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Abstract: An emerging online social interaction feature, Danmu, which overlays viewer comments on
online videos, has become increasingly popular on video-sharing platforms. Danmu comments may
have a social impact on potential viewers’ behavior and thus have important implications for online
video consumption. Drawing on Social Impact Theory, this paper explores how Danmu comments
affect both viewers’ viewing behavior and engagement behavior in online esports videos. Our results
reveal that Danmu comments consistently improved the number of views of esports videos. Danmu
comments also positively influenced the level of viewer engagement, but the size of this impact was
smaller than that on viewers’ viewing behavior. Moreover, Danmu comments played a greater role
in viewers’ viewing behavior of full-length competitive esports matches than that of video clips.
Finally, Danmu comments’ differential impacts on viewers’ engagement behavior between full-length
matches and video clips vary by esports games.
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1. Introduction

Online media content are accessible on a variety of electronic devices with internet
connectivity. Consuming media content has become one of the most popular internet
activities of late: according to a Nielsen survey, 80% of the general U.S. population watched
video content online in 2018 [1]; by the end of 2020, 944 million Chinese users watched
online video content, accounting for 95.4% of all Chinese internet users [2]. The digital
consumption of media content has become a new trend of electronic commerce.

The expansion of online video consumption has been accompanied by innovative
elements intended to attract viewers and to enhance the viewer experience. Features
conducive to online social interaction have seen particularly rapid advances. For instance,
YouTube Live and MLB TV broadcast sport games online offer viewers a chat function,
so fans can cheer for their favorite teams and players or communicate with other viewers
in real time [3]. A more recent interactive feature, Danmu (in Chinese, or Danmaku
in Japanese, translated as “bullet screen” or “barrage” in English), has proliferated on
video-sharing platforms in Asia and particularly in China [4]. Danmu displays moving
real-time viewer comments on the screen rather than beside the video (see Figure 1). It
provides a novel way for viewers to express their reactions, emotions, and opinions about
video content in real time. Danmu essentially creates a co-viewing experience in which
viewers feel as if they are watching alongside their peers [5]. Viewers can use Danmu to
participate in conversations, share knowledge, earn recognition, and develop a sense of
companionship [6,7]. Danmu thus embodies a virtual version of the interaction common
in in-person spectatorship [4,8]. Compared with live chats and chat rooms where viewer
interactions typically occur while synchronously watching live videos, Danmu collects
viewers’ spontaneous reactions to specific video content even if they watch the video at
different times, and displays them on the screen synchronized to the video timeline. Danmu
thus extends the co-viewing atmosphere to an asynchronous environment.

J. Theor. Appl. Electron. Commer. Res. 2023, 18, 441-456. https:/ /doi.org/10.3390/jtaer18010023

https://www.mdpi.com/journal/jtaer


https://doi.org/10.3390/jtaer18010023
https://doi.org/10.3390/jtaer18010023
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/jtaer
https://www.mdpi.com
https://orcid.org/0000-0003-0320-1476
https://orcid.org/0000-0001-8506-2646
https://doi.org/10.3390/jtaer18010023
https://www.mdpi.com/journal/jtaer
https://www.mdpi.com/article/10.3390/jtaer18010023?type=check_update&version=1

J. Theor. Appl. Electron. Commer. Res. 2023, 18 442

blibili = @8 mmes w8 2mm osm ww OTawe A Q
[2021Ms1] 5822R &% DK vs MAD

ERPRIEARERR
666 , 187 BT

(&5

-

= YRIAIS

2 AEER@taocEs), 2075380 @@ & A

>
#

Figure 1. An example of Danmu (Danmu are real-time viewer comments displayed on the screen) on
Bilibili.com (accessed on 22 May 2021).

Danmu was created in 2006 by Niconico, a Japanese video-sharing service. It gained
popularity in the subculture of animation, comics, and games (ACG), where consumers
of these media content often have shared interests and seek community through Danmu
interactions. Danmu was first introduced to China by AcFun (acfun.cn) on 2008, and was
subsequently adopted by Bilibili.com, where its popularity exploded. To date, Danmu
is widely employed by video-sharing platforms in China, and it is available for media
content beyond ACG, including TV series, movies, and sport competitions. Viewers actively
participate in sending Danmu comments. Bilibili, for example, recorded more than 10 billion
Danmu comments posted by over 60 million users as of December 2021 [9]. Meanwhile, few
western media platforms have introduced Danmu as a social interaction feature. Unlike
the Chinese and Japanese, which use a single or a small number of characters to represent a
word, other languages such as English and German are alphabet-based, with longer words
and sentences. Since Danmu flies through comments on the screen, concise writings are
easier to read and are less likely to obscure other viewers’ line of sight. However, with
the increasing use of emotion icons in internet conversations, such as smileys, pictograms,
and emojis, comments in English and other alphabet-based languages are substantially
shortened, which could make Danmu an appealing interaction tool.

In light of the video-sharing platforms” ongoing evolution and emerging social inter-
action features, it is critical to assess the impact of these online interaction tools on viewer
behavior. Such an understanding would present valuable insights for platforms to make
strategic decisions in order to attract and retain viewers. Recent studies in marketing and
information systems have acknowledged the importance of real-time interactive features
for online video-sharing platforms [10,11]. As a novel and emerging feature, Danmu has
also garnered increased academic attention [12,13]. Viewers’ expression of opinions via
comments could create a social impact [14] that leads to changes in other users’ behav-
ior [15]. Drawing on Social Impact Theory [16], this paper investigates the impact of Danmu
comments on the viewing behavior and engagement behavior of online viewers. Using
two popular esports games, League of Legends and Overwatch, as our research subjects,
we sourced data from Bilibili. We performed two sets of analyses to draw conclusions.
First, we examined Danmu comments’ influences on the behavior of online viewers of full-
length professional esports matches. Second, we further scrutinized the effect of Danmu
by comparing full-length matches with esports video clips. In both analyses, we applied a
two-stage least squares regression model with instrumental variables [17-19] to alleviate
endogeneity concerns. Our study thus aims to provide a more holistic understanding
of Danmu’s effectiveness and to offer important practical implications to video-sharing
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platforms whose profits and sustainable development rely heavily on viewership and
viewer experience.

2. Literature Review
2.1. Social Impact Theory

According to Social Impact Theory [16], people (the target)’s behavior, feelings, and
thoughts can be influenced by others’ (influencing group) presence or actions. The impact
results from three social forces: strength, number, and immediacy. Strength considers how
important the influencing group is to the target. Imnmediacy refers to the closeness between
the target and the influencing group. Number refers to the size of the influencing group.

A stream of research in marketing and information systems focuses on the effect of
number, i.e., the size of members in the influencing group, and confirms that the number of
members in the influencing group affects other individuals’ behavior and emotion [20,21].
For instance, the presence of other customers in a shopping isle has a non-linear effect on
shoppers” emotions and their likelihood of using store facilities [20]. Recent studies have
paid closer attention to the social impact from user activities on social platforms [22-24],
and considers the collective opinion expressed by users as an influence group [14]. For
example, the number of user discussions on a movie’s official Facebook page and the
number of comments on YouTube videos both positively predict a movie’s box office
success [25]; the collective opinions on social media impact people’s perception of the
trustfulness of information and their likelihood of sharing the information [14]; in response
to customer online complaints, the favorable experience-based defensive statements by
other consumers along with the positive follow-up comments are effective in changing
potential consumers” attitude towards a brand [26].

Drawing on Social Impact Theory, we examined the social impact created by Danmu.
Danmu comments posted by viewers, whether synchronously or asynchronously, constitute
an influence group. The total volume of comments, i.e., the number, could have an impact
on online esports viewers’ behavior. We tested whether Danmu, an interaction feature
provided by online video platforms, serves as an effective tool to generate social impact. We
further explored the differential impacts of Danmu comments on full-length competitive
esports matches and video clips.

