Emotional Pleasure; EXP = SelfExpression; SI = Ad Sharing Intention; The direct and indirect effects of control variables
(product involvement, brand attitude, pre-exposure to the ad, and perceived
informativeness) were omitted from the Table for clarity reasons.

Table 3.8 Conditional Indirect Effects: Mediator = Self-Expression

Moderated Moderated Mediation
Conditional Moderated Mediation
by Arousal among
Low Pleasure = 4.62 (-1 SD)
Moderate Pleasure = 5.64 (M)
High Pleasure = 6.66 (+1 SD)
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Index

95% CI

-0.008

[-0.013, -0.002]

-0.006
-0.014
-0.022

[-0.015, 0.003]
[-0.024, -0.004]
[-0.035, -0.009]

Figure 3.3 Three-Way Interaction Effect
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Figure 3.4 Indirect Effect of Intensity Moderated by Arousal and Pleasure
As shown in Table 3.8, a moderated moderated mediation analysis reveals that
emotional arousal and pleasure negatively moderated the positive indirect effect of
emotional intensity on ad sharing intention through self-expression motive (index of
moderated moderataed mediation = -0.008, 95% CI = [-0.013, -0.002]). Specifically,
emotional arousal negatively moderated the positive indirect effect of emotional intensity
through self-expression motive when the level of emotional pleasure was moderate or
high, but not when it was low (see Table 3.8 and Figure 3.3). Additionally, as shown in
Figure 3.4, the positive indirect effect of emotional intensity through self-expression
motive was highest when emotional arousal was low, and the level of emotional pleasure

69

was high. On the other hand, the positive indirect effect of emotional intensity through
self-expression motive was lowest when both emotional pleasure and arousal levels were
high. Thus, H7.1(a) was supported, but H7.2(a) was not.
Table 3.9 Conditional Indirect Effects: Mediator = Social Interaction

Moderated Moderated Mediation
Conditional Moderated Mediation
by Arousal among
Low Pleasure = 4.62 (-1 SD)
Moderate Pleasure = 5.64 (M)
High Pleasure = 6.66 (+1 SD)

Index

95% CI

-0.005

[-0.012, 0.001]

-0.026
-0.031
-0.036

[-0.039, -0.015]
[-0.046, -0.018]
[-0.056, -0.020]

As shown in Table 3.9, a three-way interaction effect between emotional
intensity, arousal, and pleasure on ad sharing intention via social interaction motive was
not significant (index of moderated moderataed mediation = -0.005, 95% CI = [-0.012,
0.001]). Specifically, emotional arousal moderated the indirect effect of emotional
intensity on ad sharing intention through social interaction motive regardless of the level
of emotional pleasure. Thus, H7.1(b) and H7.2(b) were not supported.
Table 3.10 Conditional Indirect Effects: Mediator = Entertainment

Moderated Moderated Mediation
Conditional Moderated Mediation
by Arousal among
Low Pleasure = 4.62 (-1 SD)
Moderate Pleasure = 5.64 (M)
High Pleasure = 6.66 (+1 SD)
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Index

95% CI

-0.006

[-0.012, 0.002]

-0.006
-0.012
-0.018

[-0.016, 0.003]
[-0.022, -0.003]
[-0.032, -0.004]

Table 3.10 shows that emotional arousal and pleasure did not moderate the effect
of emotional intensity on ad sharing intention through entertainment motive (index of
moderated moderataed mediation = -0.006, 95% CI = [-0.012, 0.002]). Although
emotional arousal moderated the indirect effect of emotional intensity on ad sharing
intention through social interaction motive when the level of pleasure was moderate or
high, but not when the level of pleasure was low, the moderation effect of emotional
pleasure was not significantly high. Thus, H7.1(c) and H7.2(c) were not supported.
Table 3.11 Conditional Indirect Effects: Mediator = Altruism

Moderated Moderated Mediation
Conditional Moderated Mediation
by Arousal among
Low Pleasure = 4.62 (-1 SD)
Moderate Pleasure = 5.64 (M)
High Pleasure = 6.66 (+1 SD)

Index

95% CI

-0.001

[-0.004, 0.001]

-0.006
-0.007
-0.008

[-0.011, -0.002]
[-0.013, -0.002]
[-0.016, -0.002]

Table 3.11 shows that a three-way interaction effect between emotional intensity,
arousal, and pleasure on ad sharing intention via altruism motive was not significant
(index of moderated moderataed mediation = -0.001, 95% CI = [-0.004, 0.001]).
Emotional arousal moderated the indirect effect of emotional intensity on ad sharing
intention through altruism motive regardless of the level of emotional arousal. Thus, H7.3
was not supported.
3.3 DISCUSSION
Most previous studies on the effect of emotions on online video ad sharing
intention focused on emotional arousal and pleasure (Berger & Milkman, 2012; Dafonte-
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Gómez, 2014; Eckler & Bolls, 2011; Teeny et al., 2020; Tellis et al., 2019). However, the
findings of these studies have shown inconsistent results. To resolve discrepant results
from previous studies, based on the theory of social sharing of emotion (Rimé, 2009;
Rimé et al., 1998) and the emotion regulation theory (Gross & John, 2003), this study
tested the effects of emotional intensity, arousal, and pleasure on online video ad sharing
intention.
The findings of Study 1 can be summarized as follows. First, the effect of
emotional intensity on intention to share online video ads was greatest, followed by that
of emotional arousal. Surprisingly, the effect of emotional pleasure was not significant.
These results provided evidence that emotional intensity is a key factor in increasing
online video ad sharing intention. When people felt intense emotions from watching
online video ads, they were more likely to share the ads. Thus, emotional intensity should
be considered as a critical factor influencing online video ad sharing intention in order to
understand the effect of emotional factors clearly.
Second, this study found that emotional intensity had indirect effects on online
video ad sharing intention through self-expression, social interaction, entertainment, and
altruism motives. Notably, the indirect effect of emotional intensity via the social
interaction motive was the largest among those through the four motives for ad sharing.
Third, the indirect effects of emotional intensity through self-expression, social
interaction, entertainment, and altruism motives were negatively moderated by emotional
arousal. That is, the positive indirect effect of emotional intensity was attenuated as the
level of emotional arousal increased. On the other hand, emotional pleasure did not
moderate the positive indirect effect of emotional intensity.
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Fourth, as for the mediation through self-expression motive, there was a threeway interaction effect between emotional intensity, arousal, and pleasure. Specifically,
emotional arousal negatively moderated the positive indirect effect of emotional intensity
on ad sharing intention through self-expression motive when emotional pleasure was
moderate or high, but not when it was low. For other motives, a three-way interaction
effect was not found. Figure 3.5 shows the summary of the results.

