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ABSTRACT 

 

THREE ESSAYS ON VIDEO-SHARING SOCIAL MEDIA 

 

 

Sehwan Oh 

College of Business Administration 

Seoul National University 
 

As social media emerges as a major distribution and consumption platform for video 

contents, consumers’ behavior on video-sharing social media is getting important to 

marketers and researchers. However, compared with research on text-based social media 

channels such as blogs and microblogging service, studies on video-sharing social media 

have been limited. To fill the gap of current studies and enhance our understanding of 

social media, I attempt to analyze consumers’ behavior on video-sharing social media 

and its business implications in three essays.  

In Essay 1, I attempt to examine consumers’ video-sharing behavior on social media, 

focusing on viewer engagement and characteristics of video contents. To facilitate user 

activities, most of social media channels offer functions to share a link of particular post 

or video. However, though previous researchers attempted to find out motivation and 

antecedents of consumers’ sharing behavior, we have limited understanding on why 

consumers share video contents on video-sharing social media.  

Among diverse determinants on sharing behavior, Essay 1 investigates whether 

viewer engagement is an antecedent of video-sharing activities by consumers and 

emotionally-charged video contents are likely to be shared. Suggesting metrics of 

viewer engagement on videos and linking viewer engagement with video-sharing 
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behavior, this research finds out that average watching time, the number of comments, 

and the ratio of like counts can be good indicators of viewer engagement on video-

sharing social media. In addition, this research shows that hedonic videos are likely to 

be shared than utilitarian videos on video-sharing social media.  

As a starting point of viral marketing, it comes to be important to understand 

antecedents of consumers’ video-sharing behaviour on social media. Among various 

determinants in video-sharing behaviour, this research contributes to finding out how 

viewer engagement and hedonic characteristics in video contents work in viewers’ 

sharing behavior.  

In Essay 2, I examine the impact of sharing video contents on business performance, 

focusing on the effects of sharing movie trailers on box office revenue. In a marketing 

perspective, it has been argued that social influence affects consumers’ decision-making 

in purchase. In the context of electronic word-of-mouth (eWOM), a lot of social media 

research points out that text-based eWOM has an influence on business performance. 

However, though video-sharing social media emerged as a major consumption and 

distribution channel for entertainment goods such as music and movie, there has been 

limited research in terms of the impact of promotional video contents on actual sales.  

Essay 2 attempts to analyze whether consumers’ sharing activities of movie trailers 

make social influence and thus increase box office revenue. Focusing on movie trailers 

on video-sharing social media, this research finds out that sharing movie trailers has a 

positive impact on box office revenue. In addition, the study shows that sharing movie 

trailers has a greater impact on box office revenue in the early stage of movie release 

than in the later stage.  

Showing the positive relationship between sharing a movie trailer and box office 

revenue of the movie, this research reveals that promotion with social media can serve 
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as an essential marketing tool for entertainment goods like movies. Also, contrary to 

conventional wisdom in offline environment, this research contributes to highlighting 

that sharing movie trailers has a greater impact on box office revenue in the early stage 

than in the later stage after movie release.  

Finally, in Essay 3, I investigate the role of video-sharing social media as a music 

consumption channel and its impact on tourism. Previous papers on tourism confirmed 

that cultural contents such as films and TV dramas have a positive impact on the influx 

of tourists. Though many tourism researchers examined the effects of media in various 

contexts, there has been limited research regarding the impact of social media on 

tourism. Especially, no studies investigated the role of social media as a music 

consumption channel and its impact on tourism. As video-sharing social media rapidly 

emerges as a major consumption channel of entertainment goods, it is required for 

researchers and practitioners to examine the impact of video consumption through social 

media in the context of tourism.  

Expanding current research horizon in social media and media-induced tourism, I 

attempt to analyse the impact of the social media on the music-induced tourism with a 

case of Korean pop music and inbound tourism to Korea. Controlling many of the 

determinants of tourism like population, trade, relative price, VISA waiver, and 

geographical distance, the study finds out that engagement of K-pop music video clips 

on video-sharing social media is a significant predictor for the flow of inbound tourists 

to Korea.  

This research contributes to expanding tourism research on social media and 

enriching a growing body of media-induced tourism research, while pursuing 

interdisciplinary research regarding music-consumption via social media and its impact 

on tourism. Also, this study suggests a new research method for media-induced tourism 
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in terms of data collection. From a practical perspective, this research gives a practical 

implication for marketers how to attract international tourists through taking advantage 

of social media. 

 

 

 
Keywords: Video-sharing Social Media, Viewer Engagement, Music-induced 

Tourism 

Student Number: 2011-30159 
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Chapter 1: Introduction 

 

1.1. Research Background and Motivation 

 

Though the concept of social media is still evolving, it can be defined as “a group of 

Internet-based applications that build on the ideological and technological foundations 

of Web 2.0, and that allows the creation and exchange of User Generated Content” 

(Kaplan et al. 2010). Mangold et al. (2009) argued that social media serves as an 

effective communication channel between marketers and consumers and also enables 

consumers to share opinions from one another in numerous social media platforms.  

With the growth of social media, diverse channels such as YouTube, Twitter, and 

Facebook penetrate deep into our daily lives and consumers come to spend huge 

amounts of time on social media. As high-speed Internet environment provides 

consumers with easy access to Internet-related services, social media emerges as a 

media distribution and consumption channel. Especially, video-sharing social media 

such as YouTube, Vimeo, VEVO and Metacafe emerges as a consumption and 

distribution channel of multimedia entertainment goods such as movie trailers and music 

videos.  

Following the first generation of text-based social media such as blogs, microblogs, 

and instant message services, social media for sharing and consuming video contents 

gains viewership at an unprecedented rate and emerges as the next major online platform. 

Recently, online video consumption on social media becomes a major part of consumers’ 

activities. comScore Inc. (2013), a digital analytics company, released that 189 million 

Americans enjoy 49.1 billion videos as of October, 2013, while the volume of video 

advertisement views amounts to be 24.5 billion. According to Cisco (2012), online video 
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consumers are expected to double by 2016, from 792 million users in 2011. Quoting 

Cisco’s updated forecast data, Roettgers (2013) reported that online videos will be more 

popular than other representative social networking services such as Facebook and 

Twitter by 2017.  

Among many industries, video-sharing social media revolutionizes the entertainment 

industry. For example, the official music video of PSY’s “Gangnam Style” on YouTube 

is the first clip to record over 2 billion views (Billboard 2014). Thanks to popularity of 

“Gangnam Style”, Korean pop music which was unknown to the West breaks into the 

mainstream of music industry. Another beneficiary of video-sharing social media is film 

industry. Like music, movie is another representative form of experience goods which 

cannot be evaluated until consumption (Nelson 1970). Movie trailers which are designed 

to provide a taste of specific movie can be easily found, consumed and shared via social 

media. Also, anecdotal evidences suggest that movie trailers contribute to raising actual 

box office revenue. Catching the growing popularity of video consumption via social 

media, many social media channels, for example, Facebook and Twitter, even attempt to 

add features for watching and sharing videos on their platforms.  

Increasingly, social media emerges as a major distribution and consumption platform 

for video contents, while it creates diverse opportunities and challenges as an effective 

marketing and communication channel. As a result, social media gets a lot of attention 

from business practitioners and academic researchers. However, we have still limited 

understanding on social media. Especially, compared with other text-based social media 

channels such as blogs, microblogs and online review sites, consumers’ video 

consumption on video-sharing social media and its business implications has been an 

under-researched area. Limitations of current research and opportunities for further 

research can be summarized as follows.  
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Firstly, we have limited knowledge on why consumers share video contents on social 

media. Some researchers have attempted to find out motivations and antecedents of 

consumers’ sharing behaviors (Berger et al. 2012; Dobele et al. 2007; Stieglitz et al. 

2013). However, there is still huge research gap in social media settings, especially, 

from a perspective of video-sharing social media. It has been acknowledged that sharing 

and recommendation behavior by consumers makes significant influence among 

consumers. In terms of viral marketing, it is important to understand various antecedents 

of consumers’ video-sharing behaviour on social media. In this regard, the study on 

antecedents of video-sharing activities by consumers would enhance our understanding 

of consumer behavior on social media and give implications to both researchers and 

marketers.  

Secondly, we do not fully understand the impact of consumers’ video-sharing 

activities on business. Previous studies on social media focused on electronic word-of-

mouth (eWOM) and showed positive impact of eWOM on sales in diverse products or 

services, for example, books (Chen et al. 2008; Chevalier et al. 2006), movies (Baek et 

al. 2014; Dellarocas et al. 2007; Duan et al. 2008a; Duan et al. 2008b; Liu 2006; Rui et 

al. 2013), beer (Clemons et al. 2006), and hotel rooms (Ye et al. 2009). However, most 

of studies on eWOM were confined to the text-based social media such as blogs, 

microblogs, and review websites. Paying attention to consumers’ video-sharing behavior 

as another form of eWOM, further research is required in the settings of video-sharing 

social media.  

Thirdly, there have been limited attempts to investigate the relationship between 

consumption of cultural content on social media and tourism. Though many tourism 

researchers examined the effects of media in various contexts, there has been limited 

research regarding the impact of social media on tourism. It has been argued that the 



4 

popular media such as movies and TV dramas make significant influence on attracting 

tourists, because people form affective feelings to places which is portrayed in the media. 

While conventional media-induced tourism research focused on films and TV programs, 

researchers pointed out that consumption of cultural contents, for example, music is 

positively related with tourism (Koo et al. 2013a). Despite the rapid spread of social 

media for music-consumption channel, no studies investigated the impact of video-

sharing social media on tourism.  

 

1.2. Research Goal and Research Questions 

 

To fill the gap of current studies and enhance our understanding of social media, this 

study attempts to find answers in the following research questions.  

 

 What are the antecedents of viewers’ video-sharing behavior?  

 What is the impact of video-sharing activities on business? Specifically, what is 

the impact of sharing movie trailers on box office revenue? 

 What is the role of social media as a channel for music consumption and its 

impact on tourism? For example, can Korean pop music videos on video-

sharing social media boost inbound tourism to Korea? 

 

1.3. Overview of Three Essays 

 

1.3.1. Essay #1: Antecedents of video-sharing behavior 
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   Among diverse antecedents of consumers’ sharing behavior, I focus on factors 

which are specific in the context of video-sharing activities. Paying attention to user 

experience in Internet video, researchers argued that viewer engagement can play a role 

as a measure of the Quality-of-Experience (QoE). As an outcome of engagement, it is 

believed that satisfied viewers are willing to share videos. In addition, previous research 

argued that more hedonic messages tend to be forwarded. Likewise, I examine whether 

emotionally-charged hedonic videos are shared more than utilitarian videos. In Essay 1, 

in terms of viewer engagement on videos and characteristics of video contents, I 

examine the antecedents of viewers’ video-sharing behavior on social media.  

 

1.3.2. Essay #2: Predictive value of video-sharing behavior  

Entertainment industry benefits from the growth of video-sharing social media. 

Film marketers realize that movie trailers on video-sharing social media can play an 

important role in raising potential audience’s attention and interest in an early stage of 

film marketing. This study attempts to investigate the impact of consumers’ video-

sharing activities on business. Focusing on movie trailers on video-sharing social media, 

this research tries to empirically find out whether sharing movie trailers on video-

sharing social media has any impact on box office revenue. Additionally, expanding 

previous research on the Product Life Cycle (PLC), this research investigates that 

sharing a movie trailer has a greater impact on box office revenue in the early stage than 

in the later stage after movie release. 

 

1.3.3. Essay #3: Music videos and music-induced tourism 

In tourism research, there has been a lot of research of how the visual media such as 

movies and soap operas induced tourism. Compared with the traditional films and TV 
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programs associated tourism, it has been acknowledged that music-induced tourism is an 

under-researched topic. Especially, no studies have attempted to examine the role of 

social media as a music-consumption channel and its impact on tourism. Expanding a 

body of media-induced tourism and making use of viewer comments on music videos as 

a measure of viewer engagement, I examine the impact of video-sharing social media on 

music-induced tourism with a case of K-pop and inbound tourism to Korea.  
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Chapter 2: Antecedents of Video-sharing Behavior 

 

2.1. Introduction 

 

Social media emerges as one of major information search, consumption and 

distribution channels. Comparing with traditional media, Lee et al. (2012) argued that 

social media serves as an effective diffusion channel for news stories. In addition, with 

the development of technology, social media gains popularity as multimedia distribution 

and consumption channel. Searching information about entertainment goods such as 

movie, music, and video game, more and more consumers visit social media. Among 

diverse types of social media, video-sharing social media including YouTube, Vimeo, 

VEVO and Metacafe emerges as a major consumption and distribution channel of 

multimedia contents such as movie trailers and music videos.  

It has been acknowledged that sharing and recommendation behavior by consumers 

makes significant influence among consumers. Broxton et al. (2010) argued that 

approximately 25% of daily views on YouTube comes from peer-to-peer sharing. In 

terms of viral marketing, it is important to understand various antecedents of consumers’ 

video-sharing behaviour on social media. As video-sharing social media creates diverse 

opportunities and challenges as a marketing and communication channel, it is getting 

important for business practitioners and academic researchers to understand why 

consumers share videos on social media and what factors precede their video-sharing 

behaviour.   

Despite proliferation of social media, there has been limited research on motivations 

and antecedents of consumers’ video-sharing behaviour. Investigating message-

forwarding behaviour from a perspective of message contents, Hung-Chang et al. (2007) 
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found out that more hedonic messages tend to be forwarded, while Phelps et al. (2004) 

argued that messages with strong emotions such as humor, fear, sadness, or inspiration 

are likely to be relayed. Examining New York Times articles which were most emailed, 

Berger et al. (2012) found out that emotion determines virality of the articles.  

However, though previous research contributed to revealing the role of emotional 

contents in diffusion, those studies mainly focused on text-based messages. Due to 

difficulty in data collection, a few research attempted to empirically analyse consumers’ 

sharing behaviour in the context of video consumption. Focusing on emotional 

responses that video contents evoke, Nelson-Field et al. (2013) argued that videos that 

provoke viewers’ high arousal emotion are likely to be shared. In the context of media 

richness, Lee et al. (2012) argued that online videos with more multimedia effects tend 

to increase users’ intention to forward. 

Meanwhile, in the dimension of video viewers, there has been also limited research 

on video-sharing behaviour. From a perspective of viewer engagement, prior research 

paid attention to viewers’ engagement and interests in video consumption (Balachandran 

et al. 2012; Balachandran et al. 2013; Dobrian et al. 2013; Huang et al. 2008). As an 

outcome of customer engagement, researchers suggested customer satisfaction, trust and 

commitment (Bowden 2009; Brodie et al. 2013; Gummerus et al. 2012).  Considering 

that consumer satisfaction is positively associated with behavioral intention such as re-

purchase, positive word-of-mouth and recommendation (Cronin Jr et al. 2000; Oliver 

1980; Patterson et al. 1997; Tam 2004), it can be logically argued that engagement may 

influence sharing behaviors. However, there has been no research in verifying 

relationships between viewer engagement and sharing behavior.  
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Therefore, overcoming limitations of previous studies, this research attempts to find 

out consumer behavior in consuming and sharing video contents on social media from 

the perspectives of both viewer engagement and video contents.  

 

2.2. Literature Review 

 

2.2.1. Engagement and sharing behavior 

Though there are many definitions of engagement in marketing, engagement can be 

defined as "a consumer based measurement that regards interaction with an aspect of a 

brand or media property" (Ghuneim 2008). Meanwhile, in the context of web analytics, 

Peterson (2007) defined engagement as “an estimate of the degree and depth of visitor 

interaction on the site against a clearly defined set of goals”. Measuring active 

customers, Ghuneim (2008) classified various levels of customer engagement: 

bookmarking and tagging (low engagement); rating and commenting (medium 

engagement); blogging (high engagement); and networking (highest engagement) in 

Table 1. Other researchers also identified that customer engagement can include various 

behaviors such as discussions, commenting, rating, and information search (Bowden 

2009; Brodie et al. 2013; Gummerus et al. 2012).  

In terms of video consumption, it was acknowledged that simply the number of 

views can’t measure viewers’ engagement on videos (Stein 2013). Instead, previous 

researchers suggested diverse candidates for metrics of viewer engagement on videos. 

Paying attention to viewers’ watching time of videos, researchers argued that viewer 

engagement on videos can be measured by play time (Balachandran et al. 2012; 

Balachandran et al. 2013; Dobrian et al. 2013). In addition, Kaushik (2009) suggested 
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that voice of customers on videos can be reflected in three components of social 

engagement such as ratings, comments, and favorites. 

Meanwhile, as an outcome of engagement, researchers suggested satisfaction, trust 

and commitment (Bowden 2009; Brodie et al. 2013; Gummerus et al. 2012). Previous 

research has acknowledged that satisfaction is both the result of consumption and 

precursor of future behavior (Lu et al. 2007; Patwardhan et al. 2011). After consuming 

products or services, consumers evaluate the outcome of their consumption and feel 

satisfaction, if their evaluation is positive (Hoyer et al. 2008). As a result of post-

purchase evaluation, satisfaction is affective response to experience from products or 

services (Oliver 1992). 

Many researchers found out that consumer satisfaction is positively associated with 

behavioral intention such as re-purchase, positive word-of-mouth and recommendation 

(Cronin Jr et al. 2000; Oliver 1980; Patterson et al. 1997; Tam 2004). For example, a 

satisfied consumer is often voluntary to recommend those products and services to other 

consumers. Patwardhan et al. (2011) defined media satisfaction as “a positive general 

feeling of varying intensity evoked by users’ favorable post-consumption evaluation of a 

medium, media genre, media program, media content or media-generated activity”.  

With a case of television audience satisfaction, Lu et al. (2007) proved that increased 

audience satisfaction leads to positive word-of-mouth and intention of repeated 

watching. Exploring video-disseminating behaviors, Hsieh et al. (2012) argued that 

viewers’ attitude to video content influences their intention to forward it. Examining 

entertainment industry, Cronin Jr et al. (2000) argued that satisfaction directly influences 

behavioral intentions.  

 

2.2.2. Video content and sharing behavior 
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In general, there are two types of goods: search goods and experience goods (Nelson 

1970). Search goods are products which consumers can have information before 

consumption, whereas experience goods are products of which value can’t be evaluated 

without consumption (Nelson 1970). According to Nelson’s classification (Nelson 1970), 

videos on social media have characteristics of experience goods, because consumers 

can’t determine true value of video contents before consumption.  

In addition to paradigm of search goods and experience goods, there is another 

dimension of product classification: utilitarian goods and hedonic goods (Batra et al. 

1991; Hirschman et al. 1982). Whereas utilitarian dimensions present how well the 

product or service functions, hedonic dimensions explains how it makes someone feel. 

On video-sharing social media, there are various kinds of video contents, covering 

instrumental contents (utilitarian goods) and contents for fun (hedonic goods). For 

example, YouTube has over 10 categories for video contents such as music, film, games, 

education, science and technology, and so forth.  

   Hirschman et al. (1982) argued that hedonic consumption refers to “consumers’ 

multisensory images, fantasies and emotional arousal in using products.” Focusing on 

emotional arousal of text-based contents, researchers argued that emotional factor is 

important for content viralness (Berger 2011; Berger et al. 2012; Dobele et al. 2007; 

Hung-Chang et al. 2007; Phelps et al. 2004; Stieglitz et al. 2013).  

Examining six primary emotions (surprise, fear, sadness, joy, disgust, and anger), 

Dobele et al. (2007) argued that emotions stimulate message recipients’ forwarding 

behavior. Coding emotionality of New York Times news articles, Berger et al. (2012) 

proved that contents which evoke positive (awe) or negative (anger or anxiety) high-

arousal are viral. By sentiment analysis on tweet messages, Stieglitz et al. (2013) found 

out that emotional tweet messages are more likely to be retweeted than neutral ones. 
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Also, Hung-Chang et al. (2007) found out that more hedonic messages tend to be 

forwarded, while Phelps et al. (2004) argued that messages with strong emotions such as 

humor, fear, sadness, or inspiration are likely to be forwarded.  

