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Abstract. With the popularity of online video game, onlinele® has become one of the
most popular online video. By crawler technolodys tpaper obtained 2,272 data related
to audience participation (View, Follow, Barragejfitb up, Reward and Collect). Then,
based on Kendall correlation and one-way ANOVAs thaper explores the influence of
three types of game videos (PC game, e-sports)y@ghme) on audience engagement. It
is found that the influence of game categories wiemce participation is different, and
PC games video has the highest view counts, nuaibfailowers, number of barrage
screen, number of thumb up, reward amount andatimieamount among the three types
of game videos.
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1. Introduction

With the advent of web2.0, Chinese network videstusiry has developed rapidly, and
many video websites have appeared successivellyding Youku, Tencent, iQIYI,
Bilibili and so on. The number of Chinese videorageose who watched or downloaded
video online in the past six months had reached réillion by December 2018, 33.09
million more than the end of 2017, accounting f8r9%6 of the total internet users [1].
Among them, game online video (hereinafter refetieds game video) is one of the
most popular online video [2]. On the video wehséadiences can view at any time
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without any limit on playing times and playing timend they can watch videos while
downloading [3]. The viewers also can collect gantko, thumb up game video, send
the barrage, follow up Lord and reward up Lord.

This paper obtained 2272 pieces of data relateddos of three main games on
bilibili website by crawler technology. Firstly, Kdall correlation coefficient was used to
analyze the correlation between game categoriesadi@nce participation index. Then,
the statistical method of one-way analysis of varéawas used to explore whether game
types affect the engagement indicators of audidretevior --view, collect, thumb up,
barrage, follow and reward. Finally, the conclusi@nd limitations of this paper were
summarized.

2. Theoretical basisand hypothesis

2.1. Analysis methods

Kendall correlation coefficient is used to expldine correlation between variables, and
no assumptions need to be made about the relaifiobshween variables in the initial
stage. Among them, the correlation coefficient éivaafter referred to as “t”) scope is:

[-1, 1], t > 0 means two variables are correlatibr; 0 means two variables against
correlation; t = 0 means two variables are indepanhdf each other. The higher the value
of | t] is, the higher the correlation betweentthe variables is.

Analysis of Variance (ANOVA) is used to test thgrsficance of differences in the
mean values of two or more samples and then toejwdgether the influence of each
factor on the test index is significant. Accorditgthe number of factors affecting the
test index conditions, it can be divided into oreywANOVA, two-factor ANOVA and
multi-factor ANOVA. This paper only considers wheththere are differences in the
influence of game types on viewer engagement irlexeh as view count, followers
number, barrage amount on game network video. Torerethis study adopts one-way
ANOVA to explore the influence of game types ornwae engagement.

2.2. Resear ch hypothesis
Hypothesis 1: there are differences in the infleen€ PC games, e-sports games and
online games on view count.

Hypothesis 2: there are differences in the infleen€ PC games, e-sports games and
online games on followers amount.

Hypothesis 3: there are differences in the infleen€ PC games, e-sports games and
online games on barrage amount.

Hypothesis 4: there are differences in the infleen€ PC games, e-sports games and
online games on thumb up amount.

Hypothesis 5: there are differences in the infleen€ PC games, e-sports games and
online games on reward amount.

Hypothesis 6: there are differences in the infleen€ PC games, e-sports games and
online games on collection amount.
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3. Data analysis

3.1. Resear ch design

Bilibili is a famous video barrage website in Chiménich has a special game zone. The
video website is convenient for directly collectithige viewer engagement indicator data
of the classified game video, such as the colleatioview count, barrage amount, thumb
up amount and so on. In this study, network crawgehnology was adopted to crawl
3000 video data of "bilibilii" website in nearly ermonth of June 2019. Among them,
179 missing data were deleted and 2821 valid date wollected. In this paper, the
above data are summarized based on classificatgm df game video. It is found that
three types of game video labeled as "PC gamgmrssgames and online games" has a
large number, including 2272 pieces of data. Theegfthis research focuses on whether
these three types of game video has different énfles on audience engagement
indicators.

Data collected in this study include the followiimglicators: view count, barrage
amount, thumb UP amount, reward amount, collecdomunt, and the number of
followers of the video UP master. The sample dpton statistics are shown in Table 1.

Then, three kinds of game videos are selected dicgpto the game category label:
PC game video, e-sports video, online game vidbe.rmumber of PC games video is the
largest among them, accounting for 55% of the tatahber of three types of game
videos. The amount of e-sport game video account26.2%. The amount of online
game video accounts for 26.2%.