2.2. Studies on Danmu and Online Viewer Interaction

Compared with traditional in-person spectatorship, digital viewership occasionally
lacks connectivity and interaction [27]. Online platforms have thus introduced real-time
interactive features to fulfill consumers’ desire for social interaction [11,28]. For example,
social media and network sites now provide synchronous social interaction and media con-
tent distribution [29]. Through these services, viewers can communicate with other viewers
using a chat function or a chatroom [30]. Viewers can thus instantaneously share their feel-
ings and thoughts about the video content [3]. These real-time interactive features inspire
greater social interaction among viewers while fostering a sense of community [10,31].
In addition, these services offer exciting and interactive features that are absent from
conventional media [32], intensifying viewers’ social well-being and satisfaction [11].

Compared with live chats where timeline-anchored comments are displayed in a
scrolling list next to or beneath the video, Danmu embeds comments in videos. As a
new internet interaction feature, Danmu has garnered extensive attention from scholars
in multiple disciplines [12,13]. The present study is closely related to work exploring
user behavior through a social interaction lens. Within this research stream, two Danmu-
related issues have elicited great interest: why viewers watch videos with Danmu and how
Danmu may affect viewer behavior. Danmu enables viewers to interact with each other
by reading and referring to simultaneously posted comments [8]. Danmu thus creates
an experience in which viewers feel as if they are watching and discussing a video with
others [4]. Viewers appreciate the entertainment, information, feeling of companionship,
and sense of belonging that Danmu offers [5-7,33,34]. Consequently, Danmu increases
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viewers’ perceived social presence and cognitive presence [35]. These outcomes enhance
video popularity [13] in addition to shaping viewers’ loyalty to video-sharing platforms [4].

Research on viewers real-time interaction while watching online videos has tended
to focus on users’ propensity to use interactive features [35] and on users’ perceived
experiences and benefits [4,11]. Only a few studies have directly addressed the economic
value of these interactive features [13]. We bridge this knowledge gap by using real-world
data instead of survey inquiries to capture Danmu’s impact on viewers’ behavior. Hence,
we are able to empirically compare how the intensity of Danmu comments influences the
viewers’ viewing behavior and engagement behavior differently.

2.3. Studies on Sport and Esports Demand

The term “esports” refers to an organized video game competition. Esports spectators
possess similar motives to traditional sport spectators [36,37]. Thus, findings regarding
traditional sport consumers’ behavior offer important insights into understanding esports
consumer behavior. The economic literature on sport demand has referred to game at-
tendance [38,39] and television ratings [40,41] to pinpoint demand factors. A large body
of sport demand literature originated from Rottenberg [42], who distinguished a game’s
outcome uncertainty as a key driver of attendance [43,44]. Other studies have uncovered
additional factors affecting attendance and television viewership, including team quality
and talent [45—47], team rivalry [48,49], and team history [38,50].

Moreover, studies on traditional sport consumers explored consumers” fulfillment of
social and psychological needs through the attending of sport events [51-53]. Sport venues
and sport bars are legitimate sites for social interaction [54-57]. Online sport viewers
relatedly wish to share feelings, thoughts, and information and to gain a sense of group
membership [58]. Online fans therefore engage in conversation via a “second screen” [59]
and live chats [11,58] while watching sport games. Online esports spectators also seek out
socialization opportunities through esports consumption [37,60].

Regarding the online consumption of media content, researchers frequently con-
sider click-based transactions (e.g., the number of views, shares) when evaluating de-
mand [13,61,62]. Another form of click-based transaction, the number of “likes”, serves as
an important measure of consumer engagement [25,63,64]. Online consumer engagement
can be characterized by the level of consumer input [65] and self-expression [25]. The
“like” button enables users to express their support for the products; therefore, clicking
the “like” button connects consumers to the product [25]. Users who click “likes” are more
engaged [64], more likely to use the media content [28], and more likely to spend more on
their “liked” products [64].

Compared with other video contents, the online nature of esports and esports viewers’
desire for social interaction render esports a suitable context to explore the complex impact
of Danmu comments. As a complement to the sport demand literature, we control for
multiple sport demand factors to delineate Danmu comments” effects on esports online
videos. Furthermore, we select two popular esports games to explore whether Danmu
comments’ impacts are affected by game-related characteristics.

3. Hypotheses Development
3.1. The Impact of Danmu Comments on the Behavior of Full-Length Match Viewers

Social Impact Theory serves as an important theoretical foundation for the study of
social viewership. The engagement in the same social environment during TV viewer-
ship affects viewers’ perceptions of, feelings about, and attitudes toward the content [24].
Similarly, co-viewing TV programs with peers affects viewers’ attitudes towards their
consumption behaviors and lifestyles [23]. For digital viewership, Ang et al. find that
the social presence and synchronicity in watching livestreaming induce a more authentic
viewing experience and thus increase viewers’ subscribing intention [22].

Studies on esports highlight viewer demand for socialization opportunities through
game viewing [60,66]. Moreover, viewer demand is an interaction that they perceive as



J. Theor. Appl. Electron. Commer. Res. 2023, 18 445

natural and resembling in-person interaction in the digital space [67]. Given Danmu’s
significance in amplifying the social and cognitive presence [35], we propose the following
hypothesis in the context of professional esports matches.

H1a: The number of Danmu comments has a positive impact on the number of views of full-length
esports matches.

H1b: The number of Danmu comments has a positive impact on the level of viewer engagement
upon watching full-length esports matches.

3.2. The Moderating Effect of a Full-Length Match on the Impact of Danmu Comments

Esports viewers have a strong desire for social interaction. Danmu comments may
also entice viewers into watching shorter esports video clips, such as season highlights and
game reports, as well as into engaging upon watching these videos. Hence, we propose the
following hypotheses.

H2a: The number of Danmu comments has a positive impact on the number of views of esports
video clips.

H2b: The number of Danmu comments has a positive impact on the level of viewer engagement
upon watching esports video clips.

Moreover, video-sharing platforms have to pay a substantial amount of fees for the
right to broadcast and share full-length sport matches [68,69], while teams and leagues can
upload short esports video clips even if the platforms do not obtain the relevant copyrights.
Therefore, it is important for the platforms to understand whether Danmu comments have
different effects on online viewers’ behavior in full-length esports matches and video clips.
This paper thus further investigates whether full-length matches moderate the impact of
Danmu comments on online viewers’ behavior.

Although the overall impact of Danmu comments on online viewers’ behavior may
be positive, the impact of Danmu comments may be complex. On one hand, Danmu can
enrich viewers’ perceived benefits by creating a co-viewing experience; on the other hand,
Danmu comments may cover the screen and obscure viewers’ line of sight [33], thereby
detracting from the viewer experience. Intuitively, the sizes of these opposite effects may
vary between full-length matches and shorter videos.

Viewers of sport competitions consume the core sport product, such as on-field per-
formance and game outcomes, which are unpredictable [70,71]. Sport consumers are also
motivated by the social interaction available during the watching of the sport [51,52,58].
Sport competitions thus provide viewers with a more intense emotional experience [70,72].
This leads to more pronounced social impacts of the Danmu comments in full-length
matches than in shorter video clips, including the positive impact from the socializing
environment and the negative impact from excessive interaction. This positive impact of the
Danmu comments is expected to be stronger in affecting viewers’ decisions to watch media
content. The negative impact from excessive overlaid comments could hinder viewers’
abilities to enjoy the video, and thus it is expected to be stronger in discouraging viewers
to participate in post-viewing engagement. This negative impact is further amplified in
full-length matches compared with video clips. For example, when Danmu comments are
overloaded on the screen in the key moments of an esports match, viewers might annoyed
or even frustrated for not being able to enjoy the play due to other viewers’ activities. We
thus propose the following hypotheses.