Meanwhile, recent information systems (IS) research comes to pay attention to the 

role of emotions in IS environment. For example, studies on technology acceptance 

(Venkatesh 2000; Zhang et al. 2005), review helpfulness (Yin et al. 2014) and online 

trust (Hwang et al. 2007) address the role of emotions in the context of IS. However, 

there has been still limited research on the role of emotion from a perspective of video-

sharing social media.  

 

2.3. Hypotheses Development 

 

Examining antecedents of video-sharing activities on social media, this study 

focuses on viewer engagement on videos at first. Acknowledging difficulty in measuring 

subconscious viewer engagement, researchers emphasized the need of objective and 

cost-effective measures on it (Dobrian et al. 2013; Huang et al. 2008). While there are 

many approaches to measure viewer engagement on videos, this study pays attention to 

three objective and obtainable metrics on videos: average watching time (i.e. play time), 

the number of comments and the number of like counts.  

To quantify user experience in Internet video consumption, researchers have 

struggled to measure the Quality-of-Experience (QoE) with various metrics in terms of 

both videos and viewers (Balachandran et al. 2012; Balachandran et al. 2013). Focusing 

on measures of user experience in Internet video, researchers argued that engagement 

for a video can be measured by play time (Balachandran et al. 2012; Balachandran et al. 

2013; Dobrian et al. 2013). Examining a peer-to-peer television system, researchers 
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measured viewers’ interests with watching time per video (Wang et al. 2008). In general, 

it was acknowledged that viewer satisfaction with video content can be reflected in play 

time (Dobrian et al. 2013).  

In addition to play time, we may develop other measures of viewer engagement on 

videos with the number of comment counts and the number of like counts. Researchers 

argued that customers’ commenting and rating behavior can be represented as 

engagement (Ghuneim 2008; Gummerus et al. 2012). Kaushik (2009) suggested three 

elements of social engagement in videos such as ratings, comments, and favorites. 

Based on prior literature, this research posits that play time, number of comments and 

the number of like counts per video can serve as metrics of viewer engagement and 

interests on videos.  

Furthermore, this research redefines measures of engagement on videos. To control 

the length of videos, instead of play time, I calculate average play time to the total 

running time (= play time / running time). In addition, instead of the number of like 

counts, considering the effects of dislike counts, I calculate the ratio of like counts to the 

total valence counts (= like counts / (like counts + dislike counts)). As a result, the 

metrics of viewer engagement on videos can be redefined and summarized as Table 2. 

Meanwhile, as an outcome of engagement, researchers suggested satisfaction, trust 

and commitment (Bowden 2009; Brodie et al. 2013; Gummerus et al. 2012). According 

to previous research, consumer’s satisfaction leads to behavior of intention, for example, 

recommendation. So, I expect that viewer engagement and resultant satisfaction in 

consumption of a video is an antecedent of video-sharing activities of video consumers.  

Also, the degree of viewer engagement which is measured by average watching time, 

the number of comments and the ratio of like counts can reflect viewers’ overall 
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satisfaction in a video clip, which would be positively related with the number of 

sharing the video. Therefore, the hypotheses can be developed as follows. 

 

H1. Average play time of a video in total running time is positively related with the 

number of sharing the video.  

H2. The number of comment counts on a video is positively related with the number 

of sharing the video.  

H3. The ratio of like counts to the total number of like and dislike counts on a video is 

positively related with the number of sharing the video.  

 

Along with viewer engagement on videos, this study focuses on characteristics of 

video contents in terms of hedonic versus utilitarian dimension. Prior research 

contended that emotionally-charged messages tend to be forwarded (Hung-Chang et al. 

2007; Phelps et al. 2004; Stieglitz et al. 2013). In a study of viral videos, Nelson-Field et 

al. (2013) showed that videos which have emotional responses from viewers are likely 

to be shared. Thus, this study expects that hedonic video contents which can evoke 

emotional responses are likely to be shared, compared with utilitarian contents. 

Therefore, I set up related hypothesis as follows.  

 

H4. Hedonic video contents have the high propensity to be shared than utilitarian 

video contents. 
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In summary, conceptual model can be depicted as Figure 1.  

 

2.4. Research Methodology 

 

2.4.1. Data collection 

To investigate consumers’ behavior in consumption of videos through social media, 

this study focuses on YouTube, the world-largest social media for videos. Established in 

2005, YouTube becomes the third most popular website in the world with approximately 

11.9 page views and 17.5 minutes per visitor in a daily basis (Alexa Internet Inc. 2013).  

As of 2013, YouTube reports that 100 hours of videos are uploaded every minute 

and over 6 billion hours of videos are consumed each month on its platform (YouTube 

2013c). According to comScore Inc., in terms of online video content property, Google 

sites (primarily, YouTube) rank top with 164.8 million unique viewers, followed by 

Facebook (70.1 million) and AOL, Inc. (62.3 million) (comScore Inc. 2013). 

In addition to popularity, YouTube has made validating efforts on view statistics on 

its platform (YouTube 2013a; YouTube 2013b). It is known that YouTube has 

complicated technology to count views, preventing any attempts from inflating user 

views, because it can be abused for a marketing purpose. For example, around 300 

views of each video, YouTube video view counts would “freeze” to verify that video 

views are made legitimately (YouTube 2013a; YouTube 2013b). Those validating efforts 

by YouTube make researchers develop reliable metrics of user behavior on YouTube.  

Owing to YouTube’s enormous amounts of video clips, it was important to 

determine how to efficiently obtain a representative sample. At the start, this research 

focused on the most viewed YouTube channels, or homepages of YouTube user accounts. 

Following previous research, this study referred to VidStatsX (www.vidstatsx.com) to 
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get representative YouTube channels as Figure 2 (Tang et al. 2012). VidStatsX shows the 

list of the most famous YouTube channels in terms of views, subscriptions, categories 

and regions.  

For this study, among various YouTube channels by categories such as education, 

entertainment, game, sports, travel, music, and movies, I focused on music and movie 

channels for hedonic video contents and education channels for utilitarian video 

contents. In music, movie and education channels, I selected top 100 channels by each 

category in terms of cumulative video views as of July, 2014.  

Next, after determining target YouTube channels, I tracked view statistics of newly 

uploaded videos on those channels. To collect view statistics of videos, this study 

developed a Java-based Web-crawler which retrieved view statistics of videos by using 

YouTube’s open application programming interface (API) and scrapping HTML 

subpages of view statistics. Though YouTube provides basic view statistics of a specific 

video clip through API, I had to resort to parsing YouTube’s subpages for detailed 

statistics such as the number of views, the number of sharing a video clip, average 

watching time of a video and so forth as Figure 3. The detailed data fields on video 

statistics are summarized in Table 3.  

 

2.4.2. Descriptive data 

From July to October, 2014, view statistics of videos were constructed in panel data. 

For newly updated videos at target channels, I collected view statistics for 70 days in a 

daily basis and then transformed it into weekly data for 10 weeks to effectively capture 

variations of focal variables. As a result, I could construct strongly balanced panel data 

for newly uploaded videos for 10 weeks. 

In data-sampling process, this research considered following factors. At first, 
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considering cultural differences in users’ sharing behavior, this research selected 

channels with English contents only. Second, focusing on the number of shares, this 

research dropped videos which were not shared at all for 70 days. Third, to control 

length of videos, this research selected videos of which total running time was under 8 

minutes. Analyzing 2.5 million YouTube videos, Sysomos Inc. (2010), a social media 

analytics company, showed that average duration of YouTube video is 4 minutes and 12 

seconds.  

At the first week after video release, descriptive statistics of view statistics of videos 

are summarized in Table 4. In the number of views in average, music videos show the 

highest number of views (242,285), followed by movie videos (133,306) and education 

videos (108,979). In terms of the number of sharing videos, education videos (90.8) 

have relatively low number of sharing, compared with music videos (762.8) and movie 

videos (229.6). In length of videos, education videos show the longest duration time 

with 260.4 seconds in average, followed by music videos (239.9 seconds) and movie 

videos (123.7 seconds).  

Previous studies took the logs of key variables to normalize the distribution and 

smooth large values (Dhar et al. 2009; Duan et al. 2008b; Ghose et al. 2008). Likewise, 

to smooth the distribution, I take the log transformation for the number of views (Views), 

the number of sharing (Sharing), the number of comment counts (Comments) and days 

after video release (DaysAfterRelease), except for ratio variables which have ranges 

from 0 to 1. Correlations of key variables are tabulated in Table 5. The cumulative 

number of sharing videos is positively correlated with average watching time 

(correlation=0.2941; p-value<0.01), ratio of like counts (correlation=0.2692; p-

value<0.01) and the cumulative number of comment counts (correlation=0.8444; p-

value<0.01). Based on 841 videos in the sample, the overall relationship between 
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metrics of viewer engagement and the number of sharing videos is depicted in Figure 4.  

 

2.4.3. Analysis model 

To test hypotheses 1~3 (H1~H3), this research sets up Equations (1). To take 

advantage of panel data structure, panel data estimation model is applied for empirical 

analysis. Also, considering potential endogeneity issue between the number of watching 

videos and the number of sharing videos from reverse causality, simultaneous equation 

model is developed for instrumental variable (IV) estimation. Baltagi (2008) argued that 

endogeneity needs IV methods to obtain consistent estimates of parameters.  

As measures of viewer engagement on videos, this research focuses on average 

watching time to the total running time (AvgWatching), the number of comment counts 

(ln(Comment)) and the ratio of like counts (LikeRatio). The number of sharing videos 

would be the dependent variable (ln(Sharing)), whereas AvgWatching, ln(Comment) and 

LikeRatio would be the independent variables. In addition, the cumulative number of 

total views per video content (ln(Views)) and the days after video release 

(ln(DaysAfterRelease)) would be control variables. Other idiosyncratic characteristics 

are considered as ui.  

 

Equations for the relationship of viewer engagement on sharing video clips: 

ln(Sharingi,t )= β0 + β1*AvgWatchingi,t-1 + β2* ln(Commenti,t-1)  

+ β3*LikeRatioi,t-1 + β4*ln(DaysAfterReleasei,t)  

+ β5*ln(Viewsi,t-1 ) + ui +εi,t                                                            

ln(Viewsi,t)= β0 + β1*AvgWatchingi,t-1 + β2* ln(Commenti,t-1)  

+ β3*LikeRatioi,t-1 + β4*ln(DaysAfterReleasei,t)  

+ β5*ln(Sharingi,t-1) + ui +εi,t                                    (1)  
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To test hypothesis 4 (H4), this research sets up Equation (2). In this model, the key 

variable, Hedonic, captures whether hedonic videos are likely to be shared than 

utilitarian videos or not. Fixed-effects model in panel analysis cannot estimate time-

invariant variable like the dummy variable of Hedonic. Therefore, to test H4, this 

research estimates Equation (2) with different time intervals and attempts to test if 

hedonic contents have high propensity to be shared. Considering the same endogeneity 

issue above, I set up simultaneous equation.  

Chen et al. (2012) argued that users of streaming Internet videos are impatient for 

relatively long videos. This suggests that length of videos may affect users’ video-

consumption behavior. Considering relatively longer duration in education videos, 

length of videos needs to be considered in estimation. Therefore, in addition to ln(Views) 

above, ln(RunningTime) is incorporated as another control variable.  

 

Equations for comparison of hedonic versus utilitarian contents in sharing: 

ln(Sharingt)= β0 + β1* ln(Viewst-1) + β2*Hedonic  

+ β3*ln(RunningTimet-1) + εt                                

ln(Viewst)= β0 + β1* ln(Sharingt-1) + β2*Hedonic  

+ β3*ln(RunningTimet-1) + εt                               (2) 

 

2.5. Analysis Results 

 

Table 6 displays analysis results after testing H1~H3 with Equation (1). Considering 

high correlations between the number of sharing videos and the number of views, I 

examine each measure of viewer engagement on videos individually with the number of 
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views as a control variable. As a base-line model, the fixed-effects estimation model is 

applied to Equation (1). Column (1) presents the fixed-effects estimation result of 

average watching time to the total running time (AvgWatching) on the number of sharing 

videos (ln(Sharing)). It shows that average watching time is positively related with the 

number of sharing videos (estimated coefficient=2.01; p-value<0.01). Considering 

potential endogeneity issue, the two-stage least squares (2SLS) estimation is applied to 

Equation (1) with the lagged variable of the number of sharing videos as an instrumental 

variable. Column (4) suggests that average watching time is positively related with the 

number of sharing videos (estimated coefficient=2.15; p-value<0.01). 

Second, column (2) shows the fixed-effects estimation result for the ratio of like 

counts (LikeRatio) on the number of sharing videos. It also indicates that the number of 

like counts to the total valence counts is positively related with the number of sharing 

videos (estimated coefficient=1.34; p-value<0.01). Also, column (5) of the IV estimation 

result presents that the number of like counts to the total valence counts is positively 

related with the number of sharing videos (estimated coefficient=2.74; p-value<0.01). 

Third, column (3) presents the fixed-effects estimation result for the number of 

comment counts (ln(Comment)) on the number of sharing videos. With estimated 

coefficient, 0.06 (p-value<0.01), it shows that the number of comment counts is 

positively related with the number of sharing videos. Meanwhile, column (6) of the IV 

estimation result also indicates that the number of comment counts is positively related 

with the number of sharing videos (estimated coefficient=0.08; p-value<0.01).  

According to both fixed-effects estimation and 2SLS estimation, AvgWatching, 

LikeRatio and ln(Comment) are positively related with the number of sharing videos, 

which supports H1, H2, and H3.  
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To test H4, this research estimates Equation (2) and Table 7 shows the estimation 

results. Considering possible endogeneity relationship between viewing and sharing 

videos, 2SLS estimation is conducted with the lagged variable of the number of sharing 

videos as an instrumental variable. Due to lagged variables, Equation (2) is estimated 

from week 3. By week after video release, dummy variable for hedonic video contents is 

estimated to be significantly positive with the number of sharing videos (estimated 

coefficients=1.001~1.101, p-value<0.01). It means that emotionally-charged videos tend 

to be forwarded than utilitarian videos, which supports H4.  

In summary, estimation results show that AvgWatching, LikeRatio and ln(Comment) 

are positively related with the number of sharing video contents and emotionally-

charged hedonic videos are likely to be forwarded than utilitarian videos, which supports 

H1~H4.  

 

2.6. Robustness Check 

 

To control the effect of video contents by genre such as movie, music and education, 

I additionally estimate the effect of engagement by video categories. At the start, I test 

H1~H3 with movie contents. Table 8 shows estimation results of Equation (1). Column 

(1) presents the fixed-effects estimation result of average watching time to the total 

running time (AvgWatching) on the number of sharing movie videos (ln(Sharing)). It 

shows that average watching time is positively related with the number of sharing movie 

videos (estimated coefficient=4.15; p-value<0.01). Considering potential endogeneity 

issue, the two-stage least squares (2SLS) estimation is applied to Equation (1) with the 

lagged variable of the number of sharing videos as an instrumental variable. Column (4) 
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suggests that average watching time is positively related with the number of sharing 

movie videos (estimated coefficient=4.25; p-value<0.01). 

Second, column (2) shows the fixed-effects estimation result for the ratio of like 

counts (LikeRatio) on the number of sharing videos. It also indicates that the number of 

like counts to the total valence counts is positively related with the number of sharing 

movie videos (estimated coefficient=5.57; p-value<0.01). Also, column (5) presents that 

the number of like counts to the total valence counts is positively related with the 

number of sharing movie videos (estimated coefficient=5.40; p-value<0.01). 

Third, column (3) presents the fixed-effects estimation result for the number of 

comment counts (ln(Comment)) on the number of sharing videos. With estimated 

coefficient, 0.04 (p-value<0.01), it shows that the number of comment counts is 

positively related with the number of sharing movie videos. Meanwhile, column (6) 

indicates that the number of comment counts is positively related with the number of 

sharing movie videos (estimated coefficient=0.03; p-value<0.01).  

In summary, according to both fixed-effects estimation and 2SLS estimation, 

AvgWatching, LikeRatio and ln(Comment) are positively related with the number of 

sharing movie video contents, which supports H1, H2, and H3.  

For music video contents, I also test H1~H3, while Table 9 shows estimation results 

of Equation (1). First, by the fixed-effects estimation, the column (1) presents that 

average watching time to the total running time is positively related with the number of 

sharing videos (estimated coefficient=1.51; p-value<0.01). Also, it is confirmed by the 

instrumental variable estimation (estimated coefficient=1.73; p-value<0.01) in column 

(4). So, I can conclude that it supports H1 for music video clips.  

Second, the column (2) shows the fixed-effects estimation result on the effect of like 

counts. It indicates that the number of like counts to the total valence counts is positively 
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related with the number of sharing music video contents (estimated coefficient=1.03; p-

value<0.01). It is also confirmed by the instrumental variable estimation (estimated 

coefficient=2.56; p-value<0.01) in column (5). Therefore, I can conclude that it supports 

H2 for music video clips. 

Third, the column (3) presents the fixed-effects estimation result on the effect of 

comment counts. With estimated coefficient, 0.16 (p-value<0.01), it shows that the 

number of comment counts is positively related with the number of sharing videos. By 

the instrumental variable estimation, it is reconfirmed with estimated coefficient, 0.30 

(p-value<0.01). So, I can conclude that it supports H3 for music video clips. 

In summary, according to both fixed-effects estimation and instrumental variable 

estimation, AvgWatching, LikeRatio and Comment are also positively related with 

sharing music video contents.  

For education video contents, I estimate Equation (1) and test H1~H3. Table 10 

shows estimation results. First, by the fixed-effects estimation, the column (1) presents 

that average watching time to the total running time is positively related with the 

number of sharing videos (estimated coefficient=2.80; p-value<0.01). Also, it is 

confirmed by the instrumental variable estimation (estimated coefficient=2.15; p-

value<0.01) in column (4). So, I can conclude that it supports H1 for education video 

clips.  

Second, the column (2) and (5) shows the fixed-effects and the instrumental variable 

estimation results for like counts. Though it is found out to be insignificant by the fixed-

effects estimation, instrumental variable estimation shows that like ratio is positively 

related with the number of sharing education video contents (estimated coefficient=1.69; 

p-value<0.05). Therefore, I can conclude that it supports H2 for education video clips. 
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Third, the column (3) and (6) present the fixed-effects and instrumental variable 

estimation on the effect of comment counts. However, contrary to hypothesis, the 

number of comment counts is found out to be insignificantly related with the number of 

sharing education video clips, though the direction of parameter estimates is the same 

with what I expected. Firstly, as shown in descriptive statistics in Table 4, education 

video contents present low number of sharing with relatively high number of comments. 

So, it may underestimate the impact of comment counts on sharing education video 

contents. Secondly, comments on videos have both positive and negative opinions for 

each video, so the number of comment counts may not duly capture the effects of viewer 

engagement on sharing videos. For education videos, according to both fixed-effects 

estimation and instrumental variable estimation, AvgWatching and LikeRatio are 

positively related with sharing education video contents, whereas ln(Comment) is not 

significantly related.  

In summary, further analysis results show that average watching time, the number of 

comments, and the ratio of like counts can be good indicators of viewer engagement on 

video-sharing social media as Table 11. Though this research shows some mixed results 

on the effects of comments counts in video-sharing by categories of videos, analysis 

with average watching time to the total running time and the number of like counts to 

the total valence counts suggests the same results by categories consistently.  

In addition, to check the robustness of analysis results above, I re-examine the 

overall relationship between viewer engagement and video-sharing behavior. With all 

videos in the sample, I estimate Equation (3) and (4) with ordinary least squares (OLS) 

model by week. With the cumulative number of sharing videos (ln(Sharingt)) as a 

dependent variable, AvgWatchingt-1, LikeRatiot-1 and ln(Commentt-1) are incorporated as 

independent variables. Considering high correlation between ln(Sharingt) and 
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ln(Commentt-1), I individually estimate Equation (3) and (4) as follows. Table 12 and 

Table 13 display the estimation results for Equation (3) and (4) respectively. They are 

consistent with analysis results above.  