Figure 3.5 The Summary of Study 1 Results
This study contributes to the expansion of viral advertising research by proposing
emotional intensity as another emotional factor influencing the intention to share online
video ads, based on the theory of social sharing of emotion (Rimé et al., 1991) and
emotion regulation theory (Gross & John, 2003). Specifically, by integrating emotional
intensity into emotional factors influencing intention to share online video ads, this study
attempts to enhance our understanding of the effect of emotional factors and explain why
the results of previous studies on the effect of emotional arousal and pleasure were
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inconsistent. Furthermore, by examining the mediating role of self-expression, social
interaction, altruism, and entertainment motives, this study showed why emotional
intensity influences online video ad sharing intention. Detailed discussions will be
provided in the general discussion session.
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CHAPTER 4
STUDY TWO
Study 1 showed that emotional intensity was a critical factor influencing people’s
intention to share online video ads. However, Study 1 has a limitation in ecological
validity since it measured sharing intention rather than actual sharing behavior.
Accordingly, it is uncertain if the results of Study 1 can be applied to ad-sharing behavior
in a real social media setting. Feng et al. (2021) argued that a methodological
triangulation approach (i.e., using both social media data and self-report data) could
reduce the shortcomings of a single method. To enhance ecological validity, Study 2 was
conducted to examine the relationships between expressed emotions on YouTube
comments and the number of shares.
Computational research methods were used to analyze expressed emotions on
YouTube comments. Computational analysis refers to methods that make predictions by
applying algorithmic solutions to large and unstructured datasets obtained from social
and digital media sources (Shah et al., 2015). By using computational methods,
researchers can measure actual communication behaviors that were almost impossible to
measure using traditional methods and thus overcome the socially desirable response
tendencies (van Atteveldt & Peng, 2018). More importantly, as computational research
analyzes naturally occurring digital data in real social media settings, it can be used to
improve the ecological validity of the findings from experiments and surveys (Feng et al.,
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2021; Shah et al., 2015; van Atteveldt & Peng, 2018). For these reasons, several
researchers use computational research methods to test existing theories and develop new
ones (Chang, 2017; Malthouse & Li, 2017).
By utilizing computational methods, Study 2 examines if the relationships
between expressed emotions and ad sharing behavior will be consistent with those
between perceived emotions and ad sharing intention, which are found in Study 1.
4.1 METHOD
Study 2 aims to examine the relationship between the expressed emotions in
comments on YouTube and the actual number of shares on social media platforms such
as Facebook, Twitter, Tumblr, and Reddit. To analyze the expressed emotions on
YouTube comments, a computational analysis was conducted. Unlike other social media
platforms, on YouTube, people’s identity information is not disclosed, and users are not
connected. Thus, YouTube users might leave any comments on videos without worrying
about if their comments hurt their ideal self-concept. Accordingly, it is expected that user
comments on YouTube reflect their emotions in a more accurate way.
4.1.1 Data Collection
Comments and the number of shares were collected as follows.
First, in a similar way to Study 1, the video URLs uploaded during the past 24
hours on each brand’s channel were collected by using the YouTube Data API v3.0 every
midnight from January to May 2021. The video ads that were converted to private and
invisible were excluded. Unlike Study 1, ads longer than 2 minutes were included. As a
result, a total of 1,725 video ads remained.
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Second, comments on the video ad for the first 30 days were collected using the
YouTube Data API v3.0. Among the 1,725 video ads, 746 ads had no comments or were
turned off comments by the brand. As a result, a total of 206,649 comments were
collected from 979 video ads. The reason this study collected only YouTube comments is
that most people watch YouTube video ads on YouTube. Also, when people watch a
video ad on YouTube, they are also exposed to the comments on the video ad and may be
influenced by those comments (Feng et al., 2019). Of course, some people might watch
YouTube video ads shared by others on Twitter or Facebook. However, tweets and
Facebook posts are presented not to every user but only to users connected to sharers on
social media. Furthermore, individuals’ Facebook posts cannot be collected due to
Facebook policy. For these reasons, this study collected YouTube comments.
Third, the number of shares on social media, such as Facebook, Twitter, Tumblr,
and Reddit, was collected for 30 days after each video ad had been published on
YouTube. The number of shares on Facebook accounted for 96.3% and Twitter 3.6%.
YouTube video ads were rarely shared on Tumblr and Reddit. Fourth, to control for
confounding variables, the cumulative number of views of the video ad and the number
of subscribers for its brand channel were collected by using a web scraper and the
YouTube Data API 3.0 on the 30th day since each video ad was published on YouTube.
4.1.2 Text Classification
YouTube comments were categorized into expressed high pleasure, high arousal,
and high intensity by using computational methods. Specifically, human-based content
analysis and supervised machine learning were combined (Feng et al., 2019). For high
pleasure, although there are already developed sentiment analysis tools, such as Textblob
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and Vader, these tools have a limitation in that they show poor performance in analyzing
emoticons and emojis (Surikov & Egorova, 2020). Thus, this study adopted supervised
machine learning algorithms.
4.1.2.1 Generating a Labeled Data Set: Human Coding
Based on the measurement scales used in Study 1, the coding scheme was
developed to code each comment on the expressed emotions, including high pleasure,
high arousal, and high intensity (see Table 4.1). Notably, since emoticons and emojis are
frequently used to express emotions on social media (Raschka, 2015; Ullah et al., 2020),
these are included in the coding scheme.
Table 4.1 Operationalization of the Expressed Emotions
Krippendorff’s
α
.92

Emotions

Definitions

High
Pleasure

● Use of words, emoticons, and emojis to express
positive emotions toward the video ad
● e.g., happy, pleasant, satisfied, hopeful, positive, good,
like, and 😄

High
Arousal

● Use of words, emoticons, and emojis to express higharousal emotions toward the video ad
● e.g., excited, surprised, stimulated, active, 🤩, and 😱

.86

High
Intensity

● Use of words, emoticons, and emojis to express strong
feelings toward the video ad
● e.g., very, so much, extremely, best, worst, most
● Modifiers must appear along with emotional
expressions.

.88

Each emotional factor was coded as ‘1’ if the comment includes any of the criteria
for the expressed emotion and ‘0’ if the comment includes none of the criteria.
Specifically, when the comment expresses positive emotions, high pleasure was coded as
‘1,’ otherwise ‘0.’ If the comment includes any of the high arousal expressions, high
78

arousal was coded as ‘1,’ otherwise ‘0.’ High intensity was coded as ‘1’ if the comment
includes any of the criteria for high intensity, and ‘0’ if the comment does not meet any
of the criteria. If a comment belongs to all three of high pleasure, arousal, and intensity,
all were coded as ‘1.’
Two coders were instructed based on the aforementioned operational definitions
of expressed emotions. After receiving the instruction, the coders coded 200 comments
independently. Intercoder reliability of each emotion was calculated by using
Krippendorff’s α (Krippendorff, 2004). All the reliability coefficients exceeded the
acceptable level of .80 (see Table 4.1).
At first, 2,000 comments (i.e., 1% of all comments) were randomly selected for
human coding. The coders split these comments in half and coded them individually.
However, the number of the comments coded as ‘high-arousal’ was 744. To achieve
satisfactory model performance, a training data set should include at least 1,000
comments per category (Collingwood & Wilkerson, 2012; McCallum, 2012). Thus, a
total of 3,500 comments, including 1,500 additional comments, were coded. This resulted
in more than 1,000 comments per category.
4.1.2.2 Data Preprocessing
To apply machine learning algorithms to text data, the data was processed as
follows.
4.1.2.2.1 Cleaning, Tokenization, and Lemmatization
First, HTML tags, digits, non-letter characters, and punctuation were removed
from the labeled data by using beautifulsoup and regex, Python libraries. Emoticons and
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emojis were not removed as they are used to express emotions (Raschka, 2015; Ullah et
al., 2020). The text was converted into lowercase characters.
Second, the text data was tokenized and lemmatized using the nltk Python library.
For example, the sentence “I watched an exciting video” is split into the words “I,”
“watched,” “an,” “exciting,” and “video.” Then, each word is returned to its lemma, a
dictionary form such as “I,” “watch,” “an,” “excite,” “video.”
Third, stop-words were removed from the word list using the nltk library. Stopwords refer to those that are frequently used in texts but do not have useful information.
Examples are “is,” “at,” and “do.” Thus, after removing stop-words, “watch,” “excite,”
and “video” remain.
4.1.2.2.2 Data Splitting: Training Set and Test Set
The labeled and cleaned data set were randomly divided into a training data set
(80%) and a test data set (20%) by using the scikit-learn Python library. The training data
set was used to build text classification models. The test data set was used to evaluate the
performance of each model.
4.1.2.2.3 Feature Building
Feature building refers to the process of assigning variables and numerical values
to the unstructured data. For text data, features (i.e., variables) can be all words used in
all documents, the most frequent words across the documents, or abstract concepts such
as positivity and negativity (Raschka, 2015; Squire, 2016).
In this study, to build feature vectors, the term frequency-inverse document
frequency (TF-IDF) was used. To extract TF-IDF, the TfidfVectorizer of the scikit-learn
Python library was used. TF-IDF not only transforms text to numerical values but also
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indicates how a word is important within a comment (Feng et al., 2019; Raschka, 2015).
For these reasons, TF-IDF is widely used for building supervised text classification
models (Feng et al., 2019; Humphreys & Wang, 2018; Ullah et al., 2020; Vermeer et al.,
2019).
Specifically, the TF-IDF is based on the assumption that the words, which are
frequently used by different people in different places at different times, do not have
useful information (Raschka, 2015). The TF-IDF is the product of the term frequency
(TF) and inverse document frequency (IDF). The TF means how many times a certain
word occurs in a document. The IDF refers to the ratio of the total number of documents
to the number of documents containing the word. Thus, if a certain word exists in most of
the documents, the word’s TF-IDF across the documents decreases. On the other hand,
when a word appears several times in a certain document, the word’s TF-IDF in the
document increases. That is, the high score of the TF-IDF means that the word has an
important meaning within the document.
The chi-squared test using TF-IDF was conducted to explore important words for
each emotional dimension.
Table 4.2 The 10 Most Correlated Unigrams with Each Emotional Factor
High Pleasure