H3a: Compared with esports video clips, the positive effect of the number of Danmu comments on
the number of views would be stronger for full-length esports matches.

H3b: Compared with esports video clips, the positive effect of the number of Danmu comments on
the level of viewer engagement upon watching would be weaker for full-length esports matches.
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4. Methodology
4.1. Data and Research Context

Our data consisted of videos from Bilibili.com on two prominent esports games,
League of Legends and Overwatch. League of Legends is a popular multiplayer online
battle arena game where each player controls a character and kills enemies to earn points.
Overwatch, on the other hand, is a first-person shooter game. While a number of esports
games have gained huge popularity in China, given the availability of data, these two
games appear most suitable for the purpose of our study. League of Legends has developed
an established tournament structure, while Overwatch continues to regularly update its
tournament structure and competition rules. As it is described in Table 1, these two games
differ in their genre, history, and popularity. Comparing these games enabled us to assess
the impacts of game-related factors on Danmu’s effectiveness.

Table 1. Esports Games and Bilibili Channels.

Bilibili Bilibili

Game Game Type Channel Subscribers Sample Period Full-Length Matches
League of Legends Pro
League(LPL)
. League of 15 January World Championship
League of Mu'ltlplayer Legends Live 7,592,000 2018-22 May 2021 Mid-Season Cup (MSC)
Online Battle . o
Legends A (MOBAs) Mid-Season Invitational(MSI)
rena s Rift Rivals
League of 6 September
Legends 2/411,000 2017-22 May 2021
i Overwatch Live 660,000 10 February The Overwatch League (OWL)
First-Person ’ 2019-23 May 2021
Overwatch Shooters
(FPS) Overwatch 126,000 11 September

2018-20 May 2021

Bilibili.com hosts both official esports game channels and individual content producers.
Videos posted by unofficial content producers vary substantially in their topics, styles, and
qualities. To avoid variations in the aforementioned attributes that are hard to measure, we
focused on official videos and gathered data from four official channels on Bilibili.com: two
official channels that release full-length matches shortly after the matches are concluded,
as well as some pre-game and post-game shows, and two official channels that release
game-related videos, such as highlights, trailers, and news. For full-length matches, our
data covered one domestic professional league (League of Legends Pro League) and four
international tournaments (World Championship, Mid-Season Cup, Mid-Season Invita-
tional, and Rift Rivals for League of Legends). Our data also contained full-length matches
for one professional league, the Overwatch League, an international league with a regular
season and playoffs. Table 1 lists leagues and tournaments as well as the four channels
from which we acquired data.

Our data contained information on the total number of views, total number of “likes”,
and total number of Danmu comments on each video at the point of data collection. On
Bilibili, registered users that have completed account verification can post Danmu com-
ments. Users with different experience levels face different word limits: less experienced
users can only post up to 20 characters, while more experienced users can write up to
100 characters in each comment. This policy is intended to prevent comments posted by
scam accounts that could adversely impact other viewers’ viewing experience. We also
gathered other video-related information, including the date and time of video publication,
video length, the number of labels attached to the video, and the number of characters in
the video description.
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We obtained team- and game-level performance information from Liquipedia.com and
Wanplus.com. Liquipedia.com is a community-based English-language website that relies
on user-contributed content. Wanplus.com is a Chinese website that collects game statistics
through data mining. Wanplus.com also creates metrics that reflect esports performance
and teams’ market value. We identified each esports team’s total number of wins and total
number of losses in each league and tournament. We gathered the results of each match
as well.

4.2. Econometric Models

We performed two sets of regression analyses to investigate the impacts of Danmu
comments on viewers’ viewing behavior and post-viewing engagement. In the first set of
analyses, while controlling for team quality and game outcome, we examined the influence
of Danmu comments on full esports matches. In the second model, we compared the
influence of Danmu comments on full-length matches and on esports video clips.

4.2.1. The Impact of Danmu Comments on the Behavior of Full-Length Match Viewers

When examining the behaviors of viewers of full-length esports matches, we are able
to control for important sport demand factors, such as match quality and team quality.
These factors, however, are not always present for short video clips, which may cover
season previews or weekly summaries. In addition, platforms have to acquire copyrights
to broadcast full-length sport matches [68,69], so it is important for the platforms to under-
stand how Danmu comments may impact full-length match viewers’ behavior. Therefore,
we first focus on a subsample involving only the full-length esports matches. We estimated
the following equations to explore factors influencing a full esports match’s number of
views and the number of “likes”:

Log(View;;) = ag + a1 Team1,yyin,, | + a2Team2,yiy, | + oc3Nwindiffl_t_1 1)
+as%Pt_dif fiy + asLog(Danmuy) + ae X + €
Log(Likesjt) = ag + ay Team1,yin,, , + apTeam2yin,, | + azNwinggr,

2
+as%Pt_dif fiy + asLog(Danmuy) + ag X + € @

In Equation (1), View;; denotes the total number of views for match i in season t on
Bilibili. Similarly, in Equation (2), Likes;; denotes the total number of “likes” on a given
match. The number of views measures viewers’ viewing behavior [61], and the number
of “likes” measures viewer engagement upon watching the media content [25,63]. The
dependent variables were log transformed in both equations. Our main variable of interest
was the total number of Danmu comments per game (Danmu;;); this variable was also log
transformed due to the large number of comments (Log(Danmu;;)). To measure the quality
of two competing teams, we included each team’s net number of wins in the previous sea-
son for the same league or tournament (Team1,,yy, , and Team2,;y., ). The net number
of wins was defined as the total number of wins minus the total number of losses by a team
in a season. Following Rottenberg [42], who noted that outcome uncertainty can affect de-
mand for a game, we measured the predictability of game results by the difference in teams’
abilities. Specifically, we incorporated the absolute difference between the two teams’ per-
formance in the prior season (Nwin_dif fi; 1 = |Team1_nwiny;_1 — Team2_nwin;;_1]). The
match result, measured by the percentage difference between the two teams (%Pt_dif f;;),
was included in our models as well. Because some matches involved a different number of
rounds, we first took the difference in two teams’ final points (i.e., rounds won) and then
divided this figure by the total number of rounds played in the match.

In Equations (1) and (2), X;; contains a set of esports game-level controls as well as
video-specific information. Game-level controls included whether the game was a playoff
game, qualifier, group stage, quarterfinal, semifinal, or final game. These controls conveyed
the match’s significance [38]. Video-specific controls included the length of the video
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measured in seconds, the number of characters in the video description, and the number of
labels attached to the video.

4.2.2. Moderating Effect of Full-Length Match on the Impact of Danmu Comments

In this analysis, we compared the effects of Danmu on full-length esports matches and
esports video clips. The observations therefore covered all videos published by the four
studied channels.

Log(View;) = Bo + B1Log(Danmu;) + BoFullgame; + B3Log(Danmu;) x Fullgame; 3)
+B4Top5; + PsX; + €
Log(Likes;) = Bo + B1Log(Danmu;) + BaFullgame; + BzLog(Danmu;) x Fullgame;

+B4Top5; + BsX; + € ()

Similar to Equations (1) and (2), the dependent variables were the log-transformed
number of views and number of “likes” of each esport-related video in Equations (3) and (4),
respectively. Log(Danmu;) denotes the log-transformed number of Danmu comments over-
laid on video i. Fullgame; indicates whether the video is a full esports match on Bilibili. We
integrated an interaction term between log(Danmu;) and Fullgame; to determine whether
Danmu comments influenced viewers of full-length match videos differently than viewers
of esports video clips.