 

Equations for the relationship of play time and the ratio of like counts on sharing video 

clips: 

ln(Sharingt )= β0 + β1*AvgWatchingt-1 + β2*LikeRatiot-1 + εt             (3)                                                        

 

Equations for the relationship of the number of comment counts on sharing video clips: 

ln(Sharingt )= β0 + β1* ln(Commentt-1) + εt                          (4) 

 

2.7. Discussion and Conclusion 

 

As a lot of information goods such as music videos, movie trailers and education 

videos are consumed and distributed on video-sharing social media, consumers’ 

behavior on online video channels is getting important to marketers and researchers. 

Especially, as a starting point of viral marketing, it comes to be important to understand 

various antecedents of consumers’ video-sharing behavior on social media. 

Among diverse determinants of sharing behavior, this study investigates whether 

viewer engagement on videos is an antecedent of video-sharing activities and 

emotionally-charged video contents are likely to be shared. Suggesting metrics of 

viewer engagement on videos and linking viewer engagement with video-sharing 

behavior, this research finds out that average watching time, the number of comments, 

and the ratio of like counts can be good indicators of viewer engagement on video-
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sharing social media. In addition, this research shows that hedonic videos are likely to 

be shared than utilitarian videos on video-sharing social media. 

From an academic perspective, this study makes contributions in the following 

points. First, this research contributes to expanding our understanding on the 

antecedents of video-sharing behaviour. Despite proliferation of video-sharing social 

media, there has been limited research on motivations and antecedents of consumers’ 

video-sharing behavior. Jansen et al. (2011) acknowledged that previous research on 

social media mainly focused on social networking activities, not information sharing. As 

a result, we have limited understanding on the use of social networking services for 

information sharing in the context of e-commerce purposes (Jansen et al. 2011). In this 

regard, this research enriches the body of knowledge on antecedents of sharing 

behaviour, especially, video-sharing behaviour.  

Second, this research suggests good measures for viewer engagement on videos such 

as average watching time, the number of comments, and the ratio of like counts. In the 

context of eWOM as an outcome of consumer experience, most of researchers have 

developed three metrics: volume (the number of review postings), valence (the average 

star rating or the positive (or negative) ratings), and dispersion (spread of eWOM across 

social networks). However, we still have had limited research on appropriate measures 

for user experience and engagement on videos. Showing more efficient measures for 

user experience on videos, for example, average watching time, this study suggests 

implications for further research in the environment of video-sharing social media.  

From a practical perspective, this research shows that viewer engagement on videos 

can serve as an indicator of marketing effectiveness of video ads. As online videos 

emerge as effective tools of marketing campaign, advertisers are eager to quantify 

consumers’ engagement on video ads. Also, previous research showed that sharing and 
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recommendation behavior by consumers makes significant influence among consumers. 

Empirically testing the effect of viewer engagement on sharing videos, this research 

finds out how viewer engagement in video-sharing social media works in viewers’ 

sharing behavior, thereby influencing other potential consumers.  

Heath (2007) argued that use of multimedia can enhance customer engagement. To 

measure marketing effectiveness of video ads, marketers should pay more attention to 

indicators of viewer engagement such as average watching time and the number of 

comments per particular video ad. Also, identifying customer engagement in video ads, 

practitioners may predict the success or failure of focal products and plan their 

promotional resources much efficiently. 

In addition, this research also shows that hedonic videos are likely to be shared than 

utilitarian videos on video-sharing social media. In terms of marketing, practitioners 

may take advantage of this research when they develop video advertisements. In terms 

of characteristics of video contents, this research suggests that emotionally-charged 

video contents tend to be shared among consumers than other monotonic utilitarian 

video contents.  
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Chapter 3: Predictive Value of Video-sharing Behavior 

 

3.1. Introduction 

 

A recent surge of social media provides a broader range of values to consumers. For 

example, video-sharing social media enables consumers to easily search and enjoy video 

contents such as music videos and movie trailers in a much convenient way. Also, it 

helps consumers make purchase decisions. In case of movie, before going to theaters, 

consumers come to YouTube to watch the movie trailer. Furthermore, after watching 

video contents, consumers can easily share their experience with family, friends, and 

colleagues via other social media channels such as Facebook, Twitter, and blogs.  

The rapid growth of video-sharing social media suggests business opportunities for 

entertainment industry, while marketers take advantage of multimedia as promotional 

materials. Among many industries, movie and music industries benefit from the growth 

of video-sharing social media. Managers in music industry actively embrace social 

media in their marketing activities, for example, by promoting newly released music 

albums and keeping in touch with the fan base.  

On examining the social media usage by an American pop star, Britney Spears, 

Kaplan et al. (2012) argued that one of success factors of Britney Spears and her team of 

employees was their effort in integrating various social media applications such as 

YouTube, Twitter, Facebook and blog. Though there are many types of social media 

channels, video-sharing social media like YouTube is getting great influence in the 

music industry, because consumers easily find music videos and audio clips on 
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YouTube. Especially, YouTube attracts attention from consumers as a music discovery 

and listening channel.  

In addition to music industry, movie industry is another beneficiary of video-sharing 

social media. Among conventional film marketing materials such as posters, 

promotional websites, and trailers, film marketers come to pay attention to promotional 

advantages of movie trailers. Firstly, movie trailers make potential consumers taste the 

movie (Kerrigan 2010). While movies are characterized as experience goods, consumers 

hardly evaluate value of movies until consumption (Nelson 1970). A trailer can give an 

opportunity for potential movie-goers to sense the movie in a shortened version. 

Secondly, with the development of social media, movie trailers are easily shown and 

distributed at various kinds of channels. Now consumers can watch movie trailers on 

video-sharing social media like YouTube and then share them by providing the link via 

Facebook, Google Plus, and Twitter.  

Film marketers realize that movie trailers on video-sharing social media can play an 

important role in raising potential audience’s attention and interest in an early stage of 

film marketing. As a result, most of film studios run their own marketing channels on 

video-sharing social media and upload official trailers before movie release. Considering 

typically short product life cycle of a movie, the impact of social media in film 

marketing would be an important research topic for practitioners and researchers.  

However, despite a lot of research on the impact of social media in the context of 

eWOM and box office revenue, we have limited studies on video-sharing social media 

as a channel of consumption and distribution of movie trailers. Hence, in the context of 

video-sharing social media, this research attempts to examine the impact of sharing 

movie trailers on box office revenue.  
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3.2. Literature Review 

 

3.2.1. Impact of social media on film industry 

A lot of previous research on social media put a focus in the context of eWOM as 

Table 14. Focusing on blog buzz, some researchers examined the impact of them on 

album, song, and movie sales (Dewan et al. 2012; Dewan et al. 2014; Dhar et al. 2009; 

Qin 2011). With a case of Twitter, a microblogging service, another research stream 

investigated the effects of tweet messages on box office revenue (Asur et al. 2010; Baek 

et al. 2014; Rui et al. 2013). In similar context, some researchers analyzed the impact of 

eWOM via online review sites on product sales (Clemons et al. 2006; Dellarocas et al. 

2007; Liu 2006; Ye et al. 2011). However, we have little research in the settings of 

video-sharing social media.  

Meanwhile, in the motion picture industry, many researchers have made diverse 

attempts to predict box office revenue. By comprehensive review on research traditions 

in the film industry, Eliashberg et al. (2006) argued that there have been a psychological 

approach, an economic approach and an approach of combining both ways. Considering 

various psychological and economic determinants on movie sales, it has been 

acknowledged that new information sources like eWOM contribute to consumers’ 

decision-making in movie-going behavior. For example, there have been a few attempts 

to predict business performance, especially box office revenue, incorporating eWOM 

activities on social media in the forecasting model (Asur et al. 2010; Dellarocas et al. 

2007; Feng et al. 2010; Joshi et al. 2010; Kim et al. 2011).  

Based on the Bass model of product diffusion, Dellarocas et al. (2007) showed that 

inclusion of eWOM from Yahoo! Movies substantially increases the accuracy of box 

office revenue-forecasting model. Feng et al. (2010) also suggested that prerelease 
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eWOM from Yahoo! Movies and scheduled screens of a movie at opening day can 

explain consumers’ movie-going behavior. Likewise, using text mining analysis, Joshi et 

al. (2010) analyzed movie reviews on seven review websites such as Austin Chronicle, 

the Boston Globe, the LA Times, Entertainment Weekly, the New York Times, Variety, and 

the Village Voice to predict opening weekend revenue of movies.  

Along with review websites, other researchers made use of blogs and microblogging 

service to investigate the impact of eWOM on movie sales. Kim et al. (2011) examined 

blog buzz to predict movie success, while Asur et al. (2010) attempted to forecast box-

office revenues with chat messages on Twitter. However, those studies focused on text-

based reviews and blog postings, not movie trailers on video-sharing social media. 

Compared with other products or services, most of movies enable consumers to taste 

the value of movies with movie trailers. After watching a movie trailer, consumers may 

decide whether s/he goes to movie theatre or not. In general, visual information 

including videos is expected to make considerable influence on consumers’ attitude to 

products (Lin et al. 2012). As movie trailers are assumed to have great influence on 

consumers’ movie-going behavior, we may take advantage of them when predicting the 

success or failure of a particular movie.  

However, we still have limited understanding on predictive power of consumers’ 

behavior in social media, while a few studies attempted to forecast business 

performance with consumers’ behavior on social media. Moreover, in the marketing 

perspective, if we can identify the predicting power of consumers’ video consumption 

on business performance, it would be helpful for marketers to plan and arrange their 

marketing resources much efficiently.  

 

3.2.2. Social influence and purchase 
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It has been acknowledged that social factors influence users of information systems 

and consumers. In previous information systems (IS) studies, researchers adopted social 

influence as a norm which is believed to have an influence on users’ behavior. For 

example, Theory of Reasoned Action and Theory of Planned Behavior are based on the 

relationship between subjective norm and user behavior (Hsu et al. 2008). Expanding 

Technology Acceptance Model with social factors, a lot of empirical research found out 

that social influence has positive impact on users’ IT usage (Hsu et al. 2004; Venkatesh 

et al. 2000; Venkatesh et al. 2003). 

Meanwhile, in marketing research, social influence is also recognized to influence 

buyers’ attitude and intention. Social influence has been viewed in two dimensions such 

as informational influence (related to the tendency to make informed decisions) and 

normative influence (related to the tendency to the expectations by others) (Bearden et 

al. 1982; Bearden et al. 1989; Burnkrant et al. 1975). Burnkrant et al. (1975) identified 

the role of informational social influence and argued that consumers consider others’ 

evaluation on products. For example, in movie consumption, consumers may have 

informational influence from family or friends. Also, the media plays an important role 

in exerting informational influence to its audience.  

Suggesting framework for viral marketing in terms of externalities and recommender 

role, Subramani et al. (2003) defined the context of “Targeted Recommendation (TR)” 

(e.g. functions like “send this story to a friend”) where an influencer can make both 

informational and normative influences within his/her network. They argued that utility 

of TR depends on recommenders’ ability in understanding recipients’ interests and 

preferences and that companies should make use of influencers to fill potential 

consumers’ knowledge gap (Subramani et al. 2003). 
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Word-of-mouth marketing or viral marketing or buzz marketing has been defined as 

“the process of getting customers to pass along a company’s marketing message to 

friends, family, and colleagues” (Laudon et al. 2001). It has been argued that viral 

marketing campaigns evoke interpersonal recommendation and thus drive sales of 

products and services (Dobele et al. 2007). In general, consumers tend to be influenced 

by other consumers’ consumption experience and recommendation. Rosen (2000) 

contended that “[Purchasing] is a part of social process” (p.6), because there involves a 

lot of information and influence exchanges around the consumer. Park et al. (1977) 

argued that interpersonal influence affects consumers’ decision-making process.  

Owing to characteristics of services such as intangibility, non-standardization and 

perceived risk in consumption, Murray (1991) argued that personal or independent 

sources of information are more effective marketing channels for service customers. 

Comparing strong-tie and weak-tie referral sources, Brown et al. (1987) found out that 

information from strong tie sources is perceived as more influential to consumers. 

Recognizing opportunities of viral marketing, a lot of companies promote their 

products, services and brands via consumers’ word-of-mouth. In music industry, there 

are also many anecdotal evidences that positive eWOM on music videos and sharing 

related information on social media may have positive influence on album sales. 

According to the Nielsen Company, positive recommendations from a friend and from a 

music blog/chat rooms are most likely to influence purchase decisions on music albums 

(The Nielsen Company 2012). Dewan et al. (2014) argued that social interaction and 

influences among consumers can affect consumers’ decision-making in purchase. In 

previous research, it was posited that consumer behaviour in blogging and sharing of 

music implicitly shows a positive response to it, thereby influencing sampling and 

buying the music (Dewan et al. 2014; Dhar et al. 2009) 
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In movie industry, there are also a lot of cases which benefit from viral marketing. In 

prior marketing and IS studies, many researchers examined the impact of eWOM on box 

office revenue in the environment of diverse social media channels such as blogs, 

microblogs, and online review websites (Baek et al. 2014; Dellarocas et al. 2007; Duan 

et al. 2008a; Duan et al. 2008b; Liu 2006; Rui et al. 2013).  

Expanding previous research on the effects of text-based eWOM, some researchers 

attempted to examine the impact of movie trailers on movie sales. Based on movie-goer 

survey, Haw et al. (2013) showed that movie trailers as marketing stimuli affect 

consumer information search and thereby influence movie consumption. Taking a 

qualitative research, Finsterwalder et al. (2012) explored how consumers make 

expectations based on their experience in movie trailers. However, though movie trailers 

play a role of a major promotional vehicle, their impact on box office revenue has been 

an under-researched area, especially, in the settings of video-sharing social media. 

 

3.3. Hypotheses Development 

 

This study attempts to investigate the impact of consumers’ video-sharing activities 

on actual sales. Among various entertainment goods which are consumed and distributed 

on video-sharing social media, this research examines whether consumption of movie 

trailers has any impact on box office revenue. 

Suggesting that most of films make over one third of total box office revenue in 

opening week (Acland 2003), Gray (2010) argued that the impact of movie trailers and 

previews can’t be underestimated. With the development of high-speed Internet, movie 

trailers are easily found, consumed, and distributed on video-sharing social media. 
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Movie trailers can give opportunities for consumers to sense the movie in a shortened 

version, which leads to consumers’ movie-going behavior.  

Though movie trailers themselves can serve as effective promotional media, 

Finsterwalder et al. (2012) pointed out that consumers do not form their expectations 

solely on movie trailers. In addition to finding movie information via movie trailers on 

social media, a lot of movie-goers recommend it to other potential consumers. Previous 

research suggested that consumers prefer recommendations from other consumers, 

especially who are in his/her community (Brown et al. 1987).  

Suggesting framework for viral marketing in terms of externalities and recommender 

role, Subramani et al. (2003) defined the context of “Targeted Recommendation (TR)” 

where an influencer can make both informational and normative influences within 

his/her network. Thus, it can serve as more efficient marketing tactic.  

To facilitate sharing information and experience by consumers, many social media 

platforms added sharing features like sending and recommending webpage links to other 

people. For example, YouTube allows its users to share video clips via a lot of external 

social media channels such as Facebook, Twitter, and Google Plus as Figure 5.  

   In case of movie, Chang et al. (2005) pointed out that there can be psychological or 

economic approaches in studies on box office performance. Suggesting conceptual 

framework for analyzing the success of a particular movie, they addressed four groups 

of determinants in measuring movie success: (a) brand-related variables (sequel, director, 

and actor), (b) objective features (production budget, genre, and MPAA ratings), (c) 

information sources (critics’ rating and audience rating), and (d) distribution-related 

variables (distributor’s market power, and release periods).  

Based on Chang et al. (2005)’s research, this research develops the framework by 

adding new variables with trailer consumption on video-sharing social media. 
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Controlling for three movie-related determinants such as brand-related variables, 

objective features, and distribution-related variables, this research highlights the impact 

of sharing trailers on box office revenue. Thus, the hypothesis is developed as follows.  

 

H5. The cumulative number of sharing a trailer has a significant influence on the 

cumulative box office revenue of a movie. 

 

In the diffusion process, Rogers (2010) argued that innovators are affected by mass 

media in the early stage of new product launch, and then they share their views to the 

later comers, or imitators. Likewise, in the context of product life cycle (PLC), Mahajan 

et al. (1984) contended that adopters of a new product influence others to adopt it. It has 

been argued that inter-personal communication, or word-of-mouth, between early 

adopters and late adopters plays a role in growth stage of diffusion process (Mahajan et 

al. 1984; Rogers 2010).  

However, contrary to conventional belief, Cui et al. (2012) argued that “PLC in the 

online environment does not necessarily parallel its offline pattern”. They pointed out 

that entertainment goods like movie show rapid growth of sales in relatively short time 

after product release, which suggests public opinion spread instantaneously online and 

make a greater impact on new product sales (Cui et al. 2012). Investigating online 

reviews on both video games (experience goods) and consumer electronics (search 

goods), they found out that the volume of reviews shows a downward impact on product 

sales in the later period of product launch (Cui et al. 2012).  

In the context of eWOM, researchers argued that eWOM makes the impact in the 

early stage of a new product and the effect diminishes over time (Amblee et al. 2008; 

Cui et al. 2012; Dellarocas et al. 2007). Likewise, I expect that as a form of eWOM on 
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video-sharing social media, sharing a movie trailer has a greater impact on box office 

revenue in the early stage than in the later stage after movie release. Therefore, 

hypothesis can be set up as follows.  

 

H6. The number of sharing a trailer has a greater effect on box office revenue of 

new movie in the early period than in the later period after movie screening. 

 

In summary, conceptual model for the impact of sharing movie trailers can be 

depicted as Figure 6.  

 

3.4. Research Methodology 

 

3.4.1. Data collection 

In terms of data availability, a lot of marketing researchers have paid attention to 

movie industry, because there are publicly available data resources for movie-related 

data including box office revenue. For this research, movie-related data were collected 

from Boxofficemojo (www.boxofficemojo.com), IMDb (www.imdb.com), and Numbers 

(www.the-numbers.com), which have been referred by a lot of previous studies (Baek et 

al. 2014; Basuroy et al. 2003; Dellarocas et al. 2007; Duan et al. 2008a; Liu 2006; Rui et 

al. 2013).  

The daily box office revenue, the number of screens, production budget and other 

control variables were mainly obtained from Boxofficemojo.com as Figure 7. However, 

different from other movie-related data, information on production budget was not 

disclosed for some movies, perhaps due to being classified information. Therefore, if I 

http://www.boxofficemojo.com/
http://www.imdb.com/
http://www.the-numbers.com/
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could not find related information from Boxofficemojo.com, then I referred to other 

websites such as IMDb.com, the-Numbers.com, and Wikipedia. However, if I could not 

find budget information from various sources at all, I put it as blank.  

Aside from movie-related data, I collected view statistics of movie trailers on 

YouTube. In average, there were multiple versions of movie trailers per movie. So, I 

selected one representative movie trailer per movie, which displayed the largest number 

of hits right before movie release. If detailed view statistics of the representative trailer 

was blocked by channel owners, then I targeted another trailer which was secondly 

ranked by the number of views. After identifying the representative movie trailers, I set 

the Web-crawler to automatically retrieve view statistics at a fixed time in a daily basis. 

Among various view statistics of YouTube videos, I focused on the number of sharing 

videos. In summary, the list of key variables is shown in Table 15.  

 

3.4.2. Descriptive data 

From December 2013 to November 2014, I collected view statistics of movie trailers 

on YouTube and matched them with box office revenue of related movies. Though 

several movies were released every week, a few movies per week showed the daily box 

office revenue. Due to limited information of box office revenue in a daily basis, I could 

finally collect 72 movies in the sample, which were matched with movie trailers on 

YouTube as Table 16. Based on 72 sample movies, Table 17 shows the descriptive 

statistics of key variables at the first day after movie screening.  

Prior studies took the logs of the variables to normalize the distribution and smooth 

large values (Dhar et al. 2009; Duan et al. 2008b; Ghose et al. 2008). Following 

previous research, to normalize the distribution, I take the log transformation for 

CumSales, CumSharing, Screen, and Budget. Correlations of key variables are tabulated 
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in Table 18. The cumulative box office revenue is positively related with the cumulative 

number of sharing videos (correlation=0.6232; p-value<0.01). Also, the number of 

screens (correlation=0.5407; p-value<0.01), production budget (correlation=0.5171; p-

value<0.01), and days of screening (correlation=0.3833; p-value<0.01) are positively 

correlated with the cumulative box office revenue. With some sampled movies, the 

relationship between the cumulative box office revenue and the number of sharing 

trailers is depicted in Figure 8.   