love, amaze, wow, awesome, excite, great, best, lol, funny,
😂, 💜

High Arousal

amaze, wow, excite, lol, horrible, awesome, omg, look,
awesome, 🔥

High Intensity

best, ever, great, absolutely, actually, wow, really, incredible,
omg, cry
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4.1.2.3 Classification Model Building
To build a classification model for each expressed high pleasure, arousal, and
intensity, supervised machine learning algorithms were used. That is, a total of three
classifiers were built: pleasure, arousal, and intensity classifiers.
4.1.2.3.1 Supervised Machine Learning Classifiers
It cannot be said which algorithm outperforms others because each algorithm has
its own advantages and disadvantages, and its performance varies depending on the topic
of the text data (Feng et al., 2019). Thus, it is desirable to select the best model for each
of the pleasure, arousal, and intensity classifiers after training and evaluating multiple
models.
In this study, a training data set was used to train machine learning classifiers
such as Naïve Bayes, logistic regression, support vector machine, random forest, and knearest neighbors. The scikit-learn Python library was used to build the machine learning
classifiers. It should be noted that machine learning algorithms aim to increase the
prediction power of the model rather than the theoretical interpretation (Humphreys &
Wang, 2018).
Naïve Bayes (NB), an algorithm based on the Bayes theorem, categorizes a text
under the assumption that the features in the term frequency matrix are mutually
independent of each other (Humphreys & Wang, 2018). It is known that Naïve Bayes
performs well even when the independence assumption is violated (Domingos & Pazzani,
1997).
Logistic regression (LR) is useful when the assumption that words belong to
different classes occur independently is violated (Humphreys & Wang, 2018). For
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example, a sentence may include both positive and negative emotions. Since logistic
regression produces values from 0 to 1, it can predict the probability that the sentence
will have a positive meaning overall.
Support vector machine (SVM) is an algorithm to find a hyperplane that separates
classes with maximal margin in a multidimensional space (Bhavsar & Panchal, 2012).
Support vector machine is a powerful model for classification as it creates a nonlinear
model by using kernel function (Bhavsar & Panchal, 2012; Raschka, 2015).
Random forest (RF) is an algorithm that combines multiple decision trees
(Raschka, 2015). A decision tree is a classification algorithm with “a flowchart-like tree
structure” (Sharma & Kumar, 2015, p. 2094). A decision tree first splits data points based
on the feature with the highest explanatory power. Then, a decision tree looks for another
feature that best distinguishes data points within each leaf. This process iterates until the
appropriate feature is no longer found (Raschka, 2015). However, a decision tree might
cause an over-fitting issue that a model almost perfectly explains a training data set but
poorly perform in a test data set. Thus, random forest classifies the data points based on
the majority votes of decision trees trained with randomly selected samples within a
training set and randomly chosen features (Prajwala, 2015).
The k-nearest neighbors (KNN) algorithm classifies the data points based on the
distance metric. k refers to the number of nearest neighbors. The k-nearest neighbors
classifier memorizes not the function but the training dataset itself (Raschka, 2015). The
k-nearest neighbors algorithm identifies k samples closest to a new data point in the
training dataset. Then, the new data point is classified based on the major class among its
k nearest samples.
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4.1.2.3.2 Hyperparameter Tuning and Cross-Validation
The performance of a model performance varies depending on hyperparameters.
Thus, it is important to find the optimal combination of hyperparameter values. Grid
search is a powerful technique for hyperparameter optimization (Raschka, 2015). For
example, if two hyperparameters (e.g., C and gamma for support vector machine) are
necessary to build a model, a researcher may (randomly) set 5 values for each
hyperparameter. In that case, there are 25 combinations of two hyperparameters (5 × 5).
Grid search finds the best model with the highest accuracy among 25 models.
Another consideration for hyperparameter optimization is cross-validation. When
researchers use a test dataset repeatedly to select optimal hyperparameters, the test
dataset virtually becomes a part of the training dataset (Raschka, 2015). As a result, the
model might be overfitted to the test data set. Consequently, the model overfitted to the
test data set might not perform well on the remaining unlabeled dataset. The k-fold crossvalidation is a good way to prevent overfitting. In the k-fold cross-validation, a training
dataset is randomly divided into k groups (i.e., folds) without replacement. Then, k-1
groups are used for training, and one group is used for testing. This procedure is repeated
k times.
In this study, the grid search for hyperparameter optimization with the 5-fold
cross-validation was used to find the best model while avoiding overfitting to both
training and test data sets. That is, since four groups (i.e., 80% of the training dataset) are
used for training in the 5-fold cross-validation, one group (i.e., 20% of the training
dataset) was used for testing.
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4.1.2.4 Classification Model Evaluation
After training each classification model, a test data set was used to evaluate the
classifiers. Based on the confusion matrix for a binary classifier, the accuracy, precision,
recall, and F1-score of each model were evaluated to select the best classifier (Feng et al.,
2019; Okazaki et al., 2015). Table 4.3 shows the confusion matrix (Raschka, 2015, p.
190).
Table 4.3 Confusion Matrix
Actual Class
Positive

Negative

Positive

True positive (tp)

False positive (fp)

Negative

False negative (fn)

True negative (tn)

Predicted Class

Each index can be calculated as follows (Raschka, 2015):
𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =

𝑡𝑝 + 𝑡𝑛
𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =

𝑅𝑒𝑐𝑎𝑙𝑙 =

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ×

𝑡𝑝
𝑡𝑝 + 𝑓𝑝

𝑡𝑝
𝑡𝑝 + 𝑓𝑛

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
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Table 4.4 Indicators of Model Performance

Pleasure

Arousal

Intensity

NB
LR
SVM
RF
KNN
NB
LR
SVM
RF
KNN
NB
LR
SVM
RF
KNN

Accuracy
0.83
0.82
0.82
0.80
0.69
0.82
0.83
0.85
0.82
0.71
0.81
0.80
0.81
0.81
0.71

Precision
0.84
0.84
0.83
0.84
0.76
0.85
0.86
0.85
0.84
0.73
0.81
0.79
0.81
0.84
0.72

Recall
0.84
0.83
0.85
0.80
0.62
0.67
0.71
0.78
0.67
0.44
0.87
0.89
0.87
0.83
0.71

F1-Score
0.84
0.84
0.84
0.82
0.69
0.75
0.78
0.81
0.75
0.55
0.84
0.83
0.84
0.83
0.71

Final Model
★

★

★

Table 4.4 shows the performances of classification models. For expressed
pleasure, Naïve Bayes (NB) outperformed other models across four indicators. Support
vector machine (SVM) model was selected for an arousal classifier. For intensity, NB
and SVM showed very close performance. To compare the performance of these two
models again, human coders created an additional testing dataset consisting of 200
comments. The accuracy of NB was 0.82, and that of SVM was 0.75. Thus, the NB
model was chosen as the intensity classifier.
4.1.3 Variables
This study examines the relationships between the expressed emotions in
comments on YouTube and the actual number of shares on social media by using
regression analysis.
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The dependent variable is the number of shares on social media. The independent
variables are the expressed high pleasure, arousal, and intensity in YouTube comments.
These variables were measured by using the supervised machine learning classifications.
The expressed pleasure in the comments of a video ad was measured by the number of
comments that were categorized into high pleasure by the NB model of pleasure
classification. The expressed arousal was measured as a total number of the comments
that were classified as high arousal by the SVM model of arousal classification. The
expressed intensity was measured by the number of comments that were categorized into
high intensity by the NB model of intensity classification. The products of the expressed
pleasure, arousal, and intensity were added to the regression model to examine the
interaction effect between them.
Also, algorithmic confounding effects should be controlled. Specifically, not all
video ads have an equal chance of being exposed to YouTube users. The amount of
spending on a video ad might positively influence the number of views, and as a result,
affect the number of shares. In addition, subscribers of a certain brand’s YouTube
channel might have a higher chance to watch the brand’s video ad. The number of
comments might also cause a bandwagon effect (Fu & Sim, 2011; Sundar & Nass, 2001).
To minimize these potential confounding effects, the number of views, the number of
subscribers, and the total number of comments were statistically controlled in a
regression analysis.
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4.2 RESULTS
4.2.1 Diagnostics Analysis and GLM Selection
To examine the relationships between expressed emotions and the number of
shares, a Poisson regression analysis can be used because the dependent variable consists
of count data (Dunn & Smyth, 2018). Specifically, when a dependent variable is a count,
the values of the variable are not normally distributed but right-skewed because counts
have a zero-limit boundary and no upper-limit theoretically. Also, the variance of the
response variable increases as the mean value increases. Thus, when the dependent
variable is a count, the assumptions of linear regression analysis are violated. Therefore,
it is more desirable to use a Poisson regression analysis.
The assumptions of generalized linear models (GLMs) were checked. First, the
total number of comments had extremely high correlations with the numbers of pleasure
(r = .968), arousal (r = .958), and intensity (r = .958) comments. Thus, instead of the
number of each expressed emotion’ comments, the ratio of each expressed emotion to the
total number of comments was used as a value of each independent variable. After
converting the number of comments into the ratio of comments, the correlations were
low: pleasure (r = -.080), arousal (r = -.032), and intensity (r = -.104).
Second, when a Poisson regression model was applied, the plot of the quantile
residuals against the square root of the fitted values (i.e., the constant-information scale
for Poisson distribution) showed a decreasing pattern. Thus, the linearity assumption of
GLMs was violated. Also, there were 60 influential outliers with Cook’s distance greater
than 1. Thus, instead of a Poisson model, the quasi-Poisson model and negative binomial
GLM were applied to the regression analysis. The Q-Q plot of a quasi-Poisson model
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showed two tails of residuals were too heavy. On the other hand, the diagnostics of a
negative binomial GLM were satisfactory.
Third, control variables such as the number of views, the number of subscribers,
and the total number of comments had highly right-skewed distributions. Thus, these
variables were log-transformed (Dunn & Smyth, 2018; Liu-Thompkins & Malthouse,
2017). After the log-transformation, the number of outliers with high DFFITS decreased
from 19 to 5.
To sum up, for testing hypotheses, a negative binomial GLM was used. For
independent variables, the ratio of each expressed emotion to the total number of
comments was used. Control variables were log-transformed.
4.2.2 Hypothesis Testing
To address RQ2, based on 32 video ads used in Study 1 (see Table 3.1), the
correlations between the expressed emotions in comments (i.e., the number of comments
in each emotional category) and the responded emotions in a survey (i.e., the average
score of each emotional factor) were examined. That is, the unit of analysis was a video
ad (N=979). For expressed emotions, since the number of comments in each emotional
category showed a highly right-skewed distribution, it was log-transformed. The results
showed that there was no significant correlation between the expressed emotions in
comments and the responded emotions in a survey: intensity (r = 0.221, p = 0.232),
pleasure (r = 0.103, p = 0.580), and arousal (r = 0.288, p = 0.116).
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Table 4.5 Negative Binomial GLMs
Wald Test
Z-score
p-value