Among observations of esports video clips, we specified one additional video type,
Top5; which indicates whether the video is a top 5 highlight that the official channels
regularly feature. X is a vector of controls. For League of Legends, we included six dummy
variables to control for different leagues and tournaments discussed in a video—League of
Legends Pro League, World Championships, Mid-Season Cup, Mid-Season Invitational,
Rift Rivals, and all-star events. For Overwatch, we included four dummy variables to
identify the Overwatch League, Overwatch Contenders, World Cup, and all-star events.
Additionally, we controlled for whether the video involved a preseason, playoff, qualifier,
group stage, quarterfinal, semifinal, or final game. All of these variables were created based
on labels attached to the videos as well as the keywords extracted from video titles. Similar
to Equations (1) and (2), we considered the length of the video, the number of characters in
the video description, and the number of labels attached to the video. Lastly, we controlled
for the year the video was published to capture year-specific characteristics in viewers’
viewing behavior and the engagement behavior.

4.2.3. Identification Strategy: Two-Stage Least Squares with an Instrumental Variable

The number of Danmu comments and the number of views were jointly determined
in Equations (1) and (3). Viewers can only leave Danmu comments after watching at
least part of a video. Hence, videos with a higher number of views are likely to include a
larger number of Danmu comments. The number of Danmu comments is also likely to be
endogenous in Equations (2) and (4) regarding viewers’ engagement behavior; for instance,
viewers who are more pleased with a video and click the “like” button are more apt to
leave Danmu comments.

To address the endogeneity concern about the Danmu; variable, we employed two-
stage least squares regressions with an instrumental variable [17-19]. We used the number
of Danmu comments posted on the previous full-length match or videos from the same
Bilibili channel as the instrument. An instrumental variable must satisfy two conditions:
first, the instrument needs to be correlated with the endogenous variable; and second, the
instrument needs to be uncorrelated with the error term. The volume of Danmu comments
on a Bilibili channel was found to exhibit time series patterns; that is, the lagged number of
Danmu comments was correlated with the number of Danmu comments on a given video.
Conversely, the number of Danmu comments in the previous video was unlikely to affect
the viewing behavior and post-viewing engagement behavior of the viewers of the current
video. Therefore, the lagged volume of Danmu comments represented a valid instrument.
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4.3. Summary Statistics

Table 2 displays the summary statistics of key variables included to estimate Danmu
comments” impact on full esports matches (Equations (1) and (2)). Table 3 presents summary
statistics for key variables in the analyses of the moderating effect of a full-length match on
Danmu comments’ impact (Equations (3) and (4)). The average number of views was much
greater than the average number of likes for both League of Legends and Overwatch. In
addition, the average number of Danmu comments was much larger for League of Legends
than for Overwatch. This discrepancy is likely due to these games’ disparate popularity.
Moreover, for both games, the average number of Danmu comments was much greater for
full-length matches than for the full sample. This distinction is presumably due to a full
esports game’s longer video length, but could also reflect viewers’ desire to post Danmu
comments while watching a full-length esports match.

Table 2. Summary Statistics of Full Esports Matches.

League of Legends Overwatch
Mean SD Min Max Mean SD Min Max
View;; 520,772 1,011,874 12,211 20,735,433 53,164 67,567.14 1151 860,857
Likes; 6707 12,714.71 290 304,700 976.10 1238.03 82 23,787
Team1_nwing_q 1.90 6.26 —15 17 0.16 9.02 -17 25
Team2_nwin;_ 112 6.52 —16 17 0.48 8.58 —17 25
Nwin_dif fi; 1 5.82 5.54 0 32 10.57 8.26 0 38
%Pt_dif fi 0.80 0.30 0.20 1 0.63 0.32 0.14 1
Danmuj 8494 17,188.80 46 343,987 1295.73 1705.13 3 18,898
N 1337 749
Table 3. Summary Statistics of All Esports-Related Videos.
League of Legends Overwatch
Mean SD Min Max Mean SD Min Max
View; 273,914 737,324.10 184 20,735,433 38,715 84,316.89 925 2,478,910
Likes; 6473 18,963.26 8 554,856 886.10 1749.01 33 55,178
Danmu; 2915 9910.10 0 343,987 747.40 1485.77 0 18,898
Fullgame; 0.27 0.44 0 1 0.52 0.50 0 1
Top5; 0.11 0.31 0 1 0.06 0.24 0 1
N 5833 1453

5. Regression Results
5.1. Estimated Effects of Danmu Comments’ Impact on the Behavior of Full-Length Match Viewers

Table 4 shows the regression results for Equations (1) and (2). The regression models of
League of Legends included 1331 observations, and the regressions of Overwatch included
463 observations. These regressions mainly tested Danmu comments’ effects on the number
of views of full-length esports matches and viewer engagement after watching the games.
Although we incorporated several control variables into this analysis, due to limitations
in table space, we only reported estimates for the key variables of interest in Table 4. The
main results demonstrate several intriguing patterns.

For both League of Legends and Overwatch, the estimated coefficients of Log(Danmuu;; )
were positive and statistically significant. Specifically, a 1% increase in the number of
Danmu comments led to an approximate 0.66% increase in the number of views and a
roughly 0.27% increase in the number of likes for League of Legends (vs. an approximately
0.92% increase in the number of views and about a 0.69% increase in the number of likes
for Overwatch). These results highlight Danmu comments’ positive impact on the number
of views of a full-length match and viewers’ post-game engagement irrespective of game
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type. This finding lends support to both Hla and H2a. This finding is also consistent
with that of [8,13], who found the number of Danmu comments to be a major predictor of
video popularity. Moreover, this positive effect of Danmu comments was stronger on the
number of views than on the number of “likes”. Viewers may choose to watch an esports
match out of curiosity without being familiar with the match quality, such as teams’ actual
performance or the excitement of the match. A socially interactive environment would thus
inform potential viewers’ decision to watch. However, viewers’ post viewing engagement
was also heavily dependent on the video content; Danmu comments thus had a weaker
influence on the number of “likes” than on the number of views.

Table 4. Estimated Effects on Full Esports Match Viewer Behavior.

League of Legends Overwatch
Views Likes Views Likes
log(Danmiy) 0.6572 *** 0.2722 ** 0.9225 *** 0.6917 ***
it (6.80) (2.07) (13.13) (10.34)
Team1 nwin: 0.0232 *** 0.0282 *** —0.0011 —0.0031
- (4.61) (3.99) (—0.63) (—1.61)
Team? nwin: 0.0188 *** 0.0206 *** —0.0020 —0.0040
— =1 (4.66) (3.61) (—0.82) (—1.60)
Nowin_diffy_ —0.0053 ** —0.0108 *** 0.0001 0.0042
-/ Jit-1 (—2.12) (—2.86) (0.06) (1.64)
o . 0.1660 *** 0.4041 *** 0.1365 ** 0.1212*
foPt_dif fi (3.48) (5.30) 2.07) (1.74)
Game-level Characteristics Included Included Included Included
Video Specific Information Included Included Included Included
Adjusted R-squared 0.89 0.69 0.81 0.65
N 1331 1331 463 463

Notes: (1) t value in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.10; (2) The first game is dropped from the
estimation due to the lack of a lagged variable; (3) All models include game-level characteristics and video
specific information. Most of their estimation results are not statistically or economically significant. Due to space
limitations, the estimated results on game-level and video specific control variables are not reported in this table.

As indicated in Table 4, the effect of esports performance varied between the two games.
For League of Legends, the estimated coefficients of Team1_nwin;; 1 and Team2_nwin;_q
were positive and statistically significant, implying that teams’ performance in the previous
season heightened both the total number of views and the total number of likes. Therefore,
similar to traditional sport [45,47,73], team quality appeared to positively influence esports
viewership. The variable measuring the difference in teams’ performance, Nwin_dif fi;_1,
was negative and statistically significant. Variation in team quality therefore reduced both
the number of views and viewer’s level of post-game engagement. When the quality differ-
ence between the two teams was large, the outcome of the game became more predictable.
Hence, the negative estimated effect of the Nwin_dif f;;_, variable substantiated the un-
certainty of the outcome hypothesis [42] in the esports setting. Meanwhile, the estimated
coefficient of %Pt_dif f;; was positive and statistically significant, implying that viewers
preferred to watch an esports match with wider result margins.