 

3.4.3. Analysis model 

Previous eWOM research acknowledged the interdependence between product sales 

and eWOM, and developed simultaneous equation system in model specification (Duan 

et al. 2008a; Duan et al. 2008b; Qin 2011). Likewise, considering interrelationship 

between sharing a movie trailer and box office revenue of the movie, this study employs 

simultaneous equation model as Equation (5) to test hypothesis 5 (H5) and 6 (H6). To 

take advantage of panel data structure, I apply panel simultaneous equation model for 

analysis.  

While ln(CumSharingi,t-1 ) denotes the cumulative number of sharing a trailer, the 

dependent variable, ln(CumSalesi,t ) presents the cumulative box office revenue. As 

control variables, this study considers production budget, weekend effect, the number of 

screens, distributors, genre, MPAA ratings and days after release, which may influence 

the amount of box office revenue (Vogel 2010). Meanwhile, to examine the impact of 

sharing trailers in the later stage of movie release, I incorporate the quadratic form of 

cumulative sharing, ln(CumSharingi,t )
2
.  

 

ln(CumSalesi,t )= β0 + β1*ln(CumSharingi,t-1) + β2*ln(Screeni,t)  
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+ β3*Weekendi,t + β4*ln(Budgeti) + β5*DaysReleasei,t  

+ β6*MPAAi + β7*Genrei + β8*Distributori  

+ β9 * ln(CumSharingi,t)
2 

+ ui + εi,t                                           

 

ln(CumSharingi,t )= β0 + β1*ln(CumSalesi,t-1) + β2*ln(Screeni,t)  

+ β3*Weekendi,t + β4*ln(Budgeti) + β5*DaysReleasei,t  

+ β6*MPAAi + β7*Genrei + β8*Distributori  

+ β9* ln(CumSharingi,t)
2
 

+ ui + εi,t                                          (5) 

 

3.5. Analysis Results 

 

Table 19 shows the estimation results for H5. According to the fixed-effects 

estimation result, the cumulative number of sharing movie trailers in previous day is 

positively related with the cumulative box office revenue (estimated coefficient=3.155; 

p-value<0.01) as the column (1), which supports H5. Meanwhile, the number of screens 

(estimated coefficient=0.258; p-value<0.01) and weekend effect (estimated 

coefficient=0.030; p-value<0.01) are positively associated with the cumulative box 

office revenue.  

This result is confirmed by the instrumental variable estimation as the column (2). 

The cumulative number of sharing movie trailers in previous day is positively related 

with the cumulative box office revenue (estimated coefficient=3.061; p-value<0.01), 

while the number of screens (estimated coefficient=0.239; p-value<0.01) and weekend 
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effect (estimated coefficient=0.051; p-value<0.01) are also positively associated with the 

cumulative box office revenue.  

In addition, to find out the comparative impact of sharing movie trailers on box office 

revenue, I estimate the effect of the number of comments and the number of views with 

fixed-effects estimation. As Table 20 shows, among three of them, the impact of the 

cumulative number of sharing movie trailers on the cumulative box office revenue is 

estimated to be higher (estimated coefficient=3.155; p-value<0.01) than the cumulative 

number of comment counts (estimated coefficient=1.847; p-value<0.01) and the 

cumulative number of view counts (estimated coefficient=1.443; p-value<0.01). 

Furthermore, R-squared value is highest with the cumulative number of sharing (R
2 

= 

0.6830), compared with the cumulative number of comment counts (R
2 
= 0.6164) and 

the cumulative number of views (R
2 
= 0.6031). 

Meanwhile, Table 21 shows the estimation results for H6. According to the fixed-

effects estimation result, the quadratic form of sharing movie trailers is negatively 

associated with box office revenue (estimated coefficient=-2.092; p-value<0.01) as the 

column (1). This is also confirmed by instrumental variable estimation result in the 

column (2) (estimated coefficient=-3.721; p-value<0.01), which supports H6. This 

means that sharing a movie trailer has a greater impact on box office revenue in the 

early stage than in the later stage after movie screening. 

 

3.6. Robustness Check 

 

To check the robustness of the result above, I re-investigate the impact of sharing a 

movie trailer on success of the movie with the ordinary least squares (OLS) estimation 

to Equation (6). As a dependent variable, I put the cumulative box office revenue in log-
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transformation. As an independent variable, I make use of log-transformed cumulative 

number of sharing movie trailers, which is the same independent variable above.  

 

Equation for robustness check: 

ln(CumSalest )= β0 + β1*ln(CumSharingt-1 ) + εt                    (6)                       

 

Considering typical period of movie screening at theaters, I check the effect of 

sharing movie trailers on success of movies within 30 days after movie screening. From 

estimation results, Table 22 reconfirms that sharing movie trailers is positively related 

with box office revenue. Especially, it also shows that sharing movie trailers has the 

greater impact in the earlier stage of movie release than in the later stage.   

 

3.7. Discussion and Conclusion 

 

With the growth of video-sharing social media, consumers can search entertainment 

goods, for example, music videos and movie trailers at their fingertips whenever they 

want. In film industry, marketers come to realize that movie trailers on video-sharing 

social media can play an important role in raising potential audience’s attention and 

interest in an early stage of film marketing. As movie trailers on social media emerge as 

a major promotional channel for studios and distributors, it is important for academia 

and practitioners to investigate how movie trailers are watched and shared via video-

sharing social media, thereby influencing box office revenue.  

Focusing on movie trailers on YouTube, the world-largest video-sharing social 

media, this research investigates the impact of sharing movie trailers on movie sales and 

finds out the positive relationship between sharing a movie trailer and box office 
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revenue of the movie. In addition, the study shows that sharing movie trailers has a 

greater impact on box office revenue in the early stage of movie release than in the later 

stage. 

In an academic perspective, this research contributes to showing that social influence 

makes a positive impact on actual sales. Though movie trailers are pervasively 

consumed via video-sharing social media, we have had limited research on the impact of 

sharing movie trailers on box office revenue. Most of previous studies on the impact of 

social media put focuses on the context of eWOM with text-based social media. 

Therefore, we have limited understanding on predictive power of consumer behaviors in 

the context of video-sharing social media. Expanding current research in social media, 

this study analyzes the effects of video-sharing activities in video-sharing social media 

and their impact on sales with a case of the representative entertainment goods, or movie.  

In a practical perspective, this research shows that marketers should take advantage 

of sharing features of social media. Subramani et al. (2003) confessed that we have 

limited data on the effectiveness of sharing features which are provided by most of 

current websites. Showing the positive relationship between sharing a movie trailer and 

box office revenue of the movie, this research reveals that promotion with social media 

can serve as an essential marketing tool for entertainment goods like movies, while 

sharing features provided by social media play an important role.  

In addition, this research shows that sharing movie trailers has a greater impact on 

box office revenue in the early stage of movie release than in the later stage. Cui et al. 

(2012) argued that conventional PLC in the offline environment can’t be matched to the 

online environment. Typically, movies have limited life cycle for 4~6 weeks in theaters 

and most of box office revenue is determined at the very early stage after movie release 

(Munoz 2003) and the opening revenue is statistically a primary factor in overall 
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revenue generation (De Vany et al. 1996). As online reviews are relayed faster, it is 

expected that online reviews have a greater impact in the early stage of post-launch 

product. Likewise, this research contributes to highlighting that sharing a movie trailer 

has a greater impact on box office revenue in the early stage than in the later stage after 

movie release.  
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Chapter 4: Music Videos and Music-induced Tourism 

 

4.1. Introduction 

 

With the growth of social media as a travel information source and a cost-effective 

marketing tool, tourism researchers came to pay attention to social media in diverse 

research contexts such as traveller’s behaviour and usage (Bosangit et al. 2012; Chung 

et al. 2015; Parra-López et al. 2011; Tussyadiah et al. 2009; Xiang et al. 2010; Ye et al. 

2011; Yoo et al. 2011; Yoo et al. 2012), marketing and strategic management (Akehurst 

2009; Carson 2008; Chalip et al. 2003; Hays et al. 2013; Hvass et al. 2012; Koo et al. 

2013b; O'Connor 2010; Pan et al. 2007; Sigala et al. 2015), education and research 

(Isacsson et al. 2011; Xiang et al. 2015).  

However, previous tourism research on social media ignored the potential of social 

media from a perspective of media-induced tourism. In prior tourism research, it was 

argued that the popular media such as movies and TV dramas make significant influence 

on attracting tourists, because people form affective feelings to places which are 

portrayed in the media. While conventional media-induced tourism research focused on 

films and TV programs, anecdotal evidence suggested that consumption of music is 

positively related with tourism. According to a survey by the Korea Tourism 

Organization with 3,775 Korean pop music (K-pop) fans in France, around 90% of 

respondents answered that they hoped to visit Korea, while over 75% of those surveyed 

were planning travel to Korea (Cha 2012).  

To fill the research gap, some researchers attempted to expand research area with 

music consumption and tourism. Rajaguru (2014) argued that vocal effects from K-pop 

music videos influence tourism intention and actual visitation to Korea as well. In the 
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context of social media, examining potential travellers’ perception of the media cultural 

experience on intention to visit, Koo et al. (2013a) revealed that K-pop exposed through 

social media has a positive impact on a cultural destination contents satisfaction, thereby 

influencing intention to visit Korea. 

In the late 1990s and 2000s, Korean pop culture such as TV dramas, movies, and 

music were very popular among some neighbouring Asian countries such as China, 

Japan, and Taiwan and made a positive impact on Korea’s tourism (Han et al. 2008; Kim 

et al. 2008; Kim et al. 2007). However, overcoming geographical and cultural barriers, 

recent K-pop gains unprecedented global popularity from not only Asian countries but 

European, American, and Middle East countries through social media (JoongAng Daily 

2012).  

In this research, expanding current research horizon in social media and media-

induced tourism, I attempt to analyse the impact of social media on the music-induced 

tourism with a case of K-pop and inbound tourism to Korea.  

 

4.2. Literature Review 

 

4.2.1. Tourism research on social media  

With the development of Internet environment, social media sites have developed in 

various forms such as review sites (e.g. TripAdvisor), social networking services (e.g. 

Facebook), microblogging services (e.g. Twitter), media-sharing sites (e.g. YouTube, 

Flickr), and blogs (e.g. Travelblog). Regarding social media as a travel information 

source and a cost-effective marketing tool, tourism researchers came to pay attention to 

social media in diverse research contexts such as traveller’s behaviour and usage, 

marketing and strategic management, education and research.  
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In terms of  travellers’ intention to use social media, Parra-López et al. (2011) 

argued that it is affected by benefits and incentives from social media usages in the stage 

of planning vacation trips. Based on the mental accounting theory, Chung et al. (2015) 

argued that the travellers’ perceived value of social media from a trade-off between 

benefit and sacrifice is a primary factor in travel information searches (or, social media 

usage). Examining travel-related consumer-generated media (CGM), Yoo et al. (2011) 

proposed that travellers’ personality traits affect perceived barriers to CGM creation, 

motivations to engage in CGM creations, and creation behaviours. Also, in the 

postconsumption stage, Bosangit et al. (2012) argued that travel blogging has become 

part of tourist practices, which is associated with common actions such as representing 

places, acts of self-presentation, and identity construction. 

Meanwhile, it has been acknowledged that social media plays an important role as a 

travel information source. Xiang et al. (2010) revealed that search engines directly and 

indirectly guide travel information searchers to social media, while it serves as an 

information source for travellers (Xiang et al. 2010; Yoo et al. 2012). Highlighting the 

importance of online user-generated reviews as a travel information source, Ye et al. 

(2011) showed that travellers’ reviews have a significant impact on hotel online 

bookings. Beyond text-based social media, Tussyadiah et al. (2009) examined video-

sharing social media and argued that online travel videos by real travellers play as 

mediators of tourist experience. 

In addition to travellers’ intention to use and actual use of social media, research of 

perspectives from tourism industry has evolved in terms of strategic marketing and 

management. In a marketing perspective, researchers revealed that use of social media 

by companies or organizations is highly diverse and exploratory without strategic 

utilization (Hays et al. 2013; Hvass et al. 2012; O'Connor 2010). As social media 
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emerged as a platform for user-generated content, or eWOM, other researchers argued 

that tourism organizations should pay attention to it and monitor travellers’ attitude 

(Akehurst 2009; Carson 2008; Pan et al. 2007). Regarding the framework of strategic 

use of social media, Koo et al. (2013b) examined a case of Korea Tourism Organization 

(KTO) and suggested ‘Smart Tourism’ which is characterized by a holistic approach in 

social media utilization for providing comprehensive travel information services. Also, 

in operational management, Sigala et al. (2015) pointed out that the use of social media 

can enhance employee’s creativity through knowledge management process. 

Meanwhile, another research argued the potential of social media from a perspective 

of tourism education and research methodology. Isacsson et al. (2011) argued that social 

media contributes to constructing a useful knowledge base and engaging students in 

sustainable tourism. Xiang et al. (2015) proposed that consumer reviews on online travel 

agencies inspire the development of big data analytics. Previous tourism research in 

social media can be summarized in Table 23.  

However, previous tourism research on social media ignored the potential of social 

media from a perspective of media-induced tourism. In the context of cultural tourism, 

examining potential travellers’ perception of the media cultural experience on intention 

to visit, Koo et al. (2013a) revealed that cultural contents (e.g. K-pop and Korean drama) 

exposed through social media have a positive impact on a cultural destination contents 

satisfaction, thereby influencing intention to visit destination (e.g. Korea). Up to date, 

though their research was the rare attempt to investigate social media as a channel of 

media cultural exposure, there has been limited research how social media plays as a 

consumption and distribution channel for cultural contents and affects actual visitation. 

 

4.2.2. Media-induced tourism 
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In prior tourism research, it has been argued that the popular media such as movies 

and television programs make significant influence on attracting tourists, because people 

form affective feelings to places which are portrayed in the media. Iwashita (2008) 

conceptualized this as “media-induced tourism”, defining it as the new form of tourism 

which involves “tourist visits to a destination or place which has strong associations or 

connections with films and television programs”. Likewise, Connell (2012) 

characterized tourism activities related with film and television as “film tourism” and 

outlined it with a number of forms and activities such as visits to portrayed location, to 

studio sets and to themed attractions.  

In conventional media-induced or film tourism, it was believed that the destination 

exposure through media can stimulate the interests of tourists and resultantly lead to 

change of their behavioral intention to visit destination (Cronin Jr et al. 2000; Kim et al. 

2007; Young et al. 2008). In addition, focusing on destination image, Kim et al. (2003) 

argued that the destination image influences the tourism decision-making, while viewing 

a specific film can change cognitive and affective images of the destination. Similarly, 

Chalip et al. (2003) contended that enhanced destination image through sport event 

media is positively related with intention to visit.  

Additionally, researchers acknowledged the role of celebrities in tourists’ decision 

making on destination selection. Celebrities are famous figures whose performances in 

specific fields are recognized by the public. They arise in various fields such as 

entertainment, athletics, politics, and entrepreneurial business. Tourists’ involvement 

with celebrities such as actors and pop-stars is believed to make a positive perception to 

tourist destination and behavioral intentions (Chalip et al. 2003; Kim et al. 2007; Lee et 

al. 2008; Yen et al. 2013). Yen et al. (2013) argued that higher celebrity involvement is 

positively related with behavioral intentions. With the sample of Taiwanese residents 
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who became tourists after watching Korean films and TV dramas, they showed that 

celebrity can foster affection to the destination where she or he represents and influence 

behavioral intentions to visit. 

While media-induced tourism research originally focused on films and TV programs, 

anecdotal evidence suggested that consumption of music is positively related with 

tourism. A survey by the Korea Tourism Organization with K-pop fans in France showed 

that around 90% of respondents hoped to visit Korea, while over 75% of those surveyed 

planned travel to Korea (Cha 2012). A leading K-pop entertainment agency, SM 

Entertainment, acquired a travel agency and reopened their own travel agency, named 

SMTown Travel (www.smtowntravel.com), to organize various travel packages for 

international K-pop fans (Cha 2012).  

Some researchers attempted to expand its research area with another cultural form of 

popular media, or music. Leaver et al. (2009) investigated music-based tourism to a 

meaningful location, for example, where music was produced and musicians were 

rooted. With a case of UK youth tourism market, Sellars (1998) studied that dance music 

influences youth culture and their tourism. On examining the impact of Korean pop 

culture including K-pop, TV drama series/movies, and food on Hong Kong residents, 

Kim et al. (2008) found out that K-pop positively influences Hong Kong residents’ 

perception on Korea as a tourist destination. In their analysis, responders’ image change 

of Korea after experiencing K-pop was the significant predictor for their intention to 

visit Korea. 

 

4.2.3. Music consumption on social media 

With the development of technology, social media is popularized as a music 

distribution and consumption channel. While people in entertainment industry realize 
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the business potential of social media, managers in music industry actively embrace 

social media in their marketing activities, for example, by promoting newly released 

music albums and keeping in touch with the fan base.  

According to Twitter Counter, a website for Twitter statistics, contemporary pop 

music icons such as Justin Bieber, Katy Perry, Lady Gaga, Taylor Swift, Rihanna, and 

Britney Spears are ranked as top 10 in terms of Twitter followers (Twitter Counter 2013). 

On examining the social media usage by an American pop star, Britney Spears, Kaplan 

et al. (2012) argued that one of success factors of Britney Spears and her team of 

employees was their effort in integrating various social media applications such as 

YouTube, Twitter, Facebook and blog.  

Among many social media channels, YouTube is getting great influence in the music 

industry, because consumers easily find music videos and audio clips on YouTube. 

Established in 2005, YouTube becomes the world largest video sharing website with 

more than 1 billion unique users every month (YouTube 2013c). According to an 

Internet analytics company, comScore, in terms of online video content property, 

YouTube ranked top with 153.9 million unique viewers, followed by Facebook (63.8 

million) and VEVO (52 million) (Flosi 2013). 

Especially, YouTube attracts attention from consumers as a music discovery and 

listening channel. The Nielsen Company reported that YouTube emerged as one of 

music discovery channels and more teenagers came to enjoy music through YouTube 

than through any other traditional source such as radio and music CDs (The Nielsen 

Company 2012). Considering YouTube’s influence and popularity among music 

consumers, Billboard started to include YouTube streaming data when it ranks the 

Billboard Hot 100 (Billboard 2013).  
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The rapid spread of YouTube creates a lot of opportunities for non-mainstream 

music, for example, K-pop. Originally, K-pop had limited influence on some of Asian 

countries such as China, Hong Kong, Japan, and Taiwan, which was assumed to share 

many cultural elements. However, social media like YouTube and Twitter help K-pop 

expand its fandom to the west. K-pop entertainment agencies make their own channels 

on YouTube and promote music of their artists.  

As a result, YouTube becomes widely recognized by international K-pop consumers 

as a representative distribution channel for K-pop music videos (Park 2012). Based on 

data from major K-pop record labels, JoongAng Daily (2012) reported that K-pop music 

videos on YouTube attracted 2.9 billion views from Asia, 1.1 billion views from 

America and 0.7 billion views from Europe. In December 2011, to meet the soaring 

demand of worldwide K-pop consumers, YouTube launched a dedicated K-pop channel 

and listed K-pop genre in its music page along with R&B, Rock, and Rap (Lee 2011). 

As social media creates diverse opportunities and challenges as a marketing and 

communication channel, it gets a lot of attention from business practitioners and 

academic researchers. However, no studies have attempted to examine how social media 

can be used as a marketing and consumption channel for music, thereby influencing 

tourism. Considering the rapid growth of video-sharing social media as a consumption 

channel of entertainment goods, it is required for academicians and practitioners to 

investigate the impact of video consumption through social media in the context of 

tourism. 