Estimate

Std. Error

2.548
0.118

0.716
0.037

3.557
3.216

.000
.001

-0.147
0.764

0.054
0.058

-2.732
13.110

.006
.000

2.270

0.732

3.100

.002

log (Views)

0.130

0.036

3.597

.000

log (Num_Subscribers)
log (Num_Comments)
Pleasure

-0.190
0.744
0.014

0.053
0.058
0.003

-3.572
12.889
4.454

.000
.000
.000

2.539

0.724

3.508

.000

0.119
-0.146
0.765
0.000

0.037
0.054
0.058
0.004

3.234
-2.712
13.108
-0.122

.001
.007
.000
.903

1.977
0.097

0.729
0.036

2.711
2.690

.007
.007

log (Num_Subscribers)
log (Num_Comments)
Intensity

-0.190
0.798
0.020

0.053
0.057
0.003

-3.610
13.949
6.296

.000
.000
.000

Model 5: All Emotions Model
Intercept

1.635

0.729

2.243

.025

log (Views)

0.118

0.036

3.289

.001

log (Num_Subscribers)
log (Num_Comments)
Pleasure

-0.177
0.796
0.007

0.052
0.057
0.004

-3.382
13.956
1.724

.001
.000
.085

Arousal

-0.016

0.004

-3.623

.000

Intensity

0.020

0.004

4.469

.000

Model 1: Base Model
Intercept
log (Views)
log (Num_Subscribers)
log (Num_Comments)
Model 2: Pleasure Model
Intercept

Model 3: Arousal Model
Intercept
log (Views)
log (Num_Subscribers)
log (Num_Comments)
Arousal
Model 4: Intensity Model
Intercept
log (Views)
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To test H8, H9, RQ3, a series of negative binomial GLM analyses were
conducted. As shown in Table 4.5, when each expressed emotion was separately
considered, the effects of pleasure and intensity were significant. Score tests are superior
to Wald tests when examining if an explanatory variable can be added to the base model
(Dunn & Smyth, 2018). The score tests showed that pleasure (Z-score = 3.765; p-value =
0.000) and intensity (Z-score = 4.954; p-value = 0.000) should be added to Model 1 (i.e.,
base model). However, it did not support adding arousal to Model 1 (Z-score = -0.069; pvalue = 0.945).
To test both pleasure and intensity are needed more rigorously, additional score
tests were conducted. The results supported that adding intensity to Model 2 (i.e.,
pleasure model) is necessary (Z-score = 5.699; p-value = 0.000) but did not support that
adding pleasure to Model 4 (i.e., intensity model) is necessary (Z-score = -1.671; p-value
= 0.095). Thus, H8 and H9 were not supported. For RQ3, the intensity of expressed
emotions was positively related to the number of ad shares.
To test interaction effects between emotional factors (H10 and RQ4), Model 5
including all emotional factors was built. Then, interaction terms were added to Model 5
(i.e., all emotions model), and score tests were conducted. All interaction effects were
insignificant: pleasure and arousal (Z-score = 0.808; p-value = 0.419), pleasure and
intensity (Z-score = 0.769; p-value = 0.442), and arousal and intensity (Z-score = -0.057;
p-value = 0.954). A three-way interaction effect was also insignificant (Z-score = -1.294;
p-value = 0.196). H10 was not supported. For RQ4, expressed arousal and pleasure did
not moderate the relationship between expressed intensity and the number of ad shares.
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4.3 DISCUSSION
Study 2 investigated the relationship between expressed emotions in YouTube
video ad comments and the number of ad shares on social media. The results of Study 2
can be summarized as follow.
First, this study showed that expressed emotions in comments about a video ad
might not represent the population’s emotions evoked by the ad. Although some previous
studies assumed that online comments reflect consumers’ opinions about products
(Ahmad & Laroche, 2015), Humphreys and Wang (2018) argued that social media texts
are not generated by a random sample of the population. Thus, advertising practitioners
and researchers using social monitoring tools to evaluate advertising campaigns
(Dickinson-Delaporte & Kerr, 2014; Feng et al., 2019) need to be careful not to interpret
the responses to a video ad on social media as the general population’s responses to the
ad.
Second, although there was no significant relationship between the expressed
emotions in comments and users’ emotions evoked by the ad, similar to the results of
Study 1, expressed emotional intensity in comments was positively related to the number
of shares. This might be because the expressed emotional intensity in comments increases
other audience members’ emotional intensity evoked by ads. When people are exposed to
comments with emotionally strong expressions, such as ‘very,’ ‘extremely,’ ‘the most,’
they are more likely to feel intense emotions due to the bandwagon effect (Fu & Sim,
2011; Sundar & Nass, 2001) and emotional contagion (Van Kleef, 2010). As a result,
people experiencing intense emotions are more likely to share the video ad. That is, it can
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be said that expressed intensity in comments plays a role as a catalyst to enhance the
emotional intensity evoked by a video ad.
Third, expressed pleasure was not related to the number of shares. This result
reconfirms the finding of Study 1 that emotional valence did not influence ad sharing
intention. This result implies that people’s ad-sharing behaviors are not influenced by
expressed valence of emotions in comments because, as shown in Study 1, they tend to
share video ads evoking both positive and negative emotions as long as their emotions are
intense. Rather, either positively or negatively expressed emotions in comments may
intensify audience members’ emotions. This result is somewhat different from other
studies, which showed negative comments decreased consumers’ purchases and attitudes
toward the company (Ludwig et al., 2013; Sung & Lee, 2015). This might be because
people consider video ads with positive or negative comments as ones that are worth
sharing to interact with other people.
Fourth, unlike Study 1 that emotional arousal positively influenced ad sharing
intention, expressed arousal in comments was not related to the number of shares. The
interaction effect of expressed pleasure and arousal was also not found. These results
imply that even though some people who experienced high-arousal emotions from the
video ads express those emotions in comments, their comments might not influence other
audience members’ emotional arousal and ad sharing behaviors. Also, it can be
speculated that the effect of emotional arousal on intention to share video ads is not
strong enough to influence real sharing behavior. In Study 1, the effect of emotional
arousal on intention to share online video ads (B = 0.088) was much lower than that of
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emotional intensity (B = 0.455). Thus, it can be said that emotional arousal does not
influence online video ad sharing in a real social media setting.
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CHAPTER 5
GENERAL DISCUSSION
This dissertation investigated the effects of emotional factors, such as arousal,
pleasure, and intensity, on online video ad sharing.
Study 1 investigated the effects of emotions evoked by online video ads on
intention to share the ads through motives such as self-expression, social interaction,
altruism, and entertainment. A survey of 850 American adults was conducted.
Respondents randomly watched two video ads out of 32 and answered questions. The
results can be summarized as follows. First, it was found that the emotional intensity
evoked by an online video ad is a critical factor influencing consumers’ intention to share
the ad. The effect size of emotional intensity was greater than that of emotional arousal.
Emotional pleasure did not influence ad sharing intention. Second, the emotional
intensity had an effect on online video ad sharing intention through self-expression,
social interaction, altruism, and entertainment motives. Particularly, the indirect effect of
emotional intensity on ad sharing intention through the social interaction motive was the
greatest among those through motives. Third, emotional arousal moderated the effect of
emotional intensity on intention to share online video ads. Specifically, the positive
indirect effect of emotional intensity was attenuated as the level of emotional arousal
increased.
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Study 2 examined whether the expressed emotions in online comments regarding
video ads can predict the number of ad shares. To do so, computational methods and a
negative binomial GLM analysis were conducted. Study 2 found that although there was
no significant correlation between the expressed emotions in comments and users’
emotions evoked by the ad, expressed intensity was related to the number of ad shares.
5.1 THEORETICAL IMPLICATIONS
The present research contributes to the literature on viral advertising in several
ways. First, Study 1 conceptually and empirically showed that emotional intensity is a
different concept from emotional arousal. Some researchers use these terms
interchangeably (Alhabash et al., 2015; Botha & Reyneke, 2013), which leads to
misunderstandings of the effects of emotional factors on online video ad sharing
intention. Conceptually, emotional arousal is the degree of mental alertness and
physiological activation (Heilman, 1997; Ravaja, 2004), whereas emotional intensity is
the perceived strength of the emotion (Frijda et al., 1992). Emotional arousal can be
induced by fast-paced messages, fast musical tempo, and dynamic movements (Duff &
Sar, 2015; Liu et al., 2018). On the other hand, the emotional intensity is influenced by ad
content, ad watching context, and consumer characteristics. The CFA result of this study
also provided empirical evidence that these two concepts are distinct from each other.
Specifically, for both emotional arousal and intensity, the square root of AVE was greater
than the correlation between these two factors.
Second, this research provides a theoretical framework and empirical evidence
that emotional intensity is a key factor in increasing online video ad sharing intention.
Unlike previous studies which focused on emotional pleasure and arousal, this research