By contrast, for both estimations involving Overwatch, none of the estimated coeffi-
cients of Team1_nwin;_q, Team2_nwin;;_q, or Nwin_dif fj;_1 was statistically significant.
More precisely, neither team quality nor outcome uncertainty affected the viewership of
Overwatch games or the viewer engagement after the game. These discordant findings
on the effect of sport performance may result from the difference between the two games.
Having launched its first professional tournament in 2011, League of Legends boasts more
comprehensive rules of play and a more stable tournament structure. Overwatch had its
first professional season in 2018 and has continued to update its tournament structure
as well as other features each season. Overwatch League teams thus have much less
competitive experience, such that their past performance holds less predictive power for
future performance. As in studies of traditional sport, teams with a longer history enjoy
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a larger loyal fan base and stronger game demand [38,50]. The Overwatch League, as a
rising esports league, is likely to have relatively more new viewers with limited knowledge
of teams’ quality and past performance. Consequently, neither teams’ past performance
nor performance-based differences affected the number of views and number of “likes”.
However, the coefficient of %Pt_dif f;; was positive and statistically significant, echoing
the findings for League of Legends: viewers again favored an esports match with larger
result margins regardless of game type.

5.2. Estimated Moderating Effect of Full-Length Match on the Impact of Danmu Comments

Table 5 outlines the estimation results of Equations (3) and (4), which estimate the
moderating effect of full-length match on the impact of Danmu Comments. When including
all esports video clips, such as match or season highlights and game reports, our sample for
League of Legends had 5881 observations and our sample for Overwatch had 1452 observa-
tions. For esports video clips that were rarely match-specific, unlike Equations (1) and (2),
variables used to assess competing teams’ past performance and match outcomes were
excluded from these estimations.

Table 5. Estimated Moderating Effects of Full-length Match on the Impact of Danmu.

League of Legends Overwatch
Views Likes Views Likes
log(Danmu;) 0.7044 *** 0.5912 *** 0.4263 *** 0.3055 ***
! (42.06) (33.69) (9.24) (8.18)
Fullgame; —1.3940 *** 0.8206 * —2.4490 *** —1.7820 ***
! (—3.69) (1.95) (—6.55) (—5.51)
log(Danmu;) x Fullgame; 0.1241** —0.2540 *** 0.3054 *** 0.1737 ***
! ! (2.49) (—4.038) (4.51) (3.04)
Top5, 0.2713 *** 0.0769 ** 0.4707 *** 0.3008 ***
i (10.21) (2.57) (6.94) (5.51)
Game-level Characteristics Included Included Included Included
Video Specific Information Included Included Included Included
Adjusted R-squared 0.82 0.79 0.79 0.70
N 5881 5881 1452 1452

Notes: (1) t-value in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.10; (2) Two observations are dropped due to the
lack of observation for the lagged variable in the first observation; (3) All models include game-level characteristics
and video specific information. Most of these estimates are not statistically or economically significant. Due to
space limitations, these results are omitted from the table.

The results revealed more striking impacts from Danmu comments. The estimated
coefficients of Log(Danmu;) were positive and statistically significant in all models, imply-
ing that Danmu comments could increase the total number of views and the total number
of “likes” for video clips of both games. These results support both H2a and H2b. More-
over, the coefficients of the interaction between Danmu comments and full-length matches,
Log(Danmu;) x Fullgame;, were positive and statistically significant in the estimations of
the number of views for both games. In other words, compared with video clips such
as highlights and game news, Danmu comments played a greater role in increasing the
number of views of full-length esports matches, which lends support to H3a. Regarding
the estimations of viewers’ post-viewing engagement, whereas the estimated coefficient
of Log(Danmu;) x Fullgame; remained positive for Overwatch, it was negative in the
League of Legends regression. Therefore, H3b is only supported in the analysis of League
of Legends.

Overall, Danmu can create an immersive experience and enhance viewers’ perceived
benefits by promoting social interaction [4]. However, an overly high number of Danmu
comments can limit observers’ view of the screen [33], making the viewing experience less
enjoyable. The intensified emotional experience during competitive game viewing [70,72]
can amplify both the positive and negative influences of Danmu comments. When viewers
were simply deciding whether to watch an esports-related video, the positive impact of
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a socially engaged viewing environment outweighed the negative impact from excessive
interaction. Hence, compared with video clips, the positive impact of Danmu comments
on the number of views is greater that on full-length matches. Contrarily, viewers’ post
watching engagement can be affected by their in-video viewing experience. League of
Legends, a popular game with a large loyal fan base, usually received many Danmu
comments, which can obscure viewers’ line of sight [33]. Such an adverse impact of
Danmu comments can manifest in a competitive match’s viewing environment, leading
to a negative estimated coefficient on the Log(Danmu;) x Fullgame; variable. Overwatch
is a comparatively new game with fewer loyal fans. Many viewers are less familiar with
this game and derive more pleasure from interacting with other viewers. Therefore, for
Overwatch, we still observed an overall positive moderating effect of full-length match on
the positive impact of Danmu on viewers’ post-viewing engagement.

The Fullgame; dummy variable was negative and statistically significant in the es-
timations on the number of views for both games. It was also negative and statistically
significant in the estimation on the number of “likes” for Overwatch. Thus, the number of
views on video clips was higher than the views on full-length matches, conditioned on other
video-specific characteristics. Official game channels regularly publish the top 5 weekly,
monthly, and season highlights, as reflected by the Top5; dummy variable. The estimated
coefficients of this variable were positive and statistically significant in all regressions.

6. Discussion and Conclusions

We explored the social impacts generated from Danmu, a novel online social inter-
action feature, on the behaviors of viewers of online videos. Specifically, we considered
two popular esports games (League of Legends and Overwatch) while controlling for
traditional sport demand factors to identify Danmu comments’ impact.

We first limited our analysis to full esports matches to explore the effects of Danmu
comments on the number of views of full-length matches and post-game viewer engage-
ment. The results suggested that the volume of comments in the form of Danmu, which
can generate an atmosphere well-suited to social interaction and increased viewers’ per-
ceived social and cognitive presence [35], improved both the number of views of full-length
esports matches and the level of post-viewing viewer engagement. Danmu comments
demonstrated stronger positive impact in attracting viewers to watch a full esports match
than encouraging them to participate in post-viewing engagement.

To compare the impact of Danmu on full esports matches with its impact on video
clips, we subsequently expanded our sample to cover all videos released by the official
game channels. Danmu comments similarly improved the number of views and the level of
post-viewing viewer engagement for esports video clips. Moreover, Danmu comments had
a stronger positive effect on the number of views of full-length matches than of video clips.
However, for League of Legends, compared to viewers of video clips, Danmu comments
demonstrated a weaker positive impact encouraging full-length match viewers to engage
upon watching.