 

4.3. Hypotheses Development 
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Recently, producers of entertainment goods such as movie, drama and music make 

use of social media as a marketing tool. However, there are variations in usage of social 

media by the type of content as Table 24. Typically, TV dramas and films are distributed 

via networks by commercial distributors. Though some producers release teaser videos 

on video-sharing social media, viewers rarely enjoy the full version of movies or TV 

dramas without payment. However, in case of music, music labels actively take 

advantage of video-sharing social media as a tool for marketing. With the growth of 

social media, consumers easily find, enjoy and share music videos in full version 

without payment. Hence, focusing on social media as a channel for music consumption 

and distribution, this research attempts to examine music-induced tourism via video-

sharing social media. Specifically, with a case of K-pop music videos on YouTube, I 

investigate whether viewers’ engagement on K-pop music videos is positively related 

with actual visitation to Korea.  

Suggesting anecdotal evidences of “Korean Wave”-induced tourism and analysing 

questionnaires from Thai travellers to Korea, Rajaguru (2014) argued that Korean 

motion pictures including Korea films, K-pop music videos, and Korean dramas 

influence Thai consumers to experience Korean entertainment, buy Korean goods and 

visit Korea. In his research, Rajaguru (2014) applied the Stimulus-Organism-Response 

(S-O-R) framework and revealed that both visual and vocal effects from Korean motion 

pictures influence tourism intention and actual visitation to Korea as well.  

The S-O-R framework, originally proposed by Mehrabian et al. (1974), assumes that 

stimuli from the environment (S) directly or indirectly cause approach or avoidance 

responses (R), while the internal cognitive and affective state of human being (O) 

mediates the relationship (Mehrabian et al. 1974; Vieira 2013). Vieira (2013) suggested 

that environmental cues can include music, colour, lighting, and fragrance. In the 
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context of consumer response model, Bagozzi (1983) argued that organism is 

characterized as the internal processes regulating choice, which consists of two 

processes such as cognitive processes (e.g., expectations, evaluation, perceived risk) and 

affective processes (e.g., motivation, needs, attraction). Regarding affective processes, 

Bagozzi (1983) contended that after being exposed to stimulus and processing the 

factual information, consumers develop feelings and emotions toward stimulus.  

It was acknowledged that the S-O-R paradigm has been modified, depending on 

research objectives (Cui et al. 2013). Following the S-O-R framework in media-induced 

tourism literature, this research posits that engagement on K-pop music videos serves as 

organism (O), which influences consumers’ response to visit Korea (R). Therefore, 

hypothesis is set up as follows and conceptual model is depicted as Figure 9.  

 

H7. Engagement on K-pop music videos is positively and significantly related with 

actual visitation to Korea.  

 

4.4. Research Methodology 

 

4.4.1. Data collection 

The goal of this research is to analyse the impact of social media like YouTube on 

music-induced tourism with a case of K-pop and inbound tourism to Korea. At first, to 

investigate world-wide K-pop consumption through social media, I targeted YouTube, 

the largest music video channel online. Though YouTube originally started its service for 

users to share User Generated Content, more and more professional content producers 

and media corporations like entertainment agencies provide their audiovisual contents 
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such as music videos and movie trailers via their dedicated channels on YouTube 

(Moyer 2011).  

Next, to estimate viewers’ engagement on K-pop music videos, I focused on 

YouTube users’ comments, because users’ comments on particular video contents can 

reflect their overall level of interests and engagement (Ghuneim 2008). Also, the number 

of users’ comments can suit for our research in the following points.  

First, for each comment on a specific video clip, YouTube provides users’ IDs, the 

content of the comment, and his/her location. By identifying a user ID and his/her 

comments on a particular video, I could exclude repeated comments by the same users 

and estimate the unique impact of K-pop consumption on YouTube. Second, focusing on 

YouTube comments, I could capture country-by-country interest on K-pop contents. To 

examine the country-by-country impact of K-pop consumption on inbound tourism to 

Korea, I had to aggregate overall consumption of each K-pop clip by country. Adopting 

users’ comments, I could identify consumers’ interests by countries.  

Before collecting YouTube users’ comments data on K-pop music clips, I had to 

identify the sample for analysis. At the first step, I listed up K-pop artists who were 

under the management of K-pop major record labels such as SM Entertainment, YG 

Entertainment, and JYP Entertainment. Also, other artists who were under the 

management of minor labels, but introduced on the Apple iTunes were also included. As 

a result, I could find totally 179 K-pop artists who debuted between 2002 and 2012.  

Among the numerous music videos of those artists, I had to identify the 

representative videos which can reflect overall engagement of international viewers. 

Therefore, I searched for the official music videos of those K-pop artists on YouTube by 

record labels and entertainment agencies with multiple selection criteria. At the first step, 

the search was conducted using the keywords with the name of K-pop artist and “music 
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video” (or shortly “m/v”). Videos which had combinations of the keywords in the title 

were selected for the sample. Second, official music videos by K-pop music labels were 

sampled. Though there were variations of K-pop music videos on diverse YouTube 

channels, I considered the official music videos only for the representative videos. Third, 

with the same reason above, I focused on music videos which had over one million view 

counts on YouTube as of December 2012. As a result, I could sample 166 video clips  

in Table 25, which were released from 2009 to 2012. In general, as most of K-pop music 

videos showed rapidly decreasing trend in the number of comment counts after 90 days 

from release, I collected comments for 90 days after video release, thereby controlling 

the limited increase of comment counts over time. 

Targeting 166 video clips, I collected YouTube comments of those video clips with a 

Python-based Web-crawler. Considering cases of multiple comments per video clip by 

the same user, I chose one comment by one user per video clip and aggregated the 

comments by country on a monthly basis. As a result, I could build YouTube comments 

by countries in panel data set which comprised 43 months from April 2009 to October 

2012. Based on the data, I devised a variable, Commenti,t, assigning the share of 

YouTube comments by a country i to the total comments of the world at time t.  

For dependent variable, Touristi,t, I referred to the tourism database of Korea Culture 

and Tourism Institute (www.tour.go.kr). The database provides statistics of visitor 

arrivals by purpose of visit such as pleasure, business, official, and others, and by 

country of residence. For this research, I referred to visitor arrivals for pleasure 

excluding visits for business and considered 25 representative source countries which 

record significant tourists to Korea. Exceptionally, though there have been a lot of 

Chinese tourists to Korea, it was excluded in this study, because YouTube is blocked in 

China (Sommerville 2009). However, it could be helpful to generalize the overall impact 
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of K-pop consumption on inbound tourism to Korea, because Chinese tourists take too 

much share of tourists to Korea.  

For control variables, following previous empirical research on tourism, I considered 

various tourism-related data: the amount of exports and imports (Tradei,t), consumer 

price index of destination country (CPIt), the level of population (Populationi,t), waiver 

of visa (VISAi,t), past colonial relationship (Colonyi) and each country’s geographical 

distance from Korea (Distancei) (Balli et al. 2013; Eilat et al. 2004; Lee et al. 2010; 

Naudé et al. 2005). According to prior research, bilateral trade, size of population in 

country of residents, waiver for VISA, and past colonial relationship are positively 

related with the flow of tourists, whereas relative price level of destinations and 

geographical distance are negatively related (Balli et al. 2013; Eilat et al. 2004; Lee et al. 

2010; Naudé et al. 2005). 

For this analysis, the bilateral trade volume between Korea and the country of origin 

was obtained from the trade database of Korea International Trade Association 

(www.kita.net). The Consumer Price Index of Korea and exchange rate of Korean Won 

for the adjusted consumer price index in U.S. dollars were collected from the Bank of 

Korea (www.bok.or.kr). Population data by countries was collected from the World 

Bank and the Global Insight. The binary variables such as past colonial relationship and 

geographical distance were obtained from CEPII (Mayer et al. 2011). Requirement for 

VISA to travel Korea was collected from the Korea’s Ministry of Foreign Affairs 

(www.mofa.go.kr).  

 

4.4.2. Descriptive data 

Table 26 summarizes key variables for this research and Table 27 presents 

descriptive statistics of those variables. The unit of analysis in present study is country 
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and the total observations are 1,075 with 25 countries and 43 months. Average monthly 

number of tourists from source countries to Korea is 18,222, whereas average monthly 

share of YouTube comments by source country to the total comments of the world is 

0.0344. Average monthly amount of trade between a source country and Korea is 1,759 

million dollars and average number of population of source countries is 70 million. In 

terms of geographical distance, average distance from Korea to source countries is 7,325 

kilometers. 

Before estimating the analysis model, I firstly examine the correlation between key 

variables. Table 28 reports the correlation of regression variables. Overall, the 

correlations are significant. The number of tourists is positively related with the share of 

YouTube comments (correlation=0.383; p-value<0.01), trade volume (correlation=0.663; 

p-value<0.01) and population (correlation=0.260; p-value<0.01), but negatively related 

with the price level of destination (correlation=-0.075; p-value<0.05) and Korea’s 

geographical distance from the tourist’s country of origin (correlation=-0.552; p-

value<0.01). To check the multicollinearity of explanatory variables, I conduct the 

variance inflation factor (VIFs) analysis and find out that the highest and average VIF 

values are 2.87 and 1.74 respectively which are less than the commonly accepted 

threshold of 10 (Hair et al. 1998). 

 

4.4.3. Analysis model 

To analyze the flow of tourists, tourism researchers attempted to apply the gravity 

model (Anderson 1979; Tinbergen 1962) which has an origin in international trade 

research, because tourism can be considered as a form of trade. Mirroring the physical 

gravity equation, the original gravity model represents that bilateral trade is proportional 

to the size of both economies, but inversely proportional to geographical distance. In 
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tourism research, the applied model hypothesizes that the amount of tourist flows 

between countries is positively related with size of economies in terms of population, 

trade, or market capitalization and negatively related with their geographical distance 

(Balli et al. 2013; Eilat et al. 2004; Naudé et al. 2005).  

Adopting the gravity model in international tourism, a lot of researchers tried to 

identify other key determinants on tourism. In the context of media-induced tourism, 

with exports data of the Turkish soap operas, Balli et al. (2013) conducted panel data 

analysis to estimate the effects of the Turkish soap operas in foreign countries on 

inbound tourism to Turkey. In addition, other tourism researchers also found out that 

VISA requirement for travel, past colonial relationship with destinations, geographical 

distance, and price level of destination country can be determinant variables (Eilat et al. 

2004; Lee et al. 2010; Naudé et al. 2005).  

Based on previous tourism research with the gravity model, I incorporate a new 

variable, Commenti,t, in the model, which can represent the impact of video-sharing 

social media on tourism. In this analysis, Commenti,t captures whether viewer 

engagement on K-pop music videos influences inbound tourists to Korea. Controlling 

other determinant variables in international tourism and taking advantage of panel data 

structure, I develop the panel data model as follows. 

 

ln(Touristi,t)= α + β1* Commenti,t-1 + β2*ln(Tradei,t)+ β3*ln(Populationi,t) 

+ β4*CPIt + β5*VISAi,t + β6*Distancei + β7*Colonyi  

+ ρi + εi,t                                        (7) 
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In the model above, I set up the lagged variable for K-pop consumption on YouTube 

as Commenti,t-1, because K-pop consumption in previous period can influence inbound 

tourists to Korea in the following period. I take the logarithm of tourist, trade, and 

population to control for size effects. In addition, I incorporate a term for fixed effect, ρi, 

to control unobserved and time-invariant idiosyncratic heterogeneity across countries. 

 

4.5. Analysis Results 

 

After confirming that all variables are stationary by the Leven-Lin-Chu panel unit 

root test (Levin et al. 2002), I report the estimation results in Table 29. At first, in the 

column (1), the pooled ordinary least squares (OLS) estimation result is reported for 

comparison. In general, while all variables are found to be significant, the coefficients of 

Commenti,t -1 (estimated coefficient=6.472; p-value), ln(Tradei,t) (estimated 

coefficient=0.323), ln(Populationi,t) (estimated coefficient=0.172), VISAi,t (estimated 

coefficient=0.433) and Colonyi (estimated coefficient=2.107) are positive but of CPIt 

(estimated coefficient=-0.116) and Distancei (estimated coefficient=-0.000) are negative, 

as expected.  

Next, to capture the panel data structure of the sample, I apply the panel data 

analysis. Among various estimation methods for panel data, I conduct two 

representative estimation methods, fixed-effects and random-effects estimation. The 

second and third columns report the results of the fixed-effects estimation for Equation 

(7). While the second column shows the fixed-effects estimation result without 

Commenti,t-1, the third column presents the estimation result with Commenti,t-1.  
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Consistent with the previous literature (Balli et al. 2013; Eilat et al. 2004; Naudé et 

al. 2005), the coefficients of both ln(Tradei,t) (estimated coefficient=0.179) and 

ln(Populationi,t) (estimated coefficient=7.301) are positive and significant, which means 

that size of economies has positive influence on tourists’ flow to Korea. Also, the 

coefficient of CPIt (estimated coefficient=-0.046) is negative but significant, which 

means that the relative price level of Korea makes negative impact on inbound tourism 

to Korea as expected (Balli et al. 2013; Eilat et al. 2004; Naudé et al. 2005).  

When including the variable for YouTube comments as the third column, I can find 

out that the coefficient of Commenti,t-1 (estimated coefficient=1.756) is significant and 

positive, which reveals that YouTube comments on K-pop music video clips make a 

positive impact on inbound tourists to Korea. Other control variables such as ln(Tradei,t) 

(estimated coefficient=0.159) and ln(Populationi,t) (estimated coefficient=6.663) and 

CPIt (estimated coefficient=-0.073) are consistent with the estimation results in the 

second column.  

One of the disadvantages of fixed-effects model is that it cannot estimate the 

coefficients of time-invariant variables. In this case, the fixed-effects model cannot 

provide estimation results for VISAi,t, Distancei and Colonyi. So, I perform random-

effects estimation, which shows the estimation results as the fourth column and the fifth 

column.  

In the fourth column, I test for the random-effects estimation without the variable of 

Commenti,t-1. Among the time-invariant variables, the coefficient of VISAi,t (estimated 

coefficient=0.941) is positive and significant, which means that the exemption of VISA 

has positive impact on inbound tourism to Korea as expected (Balli et al. 2013; Lee et al. 

2010). Though the coefficient of Distancei (estimated coefficient=-0.000) is very small, 
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I find out that the geographical distance has negative impact on Korea’s inbound 

tourism.  

Also, other variables such as ln(Tradei,t) (estimated coefficient=0.228) and 

ln(Populationi,t) (estimated coefficient=0.569), and CPIt (estimated coefficient=-0.102) 

are consistent with the estimation results in fixed-effects model, while VISAi,t (estimated 

coefficient=0.941) and Distancei (estimated coefficient=-0.000) are also found to be 

significant. However, the estimation result for the past colonial relationship (Colonyi) 

suggests that it is insignificant in our model, though the coefficient is estimated to be 

positive (estimated coefficient=1.107). It may be from a problem of sample limitation, 

because Korea’s colonial relationship is confined to Japan only. 

Finally, in the fifth column, I perform random-effects estimation with the variable of 

Commenti,t-1 and also confirm that the coefficient of Commenti,t-1 (estimated 

coefficient=1.776) is significant and positive. Other control variables present the similar 

estimation results in the fourth column, while the coefficients of ln(Tradei,t) (estimated 

coefficient=0.201), ln(Populationi,t) (estimated coefficient=0.489), CPIt (estimated 

coefficient=-0.130), VISAi,t (estimated coefficient=0.869) and Distancei (estimated 

coefficient=-0.000) are significant. Again, the coefficient of Colonyi (estimated 

coefficient=1.378) is positive, but insignificant as the fourth column.  

Meanwhile, under specific condition where the unique errors are uncorrelated with 

the regressors in the model, the random-effects model is known to give more efficient 

estimation results than the fixed-effects model. However, when I conduct the Hausman 

test (Hausman 1978), I find that the fixed-effects estimation is preferred to the random-

effects estimation for this analysis.  
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In summary, estimation results show that consumption of K-pop music video clips is 

a significant predictor for the flow of inbound tourists to Korea. Additionally, consistent 

with previous international tourism research, I also confirm that bilateral trade volume, 

size of population, and VISA requirement for travel have positive influence on inbound 

tourists to Korea, whereas price level of Korea and geographical distance make negative 

impact.  

 

4.6. Robustness Check 

 

To check the robustness of models for serial correlation and heteroskedasticity, I 

conduct some robustness tests. At first, to control for heteroskedasticity, I estimate the 

models with White’s heteroskedasticity-robust estimator for standard errors. The results 

are reported in column (1) of Table 30. The result again presents that the coefficient of 

Commenti,t-1 (estimated coefficient=1.756) is significant and positive.  

When I use another heteroskedasticity-consistent estimator for standard errors, or 

Driscoll-Kraay’s estimator (Driscoll et al. 1998), it also shows that the coefficient of 

Commenti,t-1 (estimated coefficient=1.756) is significant and positive in column (2). Next, 

to control for autocorrelation, I conduct Newey-West autocorrelation and 

heteroskedasticity-consistent estimators (Newey et al. 1987) which reports the result in 

column (3). The analysis again confirms the coefficient of Commenti,t-1 (estimated 

coefficient=6.472) is significant and positive.  

Additionally, in three types of robustness tests, other control variables remain 

consistent with previous estimation results. In summary, I conclude that analysis results 
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are robust via three different types of heteroskedasticity and autocorrelation-consistent 

estimators.  

 

4.7. Discussion and Conclusion 

  

A recent surge of social media provides a broader range of values to consumers. 

Especially, in case of entertainment industry, video-sharing social media like YouTube 

enables consumers to easily search and enjoy video contents such as music videos and 

movie trailers. Consumers come to YouTube for watching a music video and purchasing 

music albums. Before going to theaters, consumers watch the movie trailer on YouTube. 

Furthermore, after watching video contents, consumers share their experience with 

family, friends, and colleagues via other social media channels such as Facebook, 

Twitter, and blogs. The rapid growth of video-sharing social media suggests business 

opportunities for entertainment industry, while providing new research area to academia.  

In the past, tourism researchers have paid attention to the impact of media on tourism, 

so-called, media-induced or film-induced tourism. Those studies put more focus on 

media itself such as films, TV programs, and soap operas, ignoring potential of social 

media as consumption and distribution channels for media. As social media permeates 

our daily lives, it is necessary to do more research on the role of social media in 

entertainment and tourism industries.  

In the context of media-induced tourism, there have been a lot of research how the 

visual media such as movies and soap operas induce tourism. However, while traditional 

media-induced tourism research focused on films and TV programs, there have been 

limited studies on the impact of music and music-induced tourism. Anecdotal evidence 
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suggests that pop stars can stimulate international tourism, so it would be an important 

issue to investigate whether current body of knowledge in media-induced tourism can be 

expanded to music-induced tourism.   

In this research, expanding prior research on media-induced tourism and focusing on 

the potential of social media for a music consumption and distribution channel, I attempt 

to analyse the impact of video-sharing social media with a case of K-pop and inbound 

tourism to Korea. Controlling many of the determinants of tourism like population, trade, 

relative price, VISA waiver, and geographical distance, I find out that viewer 

engagement on K-pop music video clips is a significant predictor for the flow of 

inbound tourists to Korea.  

From an academic perspective, this study makes contributions in the following 

points. First, this research expands tourism research regarding social media. Previous 

tourism researchers studied social media in the diverse contexts: traveller’s behaviour 

and usage (Bosangit et al. 2012; Chung et al. 2015; Parra-López et al. 2011; Tussyadiah 

et al. 2009; Xiang et al. 2010; Ye et al. 2011; Yoo et al. 2011; Yoo et al. 2012); marketing 

and strategic management (Akehurst 2009; Carson 2008; Chalip et al. 2003; Hays et al. 

2013; Hvass et al. 2012; Koo et al. 2013b; O'Connor 2010; Pan et al. 2007; Sigala et al. 

2015); education and research (Isacsson et al. 2011; Xiang et al. 2015). However, there 

has been no attempt to examine social media in the context of media-induced tourism. 

Investigating how social media can contribute to enhancing tourism, this study explores 

an opportunity of tourism research on social media.  