96

proposed that emotional intensity is the key factor influencing ad sharing intention. In
Study 1, emotional intensity (B = .455, p < .001) was the strongest predictor among
emotional factors for online video ad sharing intention. The effect of emotional arousal
was weaker (B = .088, p < .001), and the effect of emotional pleasure was not significant
(B = -.043, p = .164). These results support the theory of social sharing of emotion (Rimé,
2009; Rimé et al., 1998) and the emotion regulation theory (Gross & John, 2003).
According to these theories, people tend to share emotionally intense episodes with
others in order to maximize the positive emotions or minimize the negative emotions. In
the same vein, when people watched online video ads inducing intense emotions, they
were likely to share the ads regardless of emotional valence. This result provides a clue to
the reason why the results of previous studies on the effects of emotional arousal and
pleasure on online video ad sharing intention were inconsistent. Since previous studies
did not consider the effect of emotional intensity, the effects of emotional arousal and
pleasure might have been overestimated or underestimated. Thus, emotional intensity
should be considered as a critical factor influencing online video ad sharing intention in
future studies.
Third, Study 1 shed light on the underlying processes that emotional intensity
influences online video ad sharing intention. Although previous studies have investigated
the effect of emotions evoked by online video ads on ad sharing (Dobele et al., 2007;
Tellis et al., 2019), these did not clearly explain why emotional factors influence online
video ad sharing intention. To fill the gap in the viral advertising literature, Study 1
examined the mediating role of four motives, including self-expression, social
interaction, entertainment, altruism. The results showed that all these motives positively
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mediated the relationship between emotional intensity and online video ad sharing
intention. When people feel intense emotions from an online video ad, they are likely to
facilitate social interactions, impress others, maximize positive emotions, or help others
by sharing the ad—consequently, the intention to share the ad increases.
Notably, the positive indirect effect of emotional intensity through social
interaction motive was the greatest, followed by those via self-expression, entertainment,
and altruism motives. In other words, the most important reason that emotional intensity
influences online video ad sharing intention is its activation of a social interaction motive.
These results imply that the most important motive for online video ad sharing is to
facilitate social interactions, and emotional intensity is a critical factor that influences this
motive. Considering people tend to use social media to build relationships (Hollenbaugh
& Ferris, 2014), online video ad sharing can be an effective way to strengthen
relationships. That is, when people feel intense emotions from watching an online video
ad, they are likely to share the ad on social media, expecting others to experience similar
emotions, have conversations with others about it, and strengthen relationships
(Baumeister et al., 2018; Nikolinakou & King, 2018b; Plume & Slade, 2018). To sum up,
this finding contributes to theory building in viral advertising by explaining why
emotional intensity influences online video ad sharing intention. When people watch
online video ads evoking intense emotions, they tend to share the ads in order to interact
with others.
Fourth, the indirect effects of emotional intensity on online video ad sharing
intention through the motives varied depending on the level of emotional arousal.
Specifically, emotional arousal attenuated the positive indirect effects of emotional
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intensity. That is, when emotional arousal is high, online video ad sharing intention is
less likely to be influenced by emotional intensity. On the other hand, when emotional
arousal is low, ad sharing intention is more likely to be influenced by emotional intensity.
Thus, online video ads evoking low arousal emotions could also be shared widely as long
as the emotions are highly intense.
This interaction effect between emotional intensity and arousal explains why
online video ads evoking low arousal emotions, such as happiness and warmth, can also
trigger ad sharing intention (Dobele et al., 2007; Tellis et al., 2019). Even though an
online video ad does not evoke arousing emotions, it can be shared a lot as long as it
induces intense emotions. Notably, among the four indirect effects of emotional intensity,
the through social interaction motive was the most attenuated by emotional arousal. This
might be because emotional arousal signifies the perceived importance of information
(Baumeister et al., 2018; Coker, 2020). Thus, even though the emotional intensity evoked
by an online video ad is low, if emotional arousal is high, people might share the ad
because they perceive the ad is useful to interact with other people.
Fifth, Study 1 found that emotional pleasure played a limited role in triggering
consumers’ intention to share online video ads. Previous studies have shown discrepant
results. Some researchers argued that people are less likely to share video ads evoking
negative emotions (Dibble, 2018; Dibble & Levine, 2013; Eckler & Bolls, 2011; Tellis et
al., 2019). On the other hand, other scholars found that negative emotions evoked by
online video ads positively influence ad sharing intention (Berger & Milkman, 2012;
McDuff & Berger, 2020; Nelson-Field et al., 2013). In this study, when the effects of
emotional intensity and arousal were controlled, emotional pleasure did not influence
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online video ad sharing intention. This result is consistent with the studies on the social
sharing of emotions (Rimé et al., 1998; Rimé et al., 1991). According to Rimé et al.
(1991), emotional valence does not influence social sharing behaviors because people
share their emotionally intense episodes with others not only to re-experience the positive
event but also to alleviate the negative emotions (Choi & Toma, 2014; Curci & Rimé,
2008; Luminet et al., 2000; Rimé, 2007; Rimé et al., 1998). This result reconfirmed that
emotional valence (i.e., pleasure or displeasure) does not play a critical role in triggering
social sharing emotions, but the emotional intensity does.
Furthermore, emotional pleasure did not moderate the effect of emotional
intensity on ad sharing intention through the motives. Instead, emotional pleasure
enhanced the negative moderating effect of emotional arousal on the positive indirect
effect of emotional intensity through self-expression motive. In other words, emotional
arousal further reduced the positive influence of emotional intensity when a video ad
evoked pleasure than when it elicited displeasure (see Figure 3.4). This implies that even
though the emotional intensity is low, as long as the ad evokes very arousing and pleasant
emotions, people are likely to share an online video ad to build a positive self-image (see
Figure 3.3(c)).
However, emotional pleasure did not moderate the moderated mediated effect of
emotional intensity by emotional arousal through other motives. These results imply that
social interaction, altruism, and even entertainment motives are not influenced by
emotional pleasure. For the social interaction motive, sharing emotions with others,
regardless of the valence of emotions, signifies that they can have conversations and
strengthen social relationships (Duprez et al., 2014; Rimé, 2009). When it comes to the
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altruism motive, sharing video ads evoking negative emotions may be for helping and
warning others (Alexandrov et al., 2013; Berger & Milkman, 2012; McDuff & Berger,
2020), whereas people might share those inducing positive emotions for relieving the
negative feelings and enhancing the positive emotions of others. The reason emotional
pleasure did not influence the entertainment motive might be because negative emotions
evoked by media content are often mixed with positive ones, such as enjoyment and
happiness. For example, people tend to watch scary movies for enjoyment (Dunn &
Hoegg, 2014) and might feel happiness while watching a sad video (Myrick & Oliver,
2015). They may feel aesthetic enjoyment even in disgusting pictures (Wagner et al.,
2014). In a similar vein, video ads can evoke both negative and positive emotions (e.g.,
sadness and happiness) at the same time (Dunn & Hoegg, 2014; Williams & Aaker,
2002). That is, even when people are exposed to video ads evoking negative emotions,
they might feel happiness and enjoyment at the same time and share the ads to enhance
the positive emotions.
Sixth, this research investigated if the relationships between evoked emotions and
intention to share the ads can be applied to the relationships between expressed emotions
and the number of shares. To the best knowledge of the author, this is the first study that
examined the relationship between expressed emotions in comments and the number of
shares. Based on the affect-as-information hypothesis (Clore et al., 2001), this
dissertation proposed that expressed emotions in comments serve as informational cues to
influence other users’ ad sharing behaviors. The results showed that expressed emotional
intensity in comments regarding an online video ad can predict the number of ad shares.
Based on the affect-as-information hypothesis (Clore et al., 2001), it can be speculated
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that when people are exposed to comments with emotionally strong expressions, they are
more likely to feel intense emotions in the video ads. These results imply that both
evoked and expressed emotional intensities are critical to influencing ad sharing intention
and behavior. However, expressed emotional arousal and pleasure did not predict the
number of ad shares.
Seventh, by using the methodological triangulation approach integrating selfreport data (Study 1) and social media data (Study 2), this dissertation advanced the
methodological approach in viral advertising research. Feng et al. (2021) suggested using
a methodological triangulation approach to investigate consumer responses to an ad on
social media to overcome the shortcomings of a single method.
Based on the methodological triangulation approach, this research tried to secure
ecological validity while minimizing ecological fallacy. Specifically, Study 2 examined
the relationship between expressed emotions in comments and the number of shares on
social media at the aggregated level (i.e., the unit of analysis is the online video ad).
Thus, Study 2 complemented the ecological validity issue of Study 1. At the same time,
Study 1 examined the relationship between evoked emotions in comments and intention
to share online video ads at the individual level (i.e., the unit of analysis is the
individual). Thus, Study 1 complemented the ecological fallacy issue of Study 2.
Furthermore, by combining a computational method with a traditional survey
method, this dissertation broadened our understanding of online video ad sharing. The