Our results present valuable insight into viewers’ decision-making processes when
consuming online media content. Potential viewers may perceive Danmu comments as an
opportunity to socialize. A higher number of Danmu comments thus makes online videos
more appealing to potential viewers. However, intensive in-video discussion may not
necessarily correspond to high video quality. Even with myriad socialization opportunities,
a poor-quality video or uninteresting content will not satisfy viewers. Thus, the positive
impact of Danmu comments appears weaker on viewer’s engagement behavior than on
their viewing behavior. Moreover, as a means of creating in-video interaction, Danmu
has benefits and drawbacks. On one hand, Danmu can enrich viewers’ perceived benefits
by creating a co-viewing experience; on the other hand, Danmu comments may cover
the screen and obscure viewers’ line of sight [33], thereby detracting from the viewer
experience. This disadvantage has a more pronounced effect on the viewers’ engagement
post-watching than in attracting potential viewers.
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We further discovered that content-specific characteristics may influence Danmu
comments’ effectiveness in affecting viewer behavior. Danmu comments play a prominent
role in boosting the number of views on full-length media content about novel topics
compared with content that has a longer history and an established viewer base. With
limited information otherwise, the number of Danmu comments can pique potential
viewers’ curiosity for esoteric content.

Our study has several important theoretical implications. While our study affirms the
applicability of Social Impact Theory in studying digital social viewing [22], we extended
the application of the theory by testing the social impact created through Danmu on two
types of behavior, viewers’ decisions to watch, i.e., the number of views, and viewers’
decisions to engage post-watching: the number of “likes”. Our findings highlight the
differential impact of Danmu on viewer’s viewing behavior and engagement behavior. Our
findings also uncover conditions under which social impact factors lead to different levels
of positive outcome.

Our research also offers practical guidance for video-sharing platforms whose rev-
enues are heavily dependent on viewership and viewer experience. First, these platforms
should acknowledge the importance of improving social interaction in online viewership
and the effectiveness of Danmu in creating virtual socialization opportunities. Video-
sharing websites in other markets, especially those that target a younger generation of
viewers who usually demand a sense of belonging and community through online view-
ing, could thus consider introducing this type of social interaction tool that is pervading
platforms in Asia. Second, since excessive viewer interaction can potentially hamper their
experiences, platforms should incorporate Danmu with caution. For example, platforms
could set a maximum number of Danmu comments that could be overlaid on the screen.
Platforms could also develop and strengthen Danmu policy and guidelines to ensure that in-
appropriate comments such as harassment, cyberbullying, and scams are forbidden. Lastly,
platforms need to take into consideration the characteristics of the video content while
employing the Danmu feature, as the impact of Danmu could vary by the media content.

This research has several limitations that leave room for future work. First, our pa-
per solely considers the volume of Danmu comments. The content of the comments also
likely affects other viewers” behavior. For example, heated discussions with arguments
and conflicts could have vastly different impacts on viewer behavior than friendly and
engaging discussions. Future research could examine not only the volume, but also the
topic and sentiment of Danmu comments in order to obtain a more comprehensive under-
standing of the social impact from Danmu. Second, our data source, Bilibili.com, does not
publish viewer information. Although we endeavored to provide evidence on the roles
of viewer characteristics by comparing two esports games with varying popularity and
history, we could not directly test whether viewers’ personal knowledge of and experiences
with the video content colored Danmu’s effects. Subsequent studies can refer to data on
viewer-oriented information to more thoroughly investigate the factors contributing to the
viewership of online videos and post-viewing engagement. Lastly, the anonymous nature
of Danmu comments warrants further careful examination. On one hand, anonymous
Danmu comments enable viewers to express their spontaneous and honest opinions. On the
other hand, such anonymous communications are more likely to prompt false information
or messages that are not properly vetted. Future work could investigate the trustworthiness
of Danmu comments and how they impact other viewers’ behavior.

Author Contributions: Conceptualization, F.L. and W.W.; methodology, FL. and W.W.; software,
W.W. and W.L,; validation, EL., WW. and W.L.; formal analysis, W.W.; investigation, W.W.; resources,
F.L.; data curation, EL.; writing—original draft preparation, W.W.; writing—review and editing, FL.;
visualization, W.L.; supervision, F.L.; project administration, F.L.; funding acquisition, EL. All authors
have read and agreed to the published version of the manuscript.

Funding: National Natural Science Foundation of China: 71702109; Philosophy and Social Science
Foundation of Shenzhen: SZ2020C009.


Bilibili.com

J. Theor. Appl. Electron. Commer. Res. 2023, 18 454

Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.
Data Availability Statement: The data used on this study can be found on Bilibili.com.

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Nielsen., U.S. Video 360 Report. 2018. Available online: https:/ /www.nielsen.com/us/en/insights/report/2018/video-360-2018
-report/ (accessed on 27 August 2018).

2. China Internet Network Information Center (CONNIC). China Internet Audio & Video; CONNIC: Beijing, China, 2021.

3. Scheibe, K.; Fietkiewicz, K.J.; Stock, W.G. Information behavior on social live streaming services. J. Inf. Sci. Theory Pract. 2016, 4,
6-20. [CrossRef]

4. Fang, J.; Chen, L.; Wen, C.; Prybutok, V.R. Co-viewing experience in video websites: The effect of social presence on e-loyalty. Int.
J. Electron. Commer. 2018, 22, 446-476. [CrossRef]

5. Chen, Y,; Gao, Q.; Rau, P-L.P. Watching a movie alone yet together: Understanding reasons for watching Danmaku videos. Int. J.
Hum.-Comput. Interact. 2017, 33, 731-743. [CrossRef]

6. Chen, Y,; Gao, Q.; Yuan, Q.; Tang, Y. Facilitating students’ interaction in MOOCs through timeline-anchored discussion. Int. .
Hum.-Comput. Interact. 2019, 35, 1781-1799. [CrossRef]

7. Li, Y; Guo, Y. Virtual gifting and danmaku: What motivates people to interact in game live streaming? Telematics. Inform. 2021,
62,101624. [CrossRef]

8. He, M;; Ge, Y,; Wu, L.; Chen, E.; Tan, C. Predicting the popularity of DanMu-enabled videos: A multi-factor view. In Proceeding
of the 21th International Conference on Database Systems for Advanced Applications, Dallas, TX, USA, 16-19 April 2016; Springer:
Berlin/Heidelberg, Germany, 2016; pp. 351-366.

9. Bilibili 2021 “Danmu”; Bilibili: Shanghai, China; Chinese Academy of Social Science: Beijing, China; The People’s Literature
Publishing House: Beijing, China, 2021.

10. Hilvert-Bruce, Z.; Neill, ].T.; Sjoblom, M.; Hamari, J. Social motivations of live-streaming viewer engagement on Twitch. Comput.
Hum. Behav. 2018, 84, 58-67. [CrossRef]

11. Kim, H.S.; Kim, M. Viewing sports online together? Psychological consequences on social live streaming service usage. Sport
Manag. Rev. 2020, 23, 869-882. [CrossRef]

12.  Bai, Q.; Hu, Q.; Fang, E; Ge, L.; He, L. Topic Detection with Danmaku: A Time-Sync Join NMF Approach. Database and Expert Systems
Applications; Springer: Berlin/Heidelberg, Germany, 2018; pp. 428—435.

13. Wang, F; Fu, X,; Sun, Z. A Comparative Analysis of the Impact of Barrage and Comments on Video Popularity. IEEE Access 2021,
9, 164659-164667. [CrossRef]

14. Li, H,; Sakamoto, Y. Social impacts in social media: An examination of perceived trustfulness and sharing of information. Comput.
Hum. Behav. 2014, 41, 278-287. [CrossRef]

15. Cialdini, R.B.; Goldstein, N.J. Social influence: Compliance and conformity. Annu. Rev. Psychol. 1981, 55, 591-621. [CrossRef]

16. Latané, B. The psychology of social impact. Am. Psychol. 1981, 36, 343-356. [CrossRef]

17.  Angrist, J.; Pischke, ].-S. Mastering Metrics: The Path from Cause to Effect; Princeton University Press: Princeton, NJ, USA, 2014.