Table1: Descriptive statistics

N Minimum Maximur  Mear Std. Deviatiol
View 2272 4 436600! 254236.47 500263.57
Follow 2272 1 5475001 490615.56 935256.55
Barragt 2272 0 1029001 6217.¢47 32735.48
Thumbu 2272 1 39300( 7612.€28 21072.65
Rewar( 227: 1 142¢00C 8150.2!3 37960.10
Collec 2272 1 18000( 393459¢ 10985.66

3.2. Data analysis
Firstly, this paper analyzes the correlation betwgame categories and view count,
followers amount, barrage, thumb up amount, reveemdunt and collection amount by
Kendall's tau_b. The correlation between game ifiestson and its engagement
indicators is significant at the level of 0.05, icating that these three types of games are
correlated with viewer engagement. Correlation ygislresults are shown in Table 2.
Secondly, based on the correlation between the twe,adopted the one-way
variance method to explore whether there is sigguifi difference in the influence of
game categories on viewer engagement. The signdicgrobability was p<0.05,
indicating that the mean value of each group wasifstantly different at the 0.05
level.Analysis of Variance is shown in Table 2.
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Table 2: Correlation, ANOVA & Test of Homogeneity
Test of Homogeneit

Game Category ANOVA .
of Variances

Correlation . . Levene

Coefficient Sig. F Sig. Statistic '9.
View -.078** .00C 8.14¢ .00C 14.54° .00C
Follow -.126** .00c 25.27¢ .00C 64.26! .00cC
Barrag: -.145** .00c 7.82¢ .00C 15.60¢ .00cC
Thumb up -.158** .00C 5.49( .00< 5.00¢ .007
Rewart -.187** .00C 6.25¢ .00z 10.52¢ .00C
Collect -.204** .00C 16.63¢ .00C 29.19:; .00C

Then we conducted the homogeneity test of variahiee.significance probability is
p<0.05, indicating that the variance of each groap significant difference at the level of
0.05, that is, the variance is not homogeneoud.ofd®mogeneity of variances is shown
in Table 2.

When variance is not homogeneous, we test multiplaparisons of "unassumed
homogeneity of variance" with Tamhane's T2. Thailtesf Multiple Comparisons is
shown in Table 3.

Table 3: Multiple Comparisons
(HGame (J)Game Mean

Multiple

Comparisons Category Category Difference (I-J) Sig.
View online gam  single @me  -110582.233 .00C
e-sport gam -63276.697 .04
Follow online gam single gam  -367027.347 .00C
e-sport gam -309764.851 .00C
Barrag: single gam  online gam  6490.905 .00cC
e-sport gam 4376.75! 077
Thumb u PC gam e-sport gam 2674.34* .00
online gam  3248.171 .037
Rewart single gam  e-sport gam 6396.420 .00C
online gam  4110.03. .12C
Collect single gam  e-sport gam 3079.266 .00cC
online gam  1626.54. .06¢

* The mean difference is significant at the 0.0kle

View: online game video and PC game video, online gaisheovand sports game
video have differences in view counts at the leokl0.05. The average difference
between online game video and PC game video i$58P.A33, and that between online
game video and e-sports video is -63276.697. Adeaseen from the average amount of
view count, PC game video have the highest amduviews count, followed by e-sports
video, and then online game video.

Follow: online game video and PC game video, online gadeovand sports game
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video have differences in followers amount at #nel of 0.05. The average difference
between online game video and PC game video i0B6347, and that between online
game video and e-sports video is -309764.851. Asbeaseen from the average amount
of view counts, online game video have the higlestwers amounts, followed by e-
sports video, and then PC game video.

Thumb up: PC game video and e-sports game video, PC gane® add online
game video have differences in followers amounthat level of 0.05. The average
difference between PC games video and e-sports gate® is 2674.344, and that
between PC game video and online game video is.B248As can be seen from the
average amount of view counts, online game vide® hle highest Thumb up amount,
followed by e-sports video, and PC then game video.

Others. at the level of 0.05, only PC game video and enlgame video have
significant differences in the number of barragar. the average number of barrage, only
e-sports video and PC game video have signific#fgrences in the reward amounts.
Finally, only PC game video and e-sports video hdifferences in the average number
of collection.

4. Conclusion and discussion

4.1. Conclusion

For PC games, e-sports games and online gameg #rer differences in viewer
engagement indexes, such as view count, followemsuat, barrage amount, thumb up
amount, reward amount and collection amount, et fkese three games types affect
the participation of online video viewers. In aduit PC game video has the highest
view count, number of followers, number of barrageeen, number of thumb up, reward
amount and collection amounts among the three tgpgames video. E-sports video is
the lowest in the number of rewards and collectiddsline games have the lowest
audience participation indexes in view, followdryarrage, and thumb up.

4.2. Suggest

For video website and up host, if they want to henare audience participation, they

could choose to upload related PC game video. P& gadeo now accounts for more

than half of all videos of the three categorieq] anfar ahead of the other two in user
engagement. In addition, e-sports video could bésselected, because the popularity of
e-sports video continues to rise [9].

4.3. Resear ch limitations
The data collection method has some defects. Thdyonly crawls the static data of
"bilibili" web page, which cannot fully reflect dience participation. Because the
information mined from the content server is noaal the same as the information
mined from the network nodes. For example, theesimconsistencies in video length
and viewing time, encoding rate and download r&tatic information on the server
cannot fully reflect the dynamic behavior charastars of users [10]. Later research can
compare and analyze the data mined from the sangtthe network nodes.

The research content is too single. This paper erplores the differences in the
impacts of the three types of games on viewer ezrgagt. After that, we can explore the
influence of various types of games on audienctdiaation. Future research could also
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explore whether the length of video has a difféegetl impact on audience engagement
indicators. Moreover, a questionnaire survey camded to investigate the audience on
video website. So we could analyze the differermtsveen audience engagement and
their preference for video types of games frompispective of users.
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