findings of mixed methods showed how emotional factors influence consumers’ intention
to share online video ads and their actual sharing behavior on social media differently.
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5.2 PRACTICAL IMPLICATIONS
The findings of this research also provide practical insights into viral advertising.
First, to promote video ad sharing, advertising practitioners need to make efforts to create
online video ads evoking intense emotions. When consumers feel intense emotions from
an online video ad, they tend to share the ad regardless of emotional arousal and pleasure.
That is, companies don’t have to create video ads evoking high-arousal emotions, which
do not match with their brand identity, to encourage consumers to share the ads.
Companies can achieve a high number of ad-sharing with video ads eliciting emotions
relevant to their brand personality. For example, a company trying to build a sincere
brand personality might have a high number of shares of a video ad triggering a strongly
warm emotion, which fits its brand personality. Practitioners need to create online video
ads evoking strong emotions relevant to a company’s brand identity to maximize adsharing. Also, advertisers can increase the emotional intensity evoked by video ads when
they target people who are high in the need for affect (Maio & Esses, 2001), when they
use narrative ads (Chang, 2008, 2009; Kim et al., 2017), or when people watched a video
ad with others (Shteynberg et al., 2014).
Second, this research found that social interaction is the most important motive
for sharing online video ads, followed by self-expression, entertainment, and altruism
motives. Thus, in order to increase ad sharing, advertising practitioners need to trigger the
social interaction motive of consumers first. Dove’s campaign, Reverse Selfie
(www.youtube.com/watch?v=z2T-Rh838GA), can be a good example to promote social
interaction motive. This campaign encouraged people to talk about selfies and selfesteem with others. By doing so, this video ad was shared over 10,000 times on social
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media within a month. Again, to encourage people to talk about the video ad, advertising
practitioners need to create the ad to evoke intense emotions. Toyota’s Olympic
commercial, Jessica Long's Story (www.youtube.com/watch?v=fqWG5_7nwyk), shared
18,436 times by evoking intense low arousal emotions (e.g., sadness and happiness).
Third, the measurement of emotional intensity can be used for predicting the
virality of an online video ad. To maximize ad sharing, it is necessary to select the ad
creative based on pre-testing results. Also, advertising practitioners might figure out why
their online video ads are shared by using the GLM models used in Study 2. Specifically,
Study 2 showed that the number of channel subscribers, the number of views, the number
of comments, and the ratio of each expressed intensity to the total number of comments
were significantly related to the number of shares. That is, by monitoring social media
data, advertising practitioners can understand whether the number of shares of their video
ad is driven by emotional intensity or other factors such as channel subscribers, views,
and comments.
5.3 LIMITATIONS
First, in Study 1, confounding variables, including the prior exposure to the
advertisement, pre-existing attitude toward the brand, product involvement, and the
perceived informativeness of the video ad, were statistically controlled. However, there
may be other unknown confounding variables that are not controlled.
Second, in Study 1, emotional pleasure, arousal, and intensity were not
manipulated but measured. Although manipulating the evoked emotions while controlling
confounding factors is challenging, experimental studies need to be conducted in the
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future to demonstrate the causal relationship between emotional factors and ad sharing
intention.
Third, although this study showed emotional pleasure did not influence intention
to share online video ads, it is necessary to examine the effect of emotional pleasure on
ad sharing in more detail. For example, some negative emotions (e.g., sadness) can be
mixed with positive emotions (e.g., happiness) within a video ad (Williams & Aaker,
2002). Dunn and Hoegg (2014) argued that fear in horror movies and sky diving is
related to enjoyment. That is, it can be speculated that the reason the effect of emotional
pleasure on intention to share video ads was not significant in this research may be
because some video ads evoking negative emotions also elicited positive emotions at the
same time. For example, Dove’s ‘Reverse Selfie’ and Toyota’s ‘Jessica Long's Story’
evoked mixed emotions (e.g., sadness and happiness). That is, the emotional valence of
some video ads might not be measured using a semantic differential scale because
respondents may feel both unhappiness and happiness in the ad at the same time. Thus, it
is necessary to examine the difference in negative emotions influence ad sharing
depending on whether they are mixed with positive ones or not.
Fourth, this research focused on the effects of emotional factors, including
intensity, arousal, and pleasure. However, the characteristics of information (e.g., interest
and usefulness) provided by a video ad may influence ad sharing intention (Berger &
Schwartz, 2011; Lovett, Peres, & Shachar, 2013; Tellis et al., 2019). For example,
interesting product information trigger immediate Word-of-Mouth (Berger & Schwartz,
2011), and useful information is more likely to be shared (Berger & Milkman, 2012;
Lovett et al., 2013). Even though the informativeness of the video ad was controlled in
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this study, the interaction effects between informational characteristics and emotional
factors should be examined in the future.
Fifth, it is uncertain the reason why Study 1 and Study 2 showed inconsistent
results. Specifically, as for RQ2, there was no significant correlation between the
expressed emotions in comments and the responded emotions in a survey. In addition,
Study 2, unlike Study 1, showed that emotional arousal was not related to the number of
shares. Several speculations are possible. One possible reason is that expressed emotions
in comments might not represent the population’s emotions evoked by the ad since social
media texts are not generated by a random sample of the population (Humphreys &
Wang, 2018). Different operationalization of emotions between Study 1 and Study 2
might also be a potential reason for the inconsistencies. Specifically, pleasure, arousal,
and intensity were measured on a 7-point Likert scale in Study 1. On the other hand,
these were measured by the number of comments that were categorized into each
emotion in Study 2. The difference in the unit of analysis between Study 1 and Study 2
might also be the reason for the inconsistencies. The unit of analysis was the individual in
Study 1, while it was the online video ad in Study 2. Furthermore, the difference in
advertising stimuli between Study 1 and Study 2 might be another reason. Study 1 used
32 video ads shorter than 2 minutes, while Study 2 used 979 video ads, including those
longer than 2 minutes. Further research is needed to examine the relationship between
evoked emotions and expressed emotions.
Sixth, it is necessary to examine the effect of expressed emotions in comments on
individuals’ intention to share online video ads. In Study 2, it was found that the
relationship between expressed emotional intensity in comments and the number of
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shares. However, it is uncertain why this relationship exists. Two speculations are
possible. First, when video ads might evoke strong emotions, viewers leave their evoked
emotions on YouTube comments and share the video ads. Second, expressed emotions on
YouTube comments might influence other viewers’ ad sharing behaviors. To understand
the relationship clearly, it is needed to conduct experimental studies to investigate the
effect of expressed emotions in comments on intention to share video ads through evoked
emotions of individuals. For example, researchers may manipulate the degree of
expressed emotional intensity in video ad comments. By doing so, they can compare the
evoked emotions and intention to share video ads between two groups (i.e., high intensity
of comments vs. low intensity of comments).
Seventh, another issue worth investigating is the antecedents of emotional
intensity. Although some studies found that narrative ads evoke more intense emotional
responses (Chang, 2008, 2009; Kim et al., 2017), our understanding of how to increase
emotional intensity is still limited. For example, emotional flow, which is defined as “the
evolution of the emotional experience during exposure to a media message, which is
marked by a series of emotional shifts” (Nabi & Green, 2015, p. 143), might influence
emotional intensity. Therefore, future research may further explore the impact of ad
content on emotional intensity.
Eighth, the correlations between emotional factors were moderate: ranging from
0.608 to 0.662. Although the discriminant validity was satisfactory, and there was no
multicollinearity issue in Study 1, it should be examined again by using different panels
such as Qualtrics and Prolific in the future.
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Ninth, Study 2 does not explain why YouTube video ads are mostly shared on
Facebook. This might be because advertisers may share their YouTube ads on Facebook
or because Facebook is the most widely used social media platform, followed by
YouTube among American adults (Pew Research Center, 2021). Future studies should
investigate why Facebook accounts for the most video ad shares.
5.4 CONCLUSION
In conclusion, this dissertation demonstrated that emotional intensity is the most
critical emotional factor influencing online video ad sharing by using a methodological
triangulation approach integrating self-report data and social media data. Specifically, in
Study 1, using a survey, the effect of emotional intensity on intention to share online
video ads was greatest, followed by that of emotional arousal. Study 2, using social
media data, showed that only emotional intensity was significantly related to actual
sharing behavior. This dissertation contributes to viral advertising research by providing a
theoretical framework and empirical evidence that emotional intensity is a key factor in
increasing online video ad sharing intention.
It is hoped that this dissertation will be a cornerstone for further understanding of
the role of emotional factors, especially emotional intensity, in viral advertising. Also,
advertising practitioners have to make efforts to create online video ads evoking strong
emotions in order to encourage people to share video ads. They should keep in mind that
“If the ad does not evoke intense emotions, it is not worth sharing.”
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APPENDIX A: THE LIST OF YOUTUBE CHANNELS
As of December 2021
Brand’s Channel Name
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1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25