18. Basmann, R.L. A generalized classical method of linear estimation of coefficients in a structural equation. Econometrica 1957, 25,
77-83. [CrossRef]

19. Theil, H. Principles of Econometrics; John Wiley: New York, NY, USA, 1971.

20. Argo,].J; Dahl, D.W.; Manchanda, R.V. The Influence of a Mere Social Presence in a Retail Context. J. Consum. Res. 2005, 32,
207-212. [CrossRef]

21. Oc, B,; Bashshur, M.R. Followership, leadership and social influence. Leadersh. Q. 2013, 24, 919-934. [CrossRef]

22. Ang, T.; Wei, S.; Anaza, N.A. Livestreaming vs pre-recorded: How social viewing strategies impact consumers’ viewing
experiences and behavioral intentions. Eur. J. Mark. 2018, 52, 2075-2104. [CrossRef]

23.  McCullough, J.L. The Role of Coviewing in the Development of Materialistic Attitudes. Commun. Res. Rep. 2014, 31, 92-101.
[CrossRef]

24. Shin, D.H.; Roh, O. Social television and locus of control: Interactivity effects on cognition and behavior. Soc. Behav. Personal. Int.
J. 2016, 44, 1671-1686. [CrossRef]

25.  Oh, C,; Roumani, Y.; Nwankpa, ] K.; Hu, H.-F. Beyond likes and tweets: Consumer engagement behavior and movie box office in
social media. Inf. Manag. 2017, 54, 25-37. [CrossRef]

26. Hutzinger, C.; Weitzl, W.]. Co-creation of online service recoveries and its effects on complaint bystanders. J. Bus. Res. 2021, 130,
525-538. [CrossRef]

27. Pedersen, PM.; Laucella, P.C.; Kian, E.; Geurin, A.N. Strategic Sport Communication; Human Kinetics: Champaign, IL, USA, 2018.

28. Pagani, M.; Mirabello, A. The Influence of Personal and Social-Interactive Engagement in Social TV Web Sites. Int. ]. Electron.

Commer. 2011, 16, 41-68. [CrossRef]


Bilibili.com
https://www.nielsen.com/us/en/insights/report/2018/video-360-2018-report/
https://www.nielsen.com/us/en/insights/report/2018/video-360-2018-report/
http://doi.org/10.1633/JISTaP.2016.4.2.1
http://doi.org/10.1080/10864415.2018.1462929
http://doi.org/10.1080/10447318.2017.1282187
http://doi.org/10.1080/10447318.2019.1574056
http://doi.org/10.1016/j.tele.2021.101624
http://doi.org/10.1016/j.chb.2018.02.013
http://doi.org/10.1016/j.smr.2019.12.007
http://doi.org/10.1109/ACCESS.2021.3134104
http://doi.org/10.1016/j.chb.2014.08.009
http://doi.org/10.1146/annurev.psych.55.090902.142015
http://doi.org/10.1037/0003-066X.36.4.343
http://doi.org/10.2307/1907743
http://doi.org/10.1086/432230
http://doi.org/10.1016/j.leaqua.2013.10.006
http://doi.org/10.1108/EJM-09-2017-0576
http://doi.org/10.1080/08824096.2013.846255
http://doi.org/10.2224/sbp.2016.44.10.1671
http://doi.org/10.1016/j.im.2016.03.004
http://doi.org/10.1016/j.jbusres.2019.10.022
http://doi.org/10.2753/JEC1086-4415160203

J. Theor. Appl. Electron. Commer. Res. 2023, 18 455

29.

30.
31.

32.

33.

34.

35.

36.
37.

38.
39.
40.
41.

42.
43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.
57.

58.

59.

60.

Briindl, S.; Hess, T. Why do users broadcast? Examining individual motives and social capital on social live streaming platforms.
In Proceedings of the 20th Pacific Asia Conference on Information Systems, Chiayi, Taiwan, 27 June-1 July 2016; pp. 332-348.
Seo, Y. Professionalized consumption and identity transformations in the field of eSports. J. Bus. Res. 2015, 69, 264-272. [CrossRef]
Chen, C.-C,; Lin, Y.-C. What drives live-stream usage intention? The perspectives of flow, entertainment, social interaction, and
endorsement. Telemat. Inform. 2018, 35, 293-303. [CrossRef]

Li, B.; Guan, Z.; Chong, A.Y.; Hou, F. What drives people to purchase virtual gifts in live streaming? The mediating role of flow.
In Proceedings of the 22nd Pacific Asia Conference on Information Systems, Yokohama, Japan, 26-30 June 2018; pp. 3434-3447.
Li, B.; Naraine, M.L.; Zhao, L.; Li, C. A Magic “Bullet”: Exploring Sport Fan Usage of On-Screen, Ephemeral Posts During Live
Stream Sessions. Commun. Sport 2021, 1-22. [CrossRef]

Ma, X.; Cao, N. Video-based evanescent, anonymous, asynchronous social interaction: Motivation and adaption to medium. In
Proceedings of the 2017 ACM Conference on Computer Supported Cooperative Work and Social Computing, Portland, OR, USA,
25 February-1 March 2017; pp. 770-782.

Yao, Y.; Bort, J.; Huang, Y. Understanding Danmaku’s potential in online video learning. In Proceedings of the 2017 CHI
Conference Extended Abstracts on Human Factors in Computing Systems, Denver, CO, USA, 6-11 May 2017; pp. 3034-3040.
Hamari, J.; Sjoblom, M. What is eSports and why do people watch it? Internet Res. 2017, 27, 211-232. [CrossRef]

Pizzo, A.D.; Baker, B.J.; Na, S.; Lee, M.A.; Kim, D.; Funk, D. eSport vs. sport: A comparison of spectator motives. Sport Mark. Q.
2018, 27, 108-123.

Borland, J.; MacDonald, R. Demand for sport. Oxf. Rev. Econ. Policy 2003, 19, 478-502. [CrossRef]

Szymanski, S. The economic design of sporting contests. J. Econ. Lit. 2003, 41, 1137-1187. [CrossRef]

Tainsky, S.; Jasielec, M. Television viewership of out-of-market games in league markets: Traditional demand shifters and local
team influence. . Sport Manag. 2014, 28, 94-108.

Wang, C.; Goossens, D.; Vandebroek, M. The Impact of the soccer schedule on TV viewership and stadium attendance: Evidence
from the Belgian Pro League. J. Sport. Econ. 2018, 19, 82-112. [CrossRef]

Rottenberg, S. The baseball players’ labor market. J. Political Econ. 1956, 64, 242-258. [CrossRef]

Cox, A. Spectator demand, uncertainty of results, and public interest: Evidence from the English Premier League. J. Sport Econ.
2018, 19, 3-30. [CrossRef]

Ryu, Y.; Kim, K.; Paik, ].W.; Cheong, Y. Determinants of audience demand for the televised professional baseball matches in
Korea: An analysis of the post-season matches from 2008 to 2016. Int. ]. Sport Mark. Spons. 2019, 20, 184-202. [CrossRef]
Czarnitzki, D.; Stadtmann, G. Uncertainty of outcome versus reputation: Empirical evidence for the First German Football
Division. Empir. Econ. 2002, 27, 101-112. [CrossRef]

Hausman, J.A.; Leonard, G.K. Superstars in the National Basketball Association: Economic Value and Policy. ]. Labor Econ. 1997,
15, 586-624. [CrossRef]

Lewis, M.; Yoon, Y. An empirical examination of the development and impact of star power in major league baseball. ]. Sport
Econ. 2018, 19, 155-187. [CrossRef]

Beckman, E.M.; Cai, W.; Esrock, R M.; Lemke, R.J. Explaining Game-to-Game Ticket Sales for Major League Baseball Games Over
Time. J. Sports Econ. 2012, 13, 536-553. [CrossRef]

Lemke, R.J.; Leonard, M.; Tlhokwane, K. Estimating Attendance at Major League Baseball Games for the 2007 Season. J. Sports
Econ. 2010, 11, 316-348. [CrossRef]

Coates, D.; Humphreys, B.R. Novelty Effects of New Facilities on Attendance at Professional Sporting Events. Contermp. Econ.
Policy 2005, 23, 436—455. [CrossRef]

Funk, D.C.; Mahony, D.F.; Nakazawa, M.; Hirakawa, S. Development of the Sport Interest Inventory (SII): Implications for
Measuring Unique Consumer Motives at Team Sporting Events. Int. ]. Sports Mark. Spons. 2001, 3, 38-63. [CrossRef]

Robinson, M.J.; Trail, G.T.; Dick, R.J.; Gillentine, A.J. Fans vs. spectators: An analysis of those who attend intercolle giate football
games. Sport Mark. Q. 2005, 14, 43-53.