Second, with a case of music, this study enriches a growing body of media-induced 

tourism research. Compared with the traditional films and TV programs associated 

tourism, music-induced tourism is under-researched (Henke 2005). However, music is 

one of the most popular entertainment contents among consumers and also influences 
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tourists’ decision-making in destination selection. In addition, the proliferation of the 

social media plays an important role to disseminate music among consumers. Examining 

music-induced tourism in social media settings, this study expands current research in 

tourism which is induced by media.  

Third, this study pursues interdisciplinary research regarding music-consumption via 

social media and its impact on tourism. As social media attracts attention as a channel to 

promote sharing and consumption of cultural content, prior researchers studied social 

media in various industries, for example, film (Baek et al. 2014; Dellarocas et al. 2007; 

Duan et al. 2008a; Duan et al. 2008b; Qin 2011; Rui et al. 2013) and music (Dewan et al. 

2012; Dhar et al. 2009). However, most of previous research put focuses on individual 

industry only. Considering the integrated impact of social media on music industry and 

tourism industry as well, this study attempts to examine the interrelationship between 

industries regarding social media.  

In a methodological perspective, this study suggests a new research method for 

media-induced tourism in terms of data collection. Due to the obtainability of data, most 

of previous research on media-induced tourism resorted to interviews, surveys or case 

studies with a few exceptions (Balli et al. 2013). Also, prior research examined tourists’ 

perception by one country residents to the limited number of destinations, owing to data 

availability. However, developing a Web-crawler, I collected Web-data from a video-

sharing social media, YouTube, and analyzed their impact on international tourists to a 

destination. Xiang et al. (2015) acknowledged that there have been no systematic 

applications of big data analytics in tourism research, despite the rapid growth of social 

media and consumer-generated content on the Internet. As social media continues to 

proliferate, it now provides new opportunities to researchers in research methodology, 

especially, in availability and variety of data.  
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From a practical perspective, this research gives a practical implication for marketers 

how to attract international tourists through taking advantage of social media. As a cost-

effective marketing tool, it has been acknowledged that destination marketing 

organizations (DMOs) should take advantage of social media and consumer-generated 

reviews (Akehurst 2009; Carson 2008; Pan et al. 2007). Furthermore, in cultural tourism, 

Koo et al. (2013a) suggested that DMOs should pay attention to cultural contents 

associated with social media and marketing strategy with the destination media culture. 

In this research, I empirically show that consumption of K-pop on social media is 

positively related with the flow of inbound tourists to Korea. It provides important 

lessons for marketers and policy makers how to develop promotional tactics and attract 

international tourists, leveraging potential of social media for tourism marketing.  

Though this study contributes to expanding media-induced tourism research in the 

context of music and social media, we may consider the following points for future 

research. First, among popular music in many regions, I only focus on K-pop originating 

in South Korea and do not consider other countries’ cases. If the future research can 

examine the impact of other cases, for example, J-pop (shortly, Japanese pop music), it 

may be helpful to generalize the analysis results to the global context.  

Second, another type of limitations in generalizability comes from the selection of 

music consumption channel. In this study, I consider YouTube as a representative social 

media for consuming music videos. However, though YouTube is a dominant player 

among video-sharing social media sites, various social media channels like Vimeo, 

Instagram, and Vine are emerging as a platform for watching and sharing video contents 

including music videos. Future studies may consider other video-sharing social media 

channels and their impact on international tourism.  
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Third, future research may elaborate further on the content of each comment. In this 

analysis, I focus on users’ comments, because they can represent the overall magnitude 

of viewers’ engagement and can be aggregated by country. However, not all of the 

comments are affective to the content of video clips and their performers. In this study, I 

can’t consider the sentiment of each comment, because a lot of comments are written in 

international languages and it is difficult to categorize the sentiment of each comment in 

many cases. If future research can conduct sentiment analysis on comments, it may 

efficiently identify viewers’ affection on video clips. 

Fourth, further research may estimate the impact of music-induced tourism by 

incorporating more control variables, for example, the impact of promotions put to 

source countries and the amount of other media such as TV dramas and movies. Though 

most of Korean entertainment agencies adopt the simultaneous worldwide release of 

music videos on YouTube, there may be country-specific promotion effect. Also, 

although TV dramas and movies are generally broadcasted and distributed in restricted 

networks, there would be the impact of the consumption of other Korean cultural 

contents in source countries. In future study, researchers may simultaneously consider 

how overall Korean cultural contents make influences on potential travellers of source 

countries.  
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Appendix for Chapter 2 

 

Figure 1. Conceptual model for antecedents of video-sharing behavior 
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Figure 2. Screen shot of VidStatsX.com 
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Figure 3. Screen shot of YouTube video 
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Figure 4. Relationship between metrics of viewer engagement and the number 

of sharing videos 
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Table 1. Typology of customer engagement and measures 

Degree of 

engagement 

Status of 

customer 
Measure 

Low Adoption Bookmarking, Tagging, Adding to group 

Medium 
Collaborative 

filtering 

Rating, Voting, Commenting, Endorsing, 

Favouritising 

High 
Content  

creation 

Uploading (User Generated Content), Blogging, 

Participating in fan community, Creating mash-

ups, Podcasting, Vlogging 

Highest Social 
Adding Friends, Networking, Creating fan 

community 

Source: Ghuneim (2008) 
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Table 2. Metrics of viewer engagement on videos 

Metrics Description Related study 

Average play 

time 

The ratio of play time to the total 

running time per video (= play time / 

running time) 

Balachandran et al. 

(2012), Balachandran et 

al. (2013), Dobrian et al. 

(2013) 

Comments 
The number of comment counts per 

video 

Ghuneim (2008), Peterson 

(2007), Kaushik (2009) 

Like Ratio 

The ratio of like counts to the total 

valence counts (= like counts / (like 

counts + dislike counts)) per video 

Ghuneim (2008), Kaushik 

(2009) 
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Table 3. Summary of key variables 

Variable Description and measure 

Viewsi,t Cumulative number of views of a video clip i at time t 

Sharingi,t Cumulative number of sharing a video clip i at time t 

AvgWatchingi,t 
Average watching time to the total running time of a video clip 

i at time t 

Commenti,t Cumulative number of comments of a video clip i at time t 

LikeRatioi,t 
The number of like counts to the sum of like and dislike counts 

of a video clip i at time t 

Hedonici 

Dummy variable for hedonic contents  

(1 if contents categories are music and movies ; 0 if content 

categories are education)  

RunningTimei Running time of a video clip i (in seconds) 
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Table 4. Descriptive statistics at the first week after video release 

Category Variable N Mean Std. Dev. Min Max 

Education 

Viewsi,t 107 108979 357261.8 226 3000000 

Sharingi,t 107 90.8 288.9 0 2235 

AvgWatchingi,t 107 0.57 0.18 0.22 0.97 

Commenti,t 107 253.8 690.1 0 5035 

LikeRatioi,t 107 0.96 0.11 0 1 

RunningTimei 107 260.4 114.5 33 474 

Movie 

Viewsi,t 325 133306 290777.3 1338 2700000 

Sharingi,t 325 229.6 663.6 2 8846 

AvgWatchingi,t 325 0.74 0.11 0.22 1 

Commenti,t 325 146.2 274.8 0 2377 

LikeRatioi,t 325 0.92 0.09 0.44 1 

RunningTimei 325 123.7 42.4 31 428 

Music 

Viewsi,t 409 242285 1172976 251 1.80e+07 

Sharingi,t 409 762.8 3497.9 0 39678 

AvgWatchingi,t 409 0.47 0.14 0.14 0.92 

Commenti,t 409 469.7 2145.7 0 33611 

LikeRatioi,t 409 0.90 0.11 0 1 

RunningTimei 409 239.9 85.1 14 468 
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Table 5. Correlations for key variables 

 [1] [2] [3] [4] [5] [6] 

[1] ln(Sharingi,t) 1      

[2] ln(Views,t-1) 0.8816*** 1     

[3] AvgWatchingi,t-1 0.2941*** 0.3653*** 1    

[4] LikeRatioi t-1 0.2692*** 0.2476*** 0.2786*** 1   

[5] ln(Commenti,t-1) 0.8444*** 0.9270*** 0.3973*** 0.2966*** 1  

[6] ln(DaysAfterReleasei,t) 0.0709*** 0.0958*** 0.0040 0.0046 0.0473*** 1 

*** p<0.01, ** p<0.05 
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Table 6. Analysis results of viewer engagement and video-sharing 

 

DV: ln(Sharingi,t) 

FE 2SLS 

(1) (2) (3) (4) (5) (6) 

AvgWatchingi,t-1 
2.010*** 

(0.101) 
- - 

2.146*** 

(0.119) 
- - 

LikeRatioi,t-1 - 
1.343*** 

(0.127) 
- - 

2.737*** 

(0.188) 
- 

ln(Commenti,t-1) - - 
0.061*** 

(0.008) 
- - 

0.076*** 

(0.009) 

ln(Viewsi,t-1 ) 
0.547*** 

(0.008) 

0.549*** 

(0.009) 

0.516*** 

(0.009) 

0.575*** 

(0.010) 

0.586*** 

(0.010) 

0.539*** 

(0.011) 

ln(DaysAfterReleasei,t) 
0.020*** 

(0.004) 

0.022*** 

(0.004) 

0.023*** 

(0.004) 

0.027*** 

(0.005) 

0.023*** 

(0.005) 

0.030*** 

(0.005) 

Constant 
-3.058*** 

(0.099) 

-3.122*** 

(0.143) 

-1.786*** 

(0.081) 

-3.456*** 

(0.120) 

-4.803*** 

(0.202) 

-2.115*** 

(0.099) 

N 7569 7569 7569 6728 6728 6728 

R2 0.7136 0.7807 0.7837 0.7134 0.7672 0.7836 

Note: standard errors in parentheses   

*** p<0.01, ** p<0.05, * p<0.1 
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Table 7. Analysis results of hedonic versus utilitarian contents 

Note: standard errors in parentheses   

*** p<0.01, ** p<0.05, * p<0.1 

 
  

DV: 

ln(Sharingi,t) 
Hedonici ln(Viewsi,t-1 ) ln(RunningTimei,t-1) Constant N R2 

Week 3 
1.101*** 

(0.099) 

0.951*** 

(0.017) 

0.528*** 

(0.056) 

-9.689*** 

(0.361) 
841 0.8189 

Week 4 
1.001*** 

(0.101) 

0.934*** 

(0.017) 

0.548*** 

(0.057) 

-9.557*** 

(0.367) 
841 0.8107 

Week 5 
1.038*** 

(0.101) 

0.926*** 

(0.016) 

0.554*** 

(0.057) 

-9.569*** 

(0.367) 
841 0.8125 

Week 6 
1.071*** 

(0.102) 

0.923*** 

(0.016) 

0.560*** 

(0.058) 

-9.617*** 

(0.369) 
841 0.8141 

Week 7 
1.039*** 

(0.102) 

0.919*** 

(0.016) 

0.569*** 

(0.058) 

-9.591*** 

(0.368) 
841 0.8153 

Week 8 
1.033*** 

(0.102) 

0.916*** 

(0.016) 

0.568*** 

(0.058) 

-9.568*** 

(0.368) 
841 0.8167 

Week 9 
1.039*** 

(0.102) 

0.914*** 

(0.016) 

0.572*** 

(0.058) 

-9.584*** 

(0.368) 
841 0.8183 

Week 10 
1.060*** 

(0.102) 

0.911*** 

(0.016) 

0.573*** 

(0.058) 

-9.585*** 

(0.369) 
841 0.8188 
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Table 8. Analysis results of movie contents 

 

DV: ln(Sharingi,t) 

FE 2SLS 

(1) (2) (3) (4) (5) (6) 

AvgWatchingi,t-1 
4.15*** 

(0.159) 
- - 

4.25*** 

(0.183) 
- - 

LikeRatioi,t-1 - 
5.57*** 

(0.302) 
- - 

5.40*** 

(0.375) 
- 

ln(Commenti,t-1) - - 
0.04*** 

(0.008) 
- - 

0.03*** 

(0.008) 

ln(Viewsi,t-1 ) 
0.64*** 

(0.009) 

0.61*** 

(0.009) 

0.57*** 

(0.011) 

0.64*** 

(0.011) 

0.60*** 

(0.012) 

0.56*** 

(0.013) 

ln(DaysAfterReleasei,t) 
0.00 

(0.005) 

-0.00 

(0.005) 

0.00 

(0.005) 

0.02*** 

(0.006) 

0.01** 

(0.006) 

0.02*** 

(0.007) 

Constant 
-5.99*** 

(0.164) 

-7.69*** 

(0.304) 

-2.29*** 

(0.096) 

-6.11*** 

(0.193) 

-7.52*** 

(0.372) 

-2.29*** 

(0.116) 

N 2925 2925 2925 2600 2600 2600 

R2 0.8132 0.7914 0.7661 0.7952 0.7663 0.7459 

Note: standard errors in parentheses   

*** p<0.01, ** p<0.05, * p<0.1 

 

  



81 

Table 9. Analysis results of music contents 

 

DV: ln(Sharingi,t) 

FE 2SLS 

(1) (2) (3) (4) (5) (6) 

AvgWatchingi,t-1 
1.51*** 

(0.114) 
- - 

1.73*** 

(0.133) 
- - 

LikeRatioi,t-1 - 
1.03*** 

(0.124) 
- - 

2.56*** 

(0.190) 
- 

ln(Commenti,t-1) - - 
0.16*** 

(0.016) 
- - 

0.30*** 

(0.020) 

ln(Viewsi,t-1 ) 
0.51*** 

(0.012) 

0.54*** 

(0.012) 

0.47*** 

(0.014) 

0.51*** 

(0.015) 

0.55*** 

(0.015) 

0.43*** 

(0.018) 

ln(DaysAfterReleasei,t) 
0.00 

(0.006) 

0.00 

(0.006) 

0.00 

(0.006) 

0.02*** 

(0.006) 

0.01** 

(0.006) 

0.01*** 

(0.006) 

Constant 
-1.88*** 

(0.114) 

-2.36*** 

(0.154) 

-1.29*** 

(0.113) 

-2.09*** 

(0.140) 

-3.93*** 

(0.214) 

-1.40*** 

(0.140) 

N 3681 3681 3681 3272 3272 3272 

R2 0.6423 0.6307 0.6339 0.6191 0.6231 0.6214 

Note: standard errors in parentheses   

*** p<0.01, ** p<0.05, * p<0.1 
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Table 10. Analysis results of education contents 

 

DV: ln(Sharingi,t) 

FE 2SLS 

(1) (2) (3) (4) (5) (6) 

AvgWatchingi,t-1 
2.80*** 

(0.565) 
- - 

2.15*** 

(0.696) 
- - 

LikeRatioi,t-1 - 
-0.11 

(0.772) 
- - 

1.69* 

(0.996) 
- 

ln(Commenti,t-1) - - 
-0.00 

(0.059) 
- - 

0.10 

(0.069) 

ln(Viewsi,t-1 ) 
0.42*** 

(0.040) 

0.37*** 

(0.041) 

0.37*** 

(0.047) 

0.59*** 

(0.053) 

0.60*** 

(0.055) 

0.51*** 

(0.060) 

ln(DaysAfterReleasei,t) 
0.12*** 

(0.021) 

0.15*** 

(0.021) 

0.15*** 

(0.021) 

0.07*** 

(0.026) 

0.07*** 

(0.026) 

0.08*** 

(0.026) 

Constant 
-3.77*** 

(0.510) 

-1.67* 

(0.916) 

-1.80*** 

(0.329) 

-4.89*** 

(0.640) 

-5.32*** 

(1.193) 

-3.33*** 

(0.440) 

N 963 963 963 856 856 856 

R2 0.4216 0.4049 0.4049 0.3948 0.3894 0.3874 

Note: standard errors in parentheses   

*** p<0.01, ** p<0.05, * p<0.1 
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Table 11. Viewer engagement and video-sharing by video contents 

Measure of engagement 
Category 

Music Movie Education 

Average watching time Supported Supported Supported 

The ratio of like counts Supported Supported Supported 

The number of comment counts Supported Supported Not supported 
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Table 12. Robustness tests for AvgWatching and LikeRatio 

Note: standard errors in parentheses   

*** p<0.01, ** p<0.05, * p<0.1 

 

  

DV: ln(Sharingt) AvgWatchingt-1 LikeRatiot-1 Constant N R2 

Week 2 
2.642*** 

(0.390) 

3.913*** 

(0.689) 

-1.377** 

(0.619) 
841 0.1106 

Week 3 
2.749*** 

(0.402) 
4.316*** 

(0.735) 
-1.732*** 

(0.655) 
841 0.1169 

Week 4 
2.646*** 

(0.403) 
4.718*** 

(0.740) 
-1.958*** 

(0.657) 
841 0.1218 

Week 5 
2.794*** 

(0.410) 

4.589*** 

(0.755) 

-1.882*** 

(0.670) 
841 0.1216 

Week 6 
2.914*** 

(0.415) 
4.647*** 

(0.766) 
-1.970*** 

(0.680) 
841 0.1252 

Week 7 
2.996*** 

(0.418) 
4.660*** 

(0.769) 
-1.988*** 

(0.682) 
841 0.1280 

Week 8 
3.073*** 

(0.420) 
4.736*** 

(0.775) 
-2.071*** 

(0.687) 
841 0.1313 

Week 9 
3.161*** 

(0.423) 
4.772*** 

(0.781) 
-2.129*** 

(0.692) 
841 0.1340 

Week 10 
3.235*** 

(0.426) 
4.760*** 

(0.791) 
-2.139*** 

(0.700) 
841 0.1353 
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Table 13. Robustness tests for Comments 

Note: standard errors in parentheses   

*** p<0.01, ** p<0.05, * p<0.1 

 

 

  

DV: ln(Sharingt) ln(Commentt) Constant N R2 

Week 2 
0.871*** 

(0.020) 
0.673*** 

(0.080) 
841 0.7037 

Week 3 
0.879*** 

(0.019) 
0.613*** 

(0.081) 
841 0.7149 

Week 4 
0.872*** 

(0.019) 
0.665*** 

(0.082) 
841 0.7154 

Week 5 
0.872*** 

(0.019) 

0.672*** 

(0.083) 
841 0.7151 

Week 6 
0.870*** 

(0.019) 
0.702*** 

(0.084) 
841 0.7072 

Week 7 
0.869*** 

(0.019) 
0.729*** 

(0.084) 
841 0.7110 

Week 8 
0.873*** 

(0.019) 
0.726*** 

(0.084) 
841 0.7143 

Week 9 
0.876*** 

(0.019) 
0.730*** 

(0.085) 
841 0.7156 

Week 10 
0.874*** 

(0.019) 
0.746*** 

(0.085) 
841 0.7144 
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Appendix for Chapter 3 

 

Figure 5. Sharing features on YouTube 
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Figure 6. Conceptual model for impact of sharing movie trailers on box office 

revenue 
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Figure 7. Screen shot of boxofficemojo.com 
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Figure 8. Relationship between box office revenue, the number of sharing 
trailers and days after screening 

 

Relationship between box office revenue and the number of sharing trailers  

 
 
 
Relationship between the number of sharing trailers and days after screening 

 
  



90 

Table 14. Social media research in the context of eWOM 

Type of  

Social Media 
Study Theme 

Blogs 

Dewan et al. (2012), 

Dewan et al. (2014), Dhar 

et al. (2009), Qin (2011) 

Impact of blog buzz on album, 

song, and movie sales 

Microblog 

Asur et al. (2010), Baek et 

al. (2014), Rui et al. 

(2013) 

Impact of tweet messages on movie 

sales 

Review websites 

Clemons et al. (2006), 

Dellarocas et al. (2007), 

Liu (2006), Ye et al. 

(2011) 

Impact of volume, valence, and 

dispersion of eWOM on movie and 

hotel room sales 

Video-sharing 

social media 

Morales-Arroyo et al. 

(2010) 

Comparative impact of social 

media including video-sharing 

social media on music sales 
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Table 15. Summary of key variables 

 

Variable Description and measure 

DailySalesi,t The daily box office revenue of movie i at time t 

CumSalesi,t The cumulative box office revenue of movie i at time t 

Screeni,t The daily number of screens of movie i at time t 

Budgeti Production budget of movie i in U.S. million dollars 

Genrei Genre of movie i (Action, Drama, Comedy, etc.) 