Ad Council
adidas
Always
Amazon
American Express
Apple
AT&T
Bank of America
BMW USA
BountyBrand
Bud Light
Budweiser
Burger King USA
Capital One
Charmin
Chase
Chevrolet
Clash of Clans
Clorox
Coca-Cola
Comcast
Coors Light
Crest
Dodge
Domino's Pizza

Channel URLs
www.youtube.com/channel/UClwkBPKzW8h_rfZWuG_kWjw
www.youtube.com/channel/UCuLUOxd7ezJ8c6NSLBNRRfg
www.youtube.com/channel/UCedcH2kb9dRn6qPcafYF48g
www.youtube.com/channel/UCkLXELm63_pH7L-r-548kig
www.youtube.com/channel/UCZ9dXmuPmcstcgjt25VmOrg
www.youtube.com/channel/UCE_M8A5yxnLfW0KghEeajjw
www.youtube.com/channel/UC0JO-FDmcF2lFP1l-rsmBWg
www.youtube.com/channel/UCtHZ1qs5h4sx9TijVBQCMIA
www.youtube.com/channel/UCBSVw6f8KBFLn7r1cQsFhLw
www.youtube.com/channel/UCZIxkMygSYBnjRBByOGXyZw
www.youtube.com/channel/UC1O6nGbccGhl2akEVaSpKsA
www.youtube.com/channel/UCPCk_8dtVyR1lLHMBEILW4g
www.youtube.com/channel/UC5B6fsHlo_sB8sk_z3VUmGw
www.youtube.com/channel/UCyGhGrs-1hA22jX6X850VEQ
www.youtube.com/channel/UCEo7VJM4kV1KyBoEIhzHCOw
www.youtube.com/channel/UCHtxFngk49IKUfJUKXwpCQw
www.youtube.com/channel/UCSVpCNZzOeMekuMiFze3fnQ
www.youtube.com/channel/UCD1Em4q90ZUK2R5HKesszJg
www.youtube.com/channel/UCSsUEf0vY2ghWC10lj_oVrw
www.youtube.com/channel/UCosXctaTYxN4YPIvI5Fpcrw
www.youtube.com/channel/UC_Skz24vMgLpm6sdLSoETEA
www.youtube.com/channel/UCnQdLSHPmjcDdT5whDBlHtQ
www.youtube.com/channel/UC-wcvEzLqKV4Mjrc_zi-pbA
www.youtube.com/channel/UC6NMqrESrKioKr9axv_YM7w
www.youtube.com/channel/UCO1328RJ5y-TrR2oRq9fBYw

Number of Subscribers
155,000
917,000
141,000
475,000
181,000
13,900,000
242,000
104,000
246,000
22,100
191,000
209,000
2,280
33,500
19,000
48,800
654,000
17,100,000
45,600
3,600,000
8,190
25,200
16,800
253,000
260,000
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26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53

Brand’s Channel Name
Doritos®
Dove US
Downy
Dr Pepper
Expedia
Ford Motor Company
Gain
Gatorade
GEICO Insurance
Gillette
GMC
Google
Heineken
Hyundai USA
IBM
Jeep
KIA USA
L'Oréal Paris USA
Made by Google
McDonald's
Mercedes-Benz USA
Michelob ULTRA
Microsoft
Nespresso
Nike
Old Spice
Oral-B North America
P&G (Procter & Gamble)

Channel URLs
www.youtube.com/channel/UCGTGlZDAATNAAXINMLj4jgw
www.youtube.com/channel/UC0uGC_EBwAxw3ljqeGjy2qw
www.youtube.com/channel/UCTqeresI0k6ro2gVBcoVlDA
www.youtube.com/channel/UCfxCSXZP8apCgG72mLiBoUQ
www.youtube.com/channel/UCGaOvAFinZ7BCN_FDmw74fQ
www.youtube.com/channel/UCKA96UxTdgFBwGZMGZ-135w
www.youtube.com/channel/UCshPybKGgiQ4IsLLBCGkT2g
www.youtube.com/channel/UCKbGPPMiB37HbLIAKyV9bmQ
www.youtube.com/channel/UCHxcqJWQQcoVmVh5eHVqVxg
www.youtube.com/channel/UCUAMa2W6xG9Ega11nK1qe-w
www.youtube.com/channel/UCVcZB2_5HBDVtw8B9c4tIHw
www.youtube.com/channel/UCK8sQmJBp8GCxrOtXWBpyEA
www.youtube.com/channel/UC_-HWQDxWNqEimlma9cJoIA
www.youtube.com/channel/UCx_eAZKDceT1yaY4bRo636A
www.youtube.com/channel/UC8cc4pVKVHG7A9fbNsRNrLQ
www.youtube.com/channel/UCMWLdSdAyDcCy_OVzONKm0w
www.youtube.com/channel/UCbp3o7U6oSa6s-LQBZvOnGg
www.youtube.com/channel/UCoC8wK7Hbj1saQUBlFVaJkA
www.youtube.com/channel/UCIG1k8umaCIIrujZPzZPIMA
www.youtube.com/channel/UCRI5ZedBs0_BYY4PlxD6m7w
www.youtube.com/channel/UCfRUa1Z5gTknsMMaKLthZIg
www.youtube.com/channel/UCn4BnrZvvr1y0loLEZ2kSHw
www.youtube.com/channel/UCFtEEv80fQVKkD4h1PF-Xqw
www.youtube.com/channel/UCdrsm2O-1i3zl5K0lVOEC2A
www.youtube.com/channel/UCUFgkRb0ZHc4Rpq15VRCICA
www.youtube.com/channel/UC3V6vcmjv20XJcK80g5K5ow
www.youtube.com/channel/UC4qyzn7UFFapqbp2b1BYfRQ
www.youtube.com/channel/UCDzq6J0KoGCbps96JQuXWRg

Number of Subscribers
110,000
148,000
28,900
58,500
985,000
2,130,000
33,500
186,000
1,940,000
159,000
130,000
9,950,000
522,000
220,000
281,000
218,000
143,000
189,000
1,160,000
469,000
645,000
69,500
760,000
541,000
1,600,000
850,000
15,400
63,200
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54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69

Brand’s Channel Name
Pampers
Pepsi
Pfizer
Progressive Insurance
Ram
Samsung US
State Farm Insurance
Taco Bell
Target
Tide
T-mobile
Toyota USA
Verizon
Walmart
Walt Disney Animation Studios
Walt Disney Studios

Channel URLs
www.youtube.com/channel/UCYJqcD8Zr7lm6COA_Cm7ZPQ
www.youtube.com/channel/UCH47Lk8Qv2Vdr7yu7JHyvug
www.youtube.com/channel/UCzoP7l5bzSzi2gUUNn0I79w
www.youtube.com/channel/UCzX4gPZ9x1iK29lv_sHhuDQ
www.youtube.com/channel/UCNfZNOb3jq-iWdL0d9OMf9Q
www.youtube.com/channel/UCnEdfCdbxJJ9ouWKLSRCRRw
www.youtube.com/channel/UCsjj_YdoShWrnAHrgN9ud-g
www.youtube.com/channel/UCGAWuGsaWysuMHbj0w2-Ffw
www.youtube.com/channel/UCralvBh1hSGRf4SrjS-mY7Q
www.youtube.com/channel/UCEPeWPjaF1CWCKXa3xTp7vw
www.youtube.com/channel/UCJWjiXxsH7Nb2354JHI4q0Q
www.youtube.com/channel/UC1pOTJteEef10zJM0cHs4iQ
www.youtube.com/channel/UCDF1rHyRH8LcxbHX5_mrZ0w
www.youtube.com/channel/UC701pqb1-HJPS4RMjSmK4Yg
www.youtube.com/channel/UC_976xMxPgzIa290Hqtk-9g
www.youtube.com/channel/UCuaFvcY4MhZY3U43mMt1dYQ