Trail, G.T.; James, ].D. The motivation scale for sport consumption: Assessment of the scale’s psychometric proper ties. J. Sport
Behav. 2001, 24, 108-127.

Eastman, S.T.; Land, A.M. The Best of Both Worlds: Sports Fans Find Good Seats at the Bar. J. Sport Soc. Issues 1997, 21, 156-178.
[CrossRef]

Gantz, W. Reflections on communication and sport: On fanship and social relationships. Commun. Sport 12013, 1-2, 176-187.
[CrossRef]

Melnick, M.J. Searching for sociability in the stands: A theory of sports spectating. J. Sport Manag. 1993, 7, 44-60. [CrossRef]
Wann, D.L. Understanding the positive social psychological benefits of sport team identification: The team identification-social
psychological health model. Group Dyn. Theory Res. Pract. 2006, 10, 272-296. [CrossRef]

Ko, M.; Choi, S.; Lee, J.; Lee, U.; Segev, A. Understanding mass interactions in online sports viewing: Chatting motives and usage
patterns. ACM Trans. Comput. Hum. Interact. 2016, 13, 1-27. [CrossRef]

Cunningham, N.R.; Eastin, M.S. Second Screen and Sports: A Structural Investigation Into Team Identification and Efficacy.
Commun. Sport 2017, 5, 288-310. [CrossRef]

Watanabe, N.M.; Xue, H.; Newman, J.I; Yan, G. The Attention Economy and Esports: An Econometric Analysis of Twitch
Viewership. |. Sport Manag. 2022, 36, 145-158. [CrossRef]


http://doi.org/10.1016/j.jbusres.2015.07.039
http://doi.org/10.1016/j.tele.2017.12.003
http://doi.org/10.1177/21674795211038949
http://doi.org/10.1108/IntR-04-2016-0085
http://doi.org/10.1093/oxrep/19.4.478
http://doi.org/10.1257/jel.41.4.1137
http://doi.org/10.1177/1527002515612875
http://doi.org/10.1086/257790
http://doi.org/10.1177/1527002515619655
http://doi.org/10.1108/IJSMS-12-2017-0127
http://doi.org/10.1007/s181-002-8361-7
http://doi.org/10.1086/209839
http://doi.org/10.1177/1527002515626220
http://doi.org/10.1177/1527002511410980
http://doi.org/10.1177/1527002509337212
http://doi.org/10.1093/cep/byi033
http://doi.org/10.1108/IJSMS-03-03-2001-B005
http://doi.org/10.1177/019372397021002004
http://doi.org/10.1177/2167479512467446
http://doi.org/10.1123/jsm.7.1.44
http://doi.org/10.1037/1089-2699.10.4.272
http://doi.org/10.1145/2843941
http://doi.org/10.1177/2167479515610152
http://doi.org/10.1123/jsm.2020-0383

J. Theor. Appl. Electron. Commer. Res. 2023, 18 456

61.

62.
63.

64.

65.

66.

67.

68.
69.

70.
71.
72.
73.

Qian, TY,; Zhang, ].J.; Wang, ].J.; Hulland, J. Beyond the Game: Dimensions of Esports Online Spectator Demand. Commun. Sport
2020, 8, 825-851. [CrossRef]

Van Dijck, J.; Poell, T. Understanding Social Media Logic. Media Commun. 2013, 1, 2-14. [CrossRef]

Chen, J.; Kou, G,; Peng, Y.; Chao, X.; Xiao, F; Alsaadi, F.E. Effect of marketing messages and consumer engagement on economic
performance: Evidence from Weibo. Internet Res. 2020, 30, 1565-1581. [CrossRef]

He, W.; Zha, S.; Li, L. Social media competitive analysis and text mining: A case study in the pizza industry. Int. |. Inf. Manag.
2013, 33, 464-472. [CrossRef]

Heinonen, K. Consumer activity in social media: Managerial approaches to consumers’ social media behavior. J. Consum. Behav.
2011, 10, 356-364. [CrossRef]

Qian, T.Y,; Wang, ].].; Zhang, ].].; Lu, L.Z. It is in the game: Dimensions of esports online spectator motivation and development
of a scale. Eur. Sport Manag. Q. 2020, 20, 458—479. [CrossRef]

Featherman, M.S.; Valacich, J.S.; Wells, J.D. Is that authentic or artificial? Understanding consumer perceptions of risk in e-service
encounters. Inf. Syst. J. 2006, 16, 107-134. [CrossRef]

Cave, M.; Crandall, R.W. Sports rights and the broadcast industry. Econ. J. 2001, 111, 4-26. [CrossRef]

Dietl, H.; Hasan, T. Pay-TV Versus Free-Tv: A Model of Sports Broadcasting Rights Sales. East. Econ. ]. 2007, 33, 405-428.
[CrossRef]

Smith, A.; Stewart, R. The special features of sport: A critical revisit. Sport Manag. Rev. 2010, 13, 1-13. [CrossRef]

Sutton, W.A.; Parrett, I. Marketing the core product in professional team sports in the United States. Sport Mark. Q. 1992, 1, 7-19.
Stewart, R.; Smith, A. The special features of sport. Ann. Leis. Res. 1999, 2, 87-99. [CrossRef]

Buraimo, B.; Simmons, R. Uncertainty of outcome or star quality? Television audience demand for English Premier League
football. Int. J. Econ. Bus. 2015, 22, 449-469. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


http://doi.org/10.1177/2167479519839436
http://doi.org/10.17645/mac.v1i1.70
http://doi.org/10.1108/INTR-07-2019-0296
http://doi.org/10.1016/j.ijinfomgt.2013.01.001
http://doi.org/10.1002/cb.376
http://doi.org/10.1080/16184742.2019.1630464
http://doi.org/10.1111/j.1365-2575.2006.00211.x
http://doi.org/10.1111/1468-0297.00596
http://doi.org/10.1057/eej.2007.33
http://doi.org/10.1016/j.smr.2009.07.002
http://doi.org/10.1080/11745398.1999.10600874
http://doi.org/10.1080/13571516.2015.1010282

	Introduction 
	Literature Review 
	Social Impact Theory 
	Studies on Danmu and Online Viewer Interaction 
	Studies on Sport and Esports Demand 

	Hypotheses Development 
	The Impact of Danmu Comments on the Behavior of Full-Length Match Viewers 
	The Moderating Effect of a Full-Length Match on the Impact of Danmu Comments 

	Methodology 
	Data and Research Context 
	Econometric Models 
	The Impact of Danmu Comments on the Behavior of Full-Length Match Viewers 
	Moderating Effect of Full-Length Match on the Impact of Danmu Comments 
	Identification Strategy: Two-Stage Least Squares with an Instrumental Variable 

	Summary Statistics 

	Regression Results 
	Estimated Effects of Danmu Comments’ Impact on the Behavior of Full-Length Match Viewers 
	Estimated Moderating Effect of Full-Length Match on the Impact of Danmu Comments 

	Discussion and Conclusions 
	References