Distributori Distributor dummy (major=1, minor=0) 

Weekendi Weekend dummy (weekend=1, weekdays=0) 

MPAAi MPAA rating of movie i (PG, PG-13, R, G) 

DaysReleasei,t The number of days after movie release of movie i at time t 

DailySharingi,t The daily number of sharing the movie trailer of movie i at time t 

CumSharingi,t 
The cumulative number of sharing the movie trailer of movie i at 

time t 
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Table 16. Movie list in the sample 

No. Title Release Date Distributor Genre 

1 Believe 2013-12-25 Open Road Films Documentary 

2 The Nut Job 2014-01-17 Open Road Films Animation 

3 Ride Along 2014-01-17 Universal Comedy 

4 Gimme Shelter 2014-01-24 
Roadside 

Attractions 
Drama 

5 Vampire Academy 2014-02-07 
Weinstein 

Company 
Fantasy 

6 3 Days to Kill 2014-02-21 Relativity Action Thriller 

7 Pompeii 2014-02-21 TriStar Action Drama 

8 In Secret 2014-02-21 
Roadside 

Attractions 
Romantic Thriller 

9 Repentance 2014-02-28 Lionsgate Horror Thriller 

10 Bad Words 2014-03-14 Focus Features Comedy 

11 Cesar Chavez 2014-03-28 Lionsgate Drama 

12 Noah 2014-03-28 Paramount Drama 

13 Sabotage 2014-03-28 Open Road Films Action Thriller 

14 Frankie & Alice 2014-04-04 Lionsgate Drama 

15 
Island of Lemurs: 

Madagascar 
2014-04-04 Warner Bros. IMAX 

16 Oculus 2014-04-11 Relativity Horror 

17 Cuban Fury 2014-04-11 Entertainment One Comedy 

18 Heaven Is For Real 2014-04-16 TriStar Drama 

19 A Haunted House 2 2014-04-18 Open Road Films Horror Comedy 

20 Transcendence 2014-04-18 Warner Bros. Sci-Fi 

21 13 Sins 2014-04-18 Radius-TWC Thriller 

22 The Other Woman 2014-04-25 Fox Comedy 

23 The Quiet Ones 2014-04-25 Lionsgate Horror 

24 Maleficent 2014-05-30 Buena Vista Fantasy 
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25 
A Million Ways to Die 

in the West 
2014-05-30 Universal Western Comedy 

26 The Fault In Our Stars 2014-06-06 Fox Drama 

27 Jersey Boys 2014-06-20 Warner Bros. Musical 

28 Think Like A Man Too 2014-06-20 Sony Comedy 

29 Begin Again 2014-06-27 
Weinstein 

Company 
Comedy 

30 Snowpiercer 2014-06-27 Radius-TWC Sci-Fi Action 

31 Deliver Us From Evil 2014-07-02 Sony Horror 

32 Earth to Echo 2014-07-02 Relativity Adventure 

33 
Dawn of the Planet of 

the Apes 
2014-07-11 Fox Sci-Fi Action 

34 Planes: Fire and Rescue 2014-07-18 Buena Vista Animation 

35 The Purge: Anarchy 2014-07-18 Universal Thriller 

36 Sex Tape 2014-07-18 Sony Comedy 

37 And So It Goes 2014-07-25 
Clarius 

Entertainment 
Comedy 

38 Hercules 2014-07-25 Paramount Action 

39 Lucy 2014-07-25 Universal Sci-Fi Action 

40 The Fluffy Movie 2014-07-25 Open Road Films Concert 

41 Get On Up 2014-08-01 Universal Music Drama 

42 Step Up All In 2014-08-08 Lionsgate Music Drama 

43 The Expendables 3 2014-08-15 Lionsgate Action 

44 The November Man 2014-08-27 Relativity Action 

45 Cantinflas 2014-08-29 Lionsgate Drama 

46 Life of Crime 2014-08-29 
Roadside 

Attractions 
Comedy 

47 The Identical 2014-09-05 Freestyle Releasing Drama 

48 The Remaining 2014-09-05 Triumph Horror 

49 No Good Deed 2014-09-12 Sony Thriller 
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50 
The Disappearance of 

Eleanor Rigby 
2014-09-12 Weinstein Drama 

51 The Drop 2014-09-12 Fox Searchlight Crime Drama 

52 The Skeleton Twins 2014-09-12 
Roadside 

Attractions 
Drama 

53 The Maze Runner 2014-09-19 Fox Sci-Fi Thriller 

54 
Hector And The Search 

For Happiness 
2014-09-19 Relativity Drama 

55 The Boxtrolls 2014-09-26 Focus Features Animation 

56 The Equalizer 2014-09-26 Sony Thriller 

57 Jimi: All Is By My Side 2014-09-26 Xlrator Media Music Drama 

58 Annabelle 2014-10-03 Warner Bros. Horror 

59 Gone Girl 2014-10-03 Fox Thriller 

60 Left Behind 2014-10-03 Freestyle Releasing Thriller 

61 The Good Lie 2014-10-03 Warner Bros. Drama 

62 Addicted 2014-10-10 Lionsgate Drama 

63 Kill the Messenger 2014-10-10 Focus Features Thriller 

64 

Alexander and the 

Terrible, Horrible, No 

Good, Very Bad Day 

2014-10-10 Buena Vista Drama 

65 Dracula Untold 2014-10-10 Universal Action Horror 

66 Meet the Mormons 2014-10-10 Purdie Distribution Documentary 

67 Birdman 2014-10-17 Fox Comedy 

68 The Best Of Me 2014-10-24 Lionsgate Action 

69 Ouija 2014-10-24 Universal Horror 

70 John Wick 2014-10-24 Lionsgate Action 

71 Before I Go To Sleep 2014-10-31 
Clarius 

Entertainment 
Thriller 

72 Nightcrawler 2014-10-31 Open Road Films Crime 
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Table 17. Descriptive statistics at the first day after movie release 

Variable N Mean Std. Dev. Min Max 

DailySalesi,t 72 5088103 6331689 3337 2.76e+07 

DailySharingi,t 72 5907 11728 60 73904 

Screeni,t 72 1925 1353 4 3967 

Budgeti 62 33.4 39.9 0 200 
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Table 18. Correlations for key variables 

 [1] [2] [3] [4] [5] 

[1] ln(CumSalesi,t) 1     

[2] ln(CumSharing,t-1) 0.6232** 1    

[3] ln(Screeni,t) 0.5407** 0.3535** 1   

[4] ln(Budgeti) 0.5171** 0.3398** 0.2555** 1  

[5] DaysReleasei,t 0.3833** 0.1734** -0.4563** 0.1802** 1 

** p<0.01, * p<0.05 
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Table 19. Analysis results for box office revenue 

 

DV: ln(CumSalesi,t ) 

FE 

(1) 

2SLS 

(2) 

RE 

(3) 

ln(CumSharingi,t-1 ) 
3.155*** 

(0.074) 
3.061*** 

(0.074) 
1.133*** 

(0.048) 

ln(Screeni,t) 
0.258*** 

(0.006) 
0.239*** 

(0.006) 
0.294*** 

(0.008) 

Weekendi 
0.030*** 

(0.009) 
0.051*** 

(0.009) 
0.028** 

(0.012) 

DaysReleasei,t 
0.014*** 

(0.000) 
0.013*** 

(0.000) 
0.021*** 

(0.000) 

ln(Budgeti) - - 
0.211** 

(0.089) 

Constant 
-10.227*** 

(0.576) 
-9.341*** 

(0.575) 
3.150*** 

(0.588) 

Distributor - - Yes 

Genre - - Yes 

MPAA - - Yes 

N 3227 3152 2852 

R
2
 0.6830 0.6695 0.6012 

Note: standard errors in parentheses   

*** p<0.01, ** p<0.05, * p<0.1 
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Table 20. Impact of sharing, comments, and views on box office revenue 

 

DV: ln(CumSalesi,t ) 

(1) (2) (3) 

ln(CumSharingi,t-1) 
3.155*** 

(0.074) 
- - 

ln(CumCommenti,t-1) - 
1.847*** 

(0.060) 
- 

ln(CumViewsi,t-1) - - 
1.443*** 

(0.051) 

ln(Screeni,t) 
0.258*** 

(0.006) 

0.277*** 

(0.007) 

0.277*** 

(0.007) 

Weekendi 
0.030*** 

(0.009) 

0.034*** 

(0.010) 

0.029*** 

(0.011) 

DaysReleasei,t 
0.014*** 

(0.000) 

0.020*** 

(0.000) 

0.017*** 

(0.000) 

Constant 
-10.227*** 

(0.576) 

1.233*** 

(0.425) 

-6.600*** 

(0.732) 

N 3227 3191 3227 

R
2
 0.6830 0.6164 0.6031 

Note: standard errors in parentheses   

*** p<0.01, ** p<0.05, * p<0.1 
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Table 21. Analysis results for box office revenue with quadratic form 

 

DV: ln(CumSalesi,t ) 

FE 

(1) 

2SLS 

(2) 

RE 

(3) 

ln(CumSharingi,t-1 ) 
4.426*** 

(0.290) 

4.817*** 

(0.304) 

3.384*** 

(0.242) 

ln(CumSharingi,t)
2
 

-2.092*** 

(0.476) 

-3.721*** 

(0.576) 

-9.047*** 

(0.472) 

ln(Screeni,t) 
-0.097*** 

(0.021) 

-0.133*** 

(0.022) 

-0.153*** 

(0.016) 

Weekendi 
0.033*** 

(0.009) 

0.056*** 

(0.009) 

0.044*** 

(0.011) 

DaysReleasei,t 
0.262*** 

(0.006) 

0.245*** 

(0.006) 

0.304*** 

(0.008) 

ln(Budgeti) - - 
0.276*** 

(0.084) 

Constant 
0.032*** 

(0.009) 

0.054*** 

(0.009) 

0.032*** 

(0.011) 

Distributor - - Yes 

Genre - - Yes 

MPAA - - Yes 

N 3227 3152 2852 

R
2
 0.6851 0.6716 0.6024 

Note: standard errors in parentheses   

*** p<0.01, ** p<0.05, * p<0.1 
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Table 22. Robustness tests 

Day ln(CumSharingt-1) Constant N R2 

3 0.840*** (0.121) 8.934*** (0.923) 72 0.4071 

4 0.840*** (0.122) 9.038*** (0.933) 72 0.4031 

5 0.840*** (0.123) 9.121*** (0.940) 72 0.4005 

6 0.839*** (0.121) 9.198*** (0.926) 72 0.4077 

7 0.839*** (0.119) 9.253*** (0.916) 72 0.4139 

8 0.777*** (0.110) 9.897*** (0.847) 70 0.4234 

9 0.770*** (0.107) 10.100*** (0.824) 69 0.4368 

10 0.766*** (0.105) 10.206*** (0.814) 69 0.4411 

11 0.767*** (0.105) 10.224*** (0.815) 69 0.4419 

12 0.767*** (0.105) 10.256*** (0.814) 69 0.4431 

13 0.766*** (0.105) 10.283*** (0.811) 69 0.4448 

14 0.765*** (0.104) 10.312*** (0.808) 69 0.4459 

15 0.715*** (0.104) 10.833*** (0.815) 65 0.4268 

16 0.723*** (0.103) 10.815*** (0.809) 63 0.4453 

17 0.720*** (0.104) 10.865*** (0.815) 62 0.4423 

18 0.700*** (0.105) 11.057*** (0.825) 61 0.4286 

19 0.700*** (0.105) 11.070*** (0.823) 61 0.4301 

20 0.700*** (0.105) 11.084*** (0.821) 61 0.4310 

21 0.699*** (0.104) 11.093*** (0.820) 61 0.4321 

22 0.703*** (0.103) 11.130*** (0.812) 59 0.4513 

23 0.701*** (0.107) 11.157*** (0.844) 55 0.4458 

24 0.701*** (0.109) 11.173*** (0.857) 54 0.4442 

25 0.702*** (0.109) 11.176*** (0.857) 54 0.4450 

26 0.702*** (0.109) 11.181*** (0.857) 54 0.4452 

27 0.706*** (0.109) 11.132*** (0.862) 53 0.4512 

28 0.706*** (0.109) 11.137*** (0.861) 53 0.4516 

29 0.576*** (0.110) 12.316*** (0.883) 49 0.3697 

30 0.579*** (0.110) 12.320*** (0.886) 48 0.3759 

Note: standard errors in parentheses.  

*** p<0.01, ** p<0.05, * p<0.1 
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Appendix for Chapter 4 

 

Figure 9. Conceptual model for music-induced tourism 
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Figure 10. YouTube commenter country information 
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Table 23. Previous research on social media and tourism 
 

  

Theme Study Context Key Findings 

Travellers’ 

behaviour 
and usage 

Parra-López 

et al. (2011) 

General social 

media 

Travellers’ intention to use social media tools is affected by benefits 

and incentives from social media usages. 

Chung et al. 
(2015)  

General social 
media 

The travellers’ perceived value of social media from a trade-off 

between benefit and sacrifice is a primary factor in travel 

information searches (social media usage). 

Yoo et al. 

(2011)  

General social 

media 

Travellers’ personality traits affect perceived barriers to consumer-
generated media (CGM) creation, motivations to engage in CGM 

creations, and creation behaviours.  

Bosangit et 

al. (2012) 
Blog 

Travel blogging has become part of tourist practices in the 

postconsumption stage, which is associated with representing places, 
acts of self-presentation, and identity construction. 

Xiang et al. 
(2010) 

General social 
media 

Social media dominates travel-related search results via search 
engine and serves as information source for travellers.  

Yoo et al. 
(2012) 

General social 
media 

Social media are important information sources for tourists in their 
travel planning and decision-marking.   

Ye et al. 

(2011) 

Review site 

(Ctrip.com) 

Travellers’ reviews have a significant impact on hotel online 

bookings.  

Tussyadiah 

et al. (2009) 

Video-sharing 

social media 
(YouTube) 

Online travel videos by real travellers play as mediators of tourist 

experience. 

Marketing 
& strategic 

management 

Hvass et al. 

(2012)  

SNS 

(Facebook, 
Twitter) 

Airliners are still lack of strategy for social media usage and fail to 

exploit the interactivity and development with customers.  

Hays et al. 
(2013) 

SNS 

(Facebook, 

Twitter) 

Social media usages by the top destination marketing organizations 
(DMOs) are still exploratory and diverse.  

O'Connor 

(2010) 

Review site 

(TripAdvisor) 
Few hotels properly manage their reputation on the review site.  

Akehurst 

(2009) 
Blog 

Tourism organizations should pay attention to the development of 

user generated content on the Web.  

Pan et al. 

(2007) 
Blog 

Travel blog monitoring provides a method to destination marketers 

for assessing service quality and improving travellers’ experiences. 

Carson 
(2008)  

Blog 
Consumer generated web content may offer a way for destination 
marketing organizations (DMOs) to monitor visitor attitudes. 

Koo et al. 

(2013b) 

SNS 
(Facebook, 

Twitter) 

‘Smart Tourism’ is proposed, which is a holistic approach to provide 

extensive travel information services through social media.  

Sigala et al. 

(2015)  

General social 

media 

The use of social media contributes to enhancing employee’s 

creativity though knowledge management process. 

Education & 

research 

Isacsson et 

al. (2011)  

SNS 

(Facebook) 

Social media contributes to constructing a useful knowledge base 

and engaging students in sustainable tourism.  

Xiang et al. 

(2015)  

Review site 

(Expedia.com) 

Consumer reviews on online travel agencies inspired the 

development of big data analytics.  
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Table 24. Use of social media by the type of entertainment goods 

 

Usage TV Drama Movie Music 

Promotion Yes Yes Yes 

Distribution 
Yes 

(with limitations) 

Yes 

(with limitations) 

Yes 

(with almost no 

limitations) 

Consumption 
Yes 

(with limitations) 

Yes 

(with limitations) 

Yes 

(with almost no 

limitations) 

Payment on consumption 

(in full version) 
Yes Yes No 
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 Table 25. K-pop music videos in the sample 

  

No. Artist Title of Music Video Genre 
No. of View 

Counts 

Published 

Date 

1 2PM Again & again dance 10,011,769 2009-04-15 

2 Bing Bang & 2NE1 Lollipop dance 40,058,003 2009-05-15 

3 Big Bang My Heaven pop 12,975,571 2009-05-25 

4 Girls' Generation Hahaha Song dance 5,304,339 2009-06-07 

5 Girls' Generation Gee dance 92,665,080 2009-06-08 

6 2NE1 Fire dance 32,051,865 2009-08-17 

7 Big Bang Last farewell rap 4,811,574 2009-08-26 

8 Big Bang Only look at me rap 3,781,600 2009-08-26 

9 Big Bang Prayer R&B 1,355,349 2009-08-26 

10 Big Bang How gee rap 1,236,924 2009-08-26 

11 f(x) LA chA TA dance 5,924,028 2009-09-02 

12 Super Junior Super Girl pop 22,015,508 2009-09-14 

13 Super Junior U pop 2,736,508 2009-09-28 

14 Big Bang Breathe dance 7,805,388 2009-09-29 

15 f(x) Chu~ dance 6,489,784 2009-11-05 

16 2PM Heartbeat dance 10,686,579 2009-11-11 

17 TVXQ Rising Sun dance 1,115,277 2009-11-23 

18 TVXQ Balloons dance 1,780,829 2009-11-24 

19 TVXQ Wrong Number dance 1,609,758 2009-11-24 

20 2AM Never let you go ballad 7,188,656 2010-01-23 

21 Girls' Generation Genie pop 16,911,005 2010-02-25 

22 Girls' Generation Run Devil Run dance 44,083,551 2010-03-16 

23 4Minute What A Girl Wants dance 3,797,120 2010-03-29 
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24 4Minute Muzik dance 7,331,241 2010-04-02 

25 2AM I was wrong dance 2,966,245 2010-04-05 

26 2PM Without U dance 8,564,655 2010-04-18 

27 4Minute Hot Issue dance 12,877,297 2010-05-11 

28 Super Junior BONAMANA dance 44,486,607 2010-05-11 

29 Wonder Girls 2 Different Tears dance 3,758,820 2010-05-15 

30 4Minute HUH dance 10,098,045 2010-05-20 

31 2PM I will give you my life ballad 1,395,830 2010-06-10 

32 miss A Bad Girl, Good Girl dance 13,440,115 2010-06-30 

33 Super Junior No Other dance 30,020,251 2010-07-07 

34 Teen Top Clap dance 2,289,285 2010-07-12 

35 SHINee Lucifer dance 38,459,605 2010-07-19 

36 SE7EN Better Together dance 2,161,631 2010-07-21 

37 BoA Game dance 1,770,138 2010-07-25 

38 Beast Shock dance 12,115,167 2010-07-26 

39 Beast Say No dance 2,651,634 2010-07-26 

40 BoA Hurricane Venus dance 4,825,346 2010-08-08 

41 2PM Thank you ballad 1,096,488 2010-08-16 

42 Brown Eyed 

Girls 

Abracadabra dance 12,039,803 2010-08-20 

43 2PM Fly To Seoul `Boom Boom 

Boom` 

dance 1,998,493 2010-08-22 

44 Sistar Push Push dance 1,559,061 2010-08-22 

45 Sistar Shady Girl dance 2,367,781 2010-08-24 

46 F.T. Island I Hope rock 1,523,839 2010-08-26 

47 F.T. Island Love Love Love rock 3,913,993 2010-08-27 

48 TRAX Oh! My Goddess dance 1,420,864 2010-09-01 

49 2NE1 Kiss dance 12,818,339 2010-09-05 

50 2NE1 You and I  dance 5,157,883 2010-09-05 

51 2NE1 Clap your hands dance 16,434,735 2010-09-08 



107 

52 2NE1 Go away dance 21,510,167 2010-09-09 

53 miss A Breathe dance 15,306,661 2010-09-26 

54 BoA Copy & Paste dance 3,248,700 2010-09-27 

55 SE7EN I'm Going Crazy ballad 3,402,542 2010-09-27 

56 Beast Breath pop 12,473,034 2010-09-29 

57 SHINee Hello dance 27,166,148 2010-10-04 

58 2PM I'll be baek dance 15,293,804 2010-10-11 

59 Girls' Generation Hoot dance 22,262,196 2010-10-27 

60 U-KISS Shut Up dance 1,528,917 2010-10-29 

61 2NE1 It hurts dance 15,549,305 2010-10-31 

62 Beast Beautiful pop 13,509,200 2010-11-15 

63 Orange Caramel A-ing dance 1,139,158 2010-11-17 

64 2NE1 Don't stop the music dance 26,675,828 2010-12-02 

65 Sistar How Dare You dance 4,498,887 2010-12-02 

66 Dal Shabet Supa Dupa Diva dance 1,110,521 2011-01-03 

67 TVXQ Keep Your Head Down dance 10,717,364 2011-01-03 

68 Girls' Generation Beautiful Girls ballad 1,582,765 2011-01-11 

69 PSY It's Art rap 2,351,587 2011-02-06 

70 IU Good Day ballad 5,390,875 2011-02-07 

71 IU Only I didn't know ballad 2,195,291 2011-02-16 

72 Big Bang Tonight dance 30,736,335 2011-02-28 

73 Super Junior Perfection pop 5,646,843 2011-02-28 

74 Secret Going Crazy ballad 1,703,836 2011-03-02 

75 SS501 UR Man ballad 1,213,457 2011-03-04 

76 Rainbow A dance 2,140,043 2011-03-05 

77 SS501 Love Like This dance 4,219,689 2011-03-06 

78 SS501 Love Ya dance 2,874,552 2011-03-06 

79 Kara Jumping dance 1,473,565 2011-03-08 

80 K.Will My heart beating ballad 1,602,402 2011-03-10 
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81 TVXQ Before U Go dance 3,750,409 2011-03-14 