Number of Subscribers
497,000
867,000
47,200
46,600
108,000
1,920,000
183,000
114,000
529,000
112,000
330,000
467,000
414,000
484,000
4,800,000
3,870,000

APPENDIX B: SURVEY QUESTIONNAIRE
Q1 Consent Form
Dear Participants:
I am a doctoral student in the School of Journalism and Mass Communications at the
University of South Carolina. The purpose of this study is to investigate your feelings and
emotions about some online video ads. You will be asked to complete an online survey.
This survey will take approximately 15 minutes of your time.
The following is a short summary of this study to help you decide whether to be a part of
this study. More detailed information is listed later in this form.
In this survey, you will be asked about your opinions regarding two online video ads.
No risks are anticipated from your participation in this study. Your participation is
completely voluntary and confidential, and you can withdraw from this study at any time
without negative consequences.
Upon completing the survey, you will receive a $0.75 reward on Amazon Mechanical
Turk for your participation. The Amazon Mechanical Turk system does not allow the
researcher to make partial payments for incomplete responses. Only participants who
complete the survey will receive monetary incentives from Amazon Mechanical Turk.
IMPORTANT: I highly care about the quality of your response. It is very important that
you thoughtfully provide your best answers to each question in this survey. Thus, this
survey includes several questions to check your response quality. If it turns out that you
answered the questions without reading them carefully, your participation will
be automatically terminated. In this case, the validation code for receiving a $0.75 reward
from Amazon Mechanical Turk will not be provided.
If you have any further questions now or while completing the questionnaire, please feel
free to contact the researcher:
Chang Won Choi
Ph.D. Candidate
School of Journalism and Mass Communications
University of South Carolina
800 Sumter Street
Columbia, SC, 29208
changwon@email.sc.edu
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Questions or concerns about the research participants' rights can be directed to:
Office of Research Compliance
University of South Carolina
1600 Hampton Street, Suite 414D
Columbia SC 29208
phone: (803) 777-6670
email: LisaJ@mailbox.sc.edu
○ Yes, I agree to participate.
○ No, I do NOT agree to participate.

Q2 Please read each of the following adjectives carefully.
To me, automobiles (are) ...
1

2

3

4

5

6

7

Unimportant

○

○

○

○

○

○

○

Important

Irrelevant

○

○

○

○

○

○

○

Relevant

Means
nothing to
me

○

○

○

○

○

○

○

Means a
lot to me

Q3 Please indicate your overall feelings about Ford Bronco.
1

2

3

4

5

6

7

Bad

○

○

○

○

○

○

○

Good

Unfavorable

○

○

○

○

○

○

○

Favorable

Unlikable

○

○

○

○

○

○

○

Likable

Q4 Now, you will see a video ad. The Next Button will appear after you watch the ad
completely.

135

Q5 Which brand's advertisement was it?
○ Ford
○ Apple
○ Comcast
○ Dr Pepper
○ Heineken
○ McDonald's
○ Walmart

Q6 Please indicate how much you agree with each statement stated below.
Strongly
Somewhat
Disagree
disagree
disagree

Neither
agree Somewhat
Agree
nor
agree
disagree

Strongly
agree

This ad evoked very strong
emotion.

○

○

○

○

○

○

○

While watching this ad, my
emotional feeling was very
intense.

○

○

○

○

○

○

○

Please select "Disagree"
here.

○

○

○

○

○

○

○

While watching this ad, the
degree of my emotional
feeling was high.

○

○

○

○

○

○

○

My emotional experience
with this ad was very
intense as a whole.

○

○

○

○

○

○

○
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Q7 While watching this ad, how did you feel?
1

2

3

4

5

6

7

Unhappy

○

○

○

○

○

○

○

Happy

Unpleasant

○

○

○

○

○

○

○

Pleasant

Unsatisfied

○

○

○

○

○

○

○

Satisfied

Despairing

○

○

○

○

○

○

○

Hopeful

Negative

○

○

○

○

○

○

○

Positive

Unaroused

○

○

○

○

○

○

○

Aroused

Calm

○

○

○

○

○

○

○

Excited

Relaxed

○

○

○

○

○

○

○

Stimulated

Sleepy

○

○

○

○

○

○

○

Wide awake

Passive

○

○

○

○

○

○

○

Active

Q8 Please indicate how much you agree with each statement stated below.
Strongly
Somewhat
Disagree
disagree
disagree

Neither
agree Somewhat
Agree
nor
agree
disagree

Strongly
agree

This ad is a good source of
product/service information.

○

○

○

○

○

○

○

This ad provides relevant
product/service information.

○

○

○

○

○

○

○

This ad is a good source of
up-to-date product/service
information.

○

○

○

○

○

○

○

Q9 How many times have you seen this advertisement before?

Never

1

2

3

4

5

6

7

○

○

○

○

○

○

○
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Very
frequently

Q10 Please indicate how much you agree with each statement stated below.

Strongly
Somewhat
Disagree
disagree
disagree

Neither
agree Somewhat
Agree
nor
agree
disagree

Strongly
agree

Sharing this ad will help me
to impress others.

○

○

○

○

○

○

○

Sharing this ad will help me
to attract others’ attention.

○

○

○

○

○

○

○

Sharing this ad will help me
to distinguish myself from
others.

○

○

○

○

○

○

○

Sharing this ad will help me
to manage the impression
that other people have of
me.

○

○

○

○

○

○

○

Q11 Please indicate how much you agree with each statement stated below.

Strongly
Somewhat
Disagree
disagree
disagree

Neither
agree Somewhat
Agree
nor
agree
disagree

Strongly
agree

Sharing this ad will help me
to feel closer to my friends.

○

○

○

○

○

○

○

Sharing this ad will help me
to share the positive
emotions I experienced
when I watched the ad.

○

○

○

○

○

○

○

Sharing this ad will help me
to talk about a common
interest that I have with my
friends.

○

○

○

○

○

○

○

Sharing this ad will help me
to gain a sense of belonging.

○

○

○

○

○

○

○

Sharing this ad will help me
to maintain relationships
with people.

○

○

○

○

○

○

○
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Q12 Please indicate how much you agree with each statement stated below.

Strongly
Somewhat
Disagree
disagree
disagree

Neither
agree Somewhat
Agree
nor
agree
disagree

Strongly
agree

By sharing this ad, I can
show my concern for others.

○

○

○

○

○

○

○

By sharing this ad, I can
show empathy for others.

○

○

○

○

○

○

○

By sharing this ad, I can
help others.

○

○

○

○

○

○

○

Sharing this ad will help
others solve their problems.

○

○

○

○

○

○

○

Sharing this ad will inspire
others.

○

○

○

○

○

○

○

Q13 Please indicate how much you agree with each statement stated below.
Strongly
Somewhat
Disagree
disagree
disagree

Neither
agree Somewhat
Agree
nor
agree
disagree

Strongly
agree

Sharing this ad will help me
to have fun.

○

○

○

○

○

○

○

Sharing this ad will help me
to have a good time.

○

○

○

○

○

○

○

Sharing this ad will help me
to be entertained.

○

○

○

○

○

○

○

Sharing this ad will give me
an opportunity to enjoy.

○

○

○

○

○

○

○

Sharing this ad will give me
pleasure.

○

○

○

○

○

○

○

Sharing this ad will help me
amplify the pleasant
emotions evoked by the ad.

○

○

○

○

○

○

○
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Q14 Please indicate how much you agree with each statement stated below.
Strongly
Somewhat
Disagree
disagree
disagree

Neither
agree Somewhat
Agree
nor
agree
disagree

Strongly
agree

I plan to pass along this
online video ad

○

○

○

○

○

○

○

I will make an effort to pass
along this online video ad.

○

○

○

○

○

○

○

I intend to pass along this
online video ad.

○

○

○

○

○

○

○

Q15 Please enter your age (must be numeric).
________________________________________________________________

Q16 Please select your gender.
○ Male
○ Female
○ Prefer not to answer
Q17 Please specify your ethnicity.
○ White or Caucasian
○ Black or African American
○ Hispanic or Latino
○ Asian
○ Other
Q18 Please select the highest level of education you have attained.
○ Some High School or Less
○ High school graduate or GED
○ Some college
○ College graduate
○ Graduate Degree
Q19 What is your annual household income from all sources before taxes?
○ Under $25,000
○ $25,000-$49,999
○ $50,000-$74,999
○ $75,000-$99,999
○ $100,000-$199,999
○ $200,000 or more

140