82 U-KISS 0330 ballad 1,370,020 2011-03-30 

83 4Minute Mirror Mirror dance 6,543,795 2011-04-04 

84 2NE1 Can't nobody dance 7,086,284 2011-04-07 

85 Rainbow To Me dance 3,263,118 2011-04-08 

86 Block B Freeze! dance 1,829,207 2011-04-13 

87 f(x) Danger dance 18,089,620 2011-04-18 

88 Jay Park Abandoned dance 3,025,370 2011-04-26 

89 Jay Park Tonight dance 1,520,166 2011-05-10 

90 2NE1 Lonely ballad 29,337,434 2011-05-11 

91 Heo Young-

saeng 

Let it go dance 1,175,343 2011-05-11 

92 miss A Love Alone dance 2,263,381 2011-05-11 

93 Beast Fiction dance 17,975,490 2011-05-16 

94 F.T. Island Hello Hello rock 4,063,281 2011-05-23 

95 Kara We're With You dance 1,389,574 2011-05-23 

96 Secret Starlight Moonlight dance 5,217,194 2011-06-01 

97 SunnyHill Midnight Circus dance 1,410,283 2011-06-02 

98 Super Junior Don't Don dance 1,271,542 2011-06-10 

99 f(x) Hot Summer dance 12,015,002 2011-06-17 

100 Rainbow Sweet Dream dance 1,133,631 2011-06-21 

101 Block B Tell Them dance 1,103,849 2011-06-22 

102 IU Ice Flower ballad 1,158,458 2011-06-22 

103 SHINee Juliette dance 2,591,931 2011-07-06 

104 The Grace One More Chance dance 1,302,761 2011-07-08 

105 miss A Good-bye Baby dance 15,760,742 2011-07-17 

106 2NE1 Hate you dance 16,031,141 2011-07-20 

107 Girls' Generation Mr. Taxi pop 3,021,941 2011-07-23 

108 Teen Top No more perfume on you dance 3,196,721 2011-07-25 

109 2NE1 Ugly dance 16,575,941 2011-07-27 
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110 T-ara Roly-Poly in Copacabana dance 11,483,871 2011-08-02 

111 B.A.P I remember dance 1,245,678 2011-08-11 

112 Leessang Turned off the TV rap 1,346,487 2011-08-22 

113 Davichi Don't say Goodbye ballad 2,140,390 2011-08-28 

114 U-KISS Neverland dance 7,859,108 2011-08-31 

115 Kara Step dance 39,584,180 2011-09-05 

116 Boyfriend Don't touch my girl dance 4,344,517 2011-10-05 

117 F.T. Island Like the birds rock 3,289,621 2011-10-10 

118 Orange Caramel Shanghai Romance dance 2,537,288 2011-10-12 

119 Secret Love is MOVE dance 4,374,924 2011-10-17 

120 Epik High Bad rap 2,372,826 2011-10-23 

121 SHINee Stand by Me dance 1,231,212 2011-10-24 

122 Noel I Miss You ballad 1,500,696 2011-10-25 

123 My Name Message dance 2,222,404 2011-10-27 

124 T-ara Lovey-Dovey dance 8,898,004 2012-01-01 

125 Teen Top Crazy dance 1,141,353 2012-01-04 

126 Rainbow Hoi Hoi dance 1,215,637 2012-01-11 

127 Wonder Girls The DJ Is Mine dance 4,383,244 2012-01-11 

128 Beast I knew it dance 1,804,723 2012-01-25 

129 F.T. Island Severely rock 4,964,571 2012-01-30 

130 SE7EN When I Can't Sing ballad 3,654,819 2012-01-31 

131 Block B NalinA dance 3,720,615 2012-02-01 

132 Jay Park Know Your Name R&B 2,464,339 2012-02-05 

133 SE7EN Somebody Else dance 2,364,689 2012-02-07 

134 Ailee Heaven ballad 4,728,065 2012-02-08 

135 IU Last Fantasy ballad 1,428,800 2012-02-09 

136 K.Will I need you ballad 2,089,270 2012-02-13 

137 miss A Touch dance 7,189,990 2012-02-19 

138 Big Bang Blue dance 31,533,503 2012-02-21 
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139 BtoB Insane dance 2,972,765 2012-03-21 

140 Big Bang Love Dust dance 2,097,233 2012-03-22 

141 SHINee Sherlock dance 12,237,696 2012-03-22 

142 Big Bang Ain't No Fun dance 1,396,661 2012-03-24 

143 Busker Busker Cherry Blossom Ending rock 2,954,047 2012-04-01 

144 Exo MAMA dance 8,976,129 2012-04-07 

145 Sistar Alone dance 14,395,416 2012-04-11 

146 Girl's Day Oh! My God dance 1,093,965 2012-04-17 

147 J.Y. Park Someone else R&B 1,209,068 2012-04-21 

148 SM Town Dear My Family ballad 2,030,700 2012-04-24 

149 U-KISS DORADORA dance 3,429,134 2012-04-25 

150 B.A.P Power dance 4,672,345 2012-04-26 

151 Girls' Generation Twinkle dance 31,579,313 2012-04-30 

152 JYJ TARANTALLEGRA dance 5,067,723 2012-05-13 

153 Infinite The Chaser dance 2,890,468 2012-05-15 

154 Baek Ji Young Good Boy dance 1,642,396 2012-05-16 

155 JJ Project Bounce dance 5,717,898 2012-05-19 

156 BtoB Irresistible Lips dance 1,549,048 2012-05-22 

157 Big Bang Monster dance 24,653,222 2012-06-02 

158 Wonder Girls Like this dance 15,027,273 2012-06-02 

159 Boyfriend Love Style dance 2,160,267 2012-06-14 

160 2NE1 I love you dance 20,233,822 2012-07-06 

161 2PM Sexy lady dance 4,814,099 2012-07-07 

162 Wonder Girls Like Money dance 7,279,756 2012-07-09 

163 Beast Midnignt dance 2,340,526 2012-07-14 

164 Brown Eyed 

Girls 

One summer night ballad 1,162,278 2012-07-16 

165 B.A.P No mercy dance 3,634,705 2012-07-18 

166 BoA Only One ballad 9,770,905 2012-07-21 
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Table 26. Summary of key variables 

Variable Description 

Touristi,t 

The monthly number of inbound tourists from a country i to Korea at time 

t  

Commenti,t The monthly share of YouTube comments by a country i at time t 

Tradei,t 

The monthly trade amount of a country i with Korea at time t (in million 

US$) 

CPIt 

Consumer Price Index(CPI) of Korea which is adjusted in U.S. dollars at 

time t 

Populationi,t Number of population by a country i at time t (in million) 

Colonyi, 
Dummy variable for past colonial relationship with Korea by a country i (1 

if tourist’s country had colonial relationship with Korea or 0 otherwise) 

Distancei, 
The physical distance between the capital city of a source country i and 

Seoul of Korea (in kilometers) 

VISAi,t 
Dummy variable for VISA waiver of a country i to Korea at time t (1 if 

VISA is waivered to enter Korea or 0 otherwise) 

 

  



112 

Table 27. Descriptive statistics 

Variable Obs Mean Std. Dev. Min Max 

Touristi,t 1075 18,122 51,631 74 353,455 

Commenti,t 1075 0.0344 0.0675 0.0004 0.5167 

Tradei,t 1075 1,759 2,019 116 9,914 

CPIt 1075 11.33 0.85 10.15 13.77 

Populationi,t 1075 70 77 5 314 

Colonyi, 1075 0.04 0.20 0 1 

Distancei, 1075 7,325 3,834 1,157 18,365 

VISAi,t 1075 0.28 0.45 0 1 
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Table 28. Correlations for regression variables 

 [1] [2] [3] [4] [5] [6] [7] [8] 

[1] ln(Touristi,t) 1        

[2] Commenti,t-1 0.383** 1       

[3] ln(Tradei,t) 0.663** 0.417** 1      

[4] CPIt -0.075* 0.011 -0.144** 1     

[5] ln(Populationi,t) 0.260** 0.368** 0.406** -0.007 1    

[6] Colonyi 0.521** -0.058** 0.405** 0.000* 0.208** 1   

[7] Distancei -0.552** 0.070* -0.286** 0.000 0.215** -0.329** 1  

[8] VISAi,t 0.494** 0.304** 0.624** 0.000** 0.011** 0.327** -0.209** 1 

** p<0.01, * p<0.05 

  



114 

Table 29. Regression results 

Variable 

DV: ln(Touristi,t) 

Pooled 

OLS 

estimation 

 

 

 

(1) 

Fixed-effects 

estimation 

without 

YouTube 

comments 

 

(2) 

Fixed-effects 

estimation 

with 

YouTube 

comments 

 

(3) 

Random-

effects 

estimation 

without 

YouTube 

Comments 

(4) 

Random-

effects 

estimation 

with 

YouTube 

Comments 

(5) 

Commenti,t-1 
6.472*** 

(0.505) 
- 

1.756*** 

(0.512) 
- 

1.776*** 

(0.514) 

ln(Tradei,t) 
0.323*** 

(0.047) 

0.179*** 

(0.046) 

0.159*** 

(0.047) 

0.228*** 

((0.046) 

0.201*** 

(0.046) 

ln(Populationi,t) 
0.172*** 

(0.032) 

7.301*** 

(1.127) 

6.663*** 

(1.159) 

0.569*** 

(0.197) 

0.489***   

(0.185) 

CPIt 
-0.116*** 

(0.038) 

-0.046*** 

(0.016) 

-0.073*** 

(0.018) 

-0.102*** 

(0.013) 

-0.130*** 

(0.018) 

VISAi,t 
0.433*** 

(0.090) 
- - 

0.941* 

(0.521) 

0.869* 

(0.490) 

Distancei 
-0.000*** 

(0.000) 
- - 

-0.000*** 

(0.000) 

-0.000*** 

(0.000) 

Colonyi 
2.107*** 

(0.175) 
- - 

1.107 

(1.285) 

1.378 

(1.206) 

Constant 
0.778 

(1.035) 

-122.457*** 

(19.637) 

-110.64*** 

(20.23) 

-4.007 

(3.394) 

-1.803 

(3.216) 

N 1050 1075 1050 1075  1050 

R2 0.6969 0.1994 0.2126 0.1722 0.1907 

*** p<0.01, ** p<0.05, * p<0.1 
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Table 30. Robustness tests 

Variable 

DV: TOURISTi,t 

White’s 

estimation 

(1) 

Driscoll-Kraay’s 

estimation 

(2) 

Newey-West’s 

estimation 

(3) 

Commenti,t-1 
1.756* 

(0.947) 

1.756*** 

(0.464) 

6.472*** 

(0.758) 

ln(Tradei,t) 
0.159*** 

(0.053) 

0.159** 

(0.073) 

0.323*** 

(0.054) 

ln(Populationi,t) 
6.663*** 

(2.376) 

6.663** 

(2.832) 

0.172*** 

(0.031) 

CPIt 
-0.073** 

(0.029) 

-0.073*** 

(0.027) 

-0.116** 

(0.049) 

VISAi,t - - 
0.433*** 

(0.142)- 

Distancei - 
-0.015** 

(0.007) 

-0.000*** 

(0.000) 

Colonyi - - 
2.107*** 

(0.194) 

Constant 
-110.642*** 

(41.715) 
- 

0.778 

(1.227) 

N 1050 1050 1050 

R2 0.2126 0.2126 0.2126 

*** p<0.01, ** p<0.05, * p<0.1 
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초 록 

 

비디오 공유 소셜 미디어에 관한 세 논문  

 

오세환 

서울대학교 대학원 

경영학과 경영학전공 

 

소셜 미디어가 비디오 콘텐츠의 소비 및 배포 채널로 부상함에 따라 

비디오 공유 소셜 미디어 상에서의 소비자 행위가 마케터들이나 

연구자들에게 중요한 이슈로 대두되고 있다. 그러나 블로그나 

마이크로블로그와 같은 텍스트 기반의 소셜 미디어에 대한 연구와 비교해볼 

때 비디오 공유 소셜 미디어에 대한 연구는 아직 부족한 편이다. 이와 같은 

기존 연구의 한계점을 극복하고 소셜 미디어에 대한 이해를 제고하기 위해 

본 논문에서는 세 가지 논문을 통해 비디오 공유 소셜 미디어 상에서의 

소비자 행위 및 이에 따른 비즈니스 영향에 대해 분석해 보고자 한다.    

먼저 첫번째 논문에서는 시청자 관여와 비디오 콘텐츠 특성을 중심으로 

소셜 미디어 상에서의 비디오 공유 행위를 고찰해 보고자 한다. 이용자들의 

활동을 촉진하기 위해 대부분의 소셜 미디어 채널들은 특정 포스트나 

비디오를 공유할 수 있는 링크를 제공하고 있다. 이전 연구들은 소비자들의 

공유 행위와 관련 동기 및 선행 요인들에 대한 연구를 시도했으나 
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소비자들이 비디오 공유 소셜 미디어 상에서 왜 비디오 콘텐츠를 공유하게 

되는지에 대한 이해는 여전히 부족한 편이다. 첫번째 논문은 다양한 공유 

행위의 결정요인들 중에서도 시청자 관여가 소비자들의 비디오 공유 행위의 

선행 요인이며 감정적인 비디오 콘텐츠가 더 공유되는 경향이 있는지 고찰해 

보았다. 비디오에 대한 시청자 관여 측정지표들을 제시하는 한편 시청자 

관여와 비디오 공유 행위를 연결하여 분석한 결과, 비디오 관련 평균 

시청시간, 코멘트 수, ‘좋아요’ 평가수 등이 비디오 공유 소셜 미디어 상에서 

소비자들의 관여를 측정하는 좋은 측정지표라는 것을 확인하였다. 또한 

비디오 공유 소셜 미디어 상에서 헤도닉 비디오들이 실용적 비디오들에 비해 

더 많이 공유된다는 것을 실증분석하였다. 입소문 마케팅의 시발점으로 소셜 

미디어 상에서 소비자들의 비디오 공유 행위의 선행요인에 대한 이해가 

중요하게 대두되고 있다. 비디오 공유 행위의 다양한 결정요인 중 본 논문은 

시청자 관여와 비디오 콘텐츠의 헤도닉적 특성이 시청자들의 비디오 공유 

행위에 어떻게 작용하는지 보였다는 점에서 연구의 의의를 찾을 수 있다.   

두번째 논문은 영화 예고편 공유가 영화 매출에 미치는 영향을 중심으로 

비디오 콘텐츠 공유가 실제 비즈니스 성과에 어떤 영향을 미치는지 분석한다. 

마케팅적 관점의 선행연구들은 사회적 압력이 소비자들의 구매 의사 결정에 

영향을 미친다고 주장하고 있다. 한편 온라인 구전의 맥락에서 많은 소셜 

미디어에 관한 연구들은 텍스트 기반 온라인 구전이 비즈니스 성과에 영향을 

미친다고 분석하고 있다. 그러나 영화나 음악 같은 엔터테인먼트 상품의 

소비 및 유통 채널로 비디오 공유 소셜 미디어가 부상하고 있음에도 

불구하고 홍보성 비디오 콘텐츠들이 실제 매출에 어떤 영향을 미치는 지에 
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대한 연구는 부족한 편이다. 이에 두번째 논문에서는 영화 예고편 공유 

행위가 사회적 압력으로 작용하여 실제 영화 매출 증대에 유의한 영향을 

미치는지 분석한다. 비디오 공유 소셜 미디어 상에서의 영화 예고편을 

중심으로 한 실증분석 결과, 영화 예고편 공유가 실제 영화 매출에 긍정적인 

영향을 미치고 있는 것을 확인하였다. 특히 영화 개봉 후기 단계 보다 초기 

단계에서 영화 예고편 공유 행위가 영화 매출에 더 큰 영향을 미치는 것을 

확인하였다. 본 연구는 영화 예고편 공유와 영화 매출간 양의 관계를 

확인함으로써 소셜 미디어가 영화와 같은 엔터테인먼트 상품의 효과적인 

마케팅 도구로 활용될 수 있다는 것을 보여주고 있다. 또한 오프라인 

환경에서와 달리 영화 예고편 공유가 후기 영화 매출 보다 초기 영화 매출에 

오히려 더 큰 영향을 미친다는 것을 실증하였다는 것에도 연구 의의가 있다.  

세번째 논문은 음악 소비 채널로서의 비디오 공유 소셜 미디어와 관광에 

대한 영향을 고찰한다. 선행 연구들은 영화나 TV 드라마와 같은 문화 

콘텐츠들이 관광객 유입에 긍정적인 영향을 미친다고 주장하고 있다. 비록 

많은 관광 연구자들이 다양한 맥락에서 미디어의 영향에 대한 연구를 

시도하고 있으나 소셜 미디어의 관광 영향에 대한 연구는 여전히 부족한 

상황이다. 특히 음악 소비 채널로서의 소셜 미디어의 역할과 관광에 미치는 

영향에 대한 연구는 부재한 실정이다. 비디오 공유 소셜 미디어가 

엔터테인먼트 상품의 소비 채널로 부상함에 따라 관광의 맥락에서 소셜 

미디어를 통한 비디오 소비 영향에 대한 연구의 필요성이 대두되고 있다. 

기존 소셜 미디어 관련 연구와 미디어가 촉진하는 관광에 대한 연구들을 

확장하여 세번째 논문에서는 한국 대중 음악 소비와 한국으로의 관광객 유입 
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사례를 활용하여 소셜 미디어가 음악 관광에 미치는 영향에 대해 분석한다. 

인구, 무역, 물가, 비자 유무, 지리적 거리 등 각종 관광 영향 요인들을 

통제하여 분석한 결과, 소셜 미디어 상에서의 한국 대중 음악에 대한 시청자 

관여도가 한국으로의 관광객 유입과 유의한 관계가 있다는 것을 실증하였다. 

본 논문은 소셜 미디어 맥락에서의 관광 연구 및 음악 관광 연구의 지평을 

확장하는 한편 음악 산업과 관광 산업간 학제적 연구를 시도하였다는 점에서 

의의가 있다. 또한 관광 연구에서의 자료수집 방법론 뿐만 아니라 관광지 

마케팅 수단으로서의 소셜 미디어의 역할과 관련 관광 연구자들과 관광산업 

마케터들에게도 시사하는 바가 크다.    

 

 

주요어: 비디오 공유 소셜 미디어, 시청자 관여, 음악 관광 

학  번:  2011-3015 
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