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Abstract—Recently, many video sharing sites provide external e e s down e s
links so that their video or audio contents can be embedded o e
external web sites. For example, users can copy the embedded
URLs of the videos of YouTube and post the URL links on their
own blogs. Clearly, the purpose of such function is to increse the
distribution of the videos and the associated advertisemenDoes
this function fulfill its purpose and what is the quantification? In
this paper, we provide a comprehensive measurement study dn
analysis on these external links to answer these two questis.
With the traces collected from two major video sharing sites
YouTube and Youku of China, we show that the external links
have various impacts on the popularity of the video sharing ises.

More specifically, for videos that have been uploaded for elg . _— . .
months in Youku, around 15% of views can come from external IS Shown in Fig. 1. We can see that for each video in YouTube,

links. Some contents are densely linked. For example, comgd an embedded link is provided. The user can copy and paste this
videos can attract more than 800 external links on average. embedded link into anywhere such as their personal webpages
Yk\]’g ?r']fgr rfélljdl?/nlize \;Séatis‘)h’fvciﬁhg‘ft‘f’heeerg t;‘ree e(;g?rrenlzlticl)iglsf's fac[)dr] blogs, or even forums. When people watch the videos outside
example, if a video is popular itself, it is likely to have a’lage the video sharing sites, trafflc_and click counts golthrough
number of external links. Another observation we find is thatthe ~ YouTube. Clearly, the external links allow YouTube videos t
external links usually have a higher impact on Youku than tha be embedded in non-YouTube sites to attract views. This can
of YouTube. We conjecture that it is more likely that the extenal  further accelerate video distribution.

links have higher impact for a regional site than a worldwidesite. We see that these external links are very different fromethos
functions and features that arrange the internal contents)

as the videos and users. To be more specific, we define the
) ) internal interaction as user-to-user, user-to-video, widéo-

These years have witnessed large explosion of the populagd_igeo relationship inside the video sharing sites. Winde
of the online UGC (user generated content) sites. In thegR external interaction as the referencing of the videdside!
sites, people are not only the information consumers, By thie video sharing sites, such as hyperlinks to the videos.
can also actively upload contents of their own. Different@G
sites have different emphasis. For example, Facebook is bui :MLH
as a general online community, Flickr is best known as a e
photo sharing site, and twitter is unique in its short messag : '
distributions. Among the UGC sites, this paper will focusreno
specifically on video sharing sites, which are best repttesen
by YouTube [36] and Youku [37].

A common belief of the success of the UGC sites is that
the information generated by users can be distributed much
faster through the UGC sites. For example, the video sharing
sites provide numerous functionalities to expedite vides d Fig. 2. An example of an internal link, the related video ligi-link).
tribution. There are the related video links (See Fig. 2)alvhi _ ) ) i
arrange videos by similar topics. There are mechanismgdnsi_ /N this paper, we are interested in these external links.
video sharing sites to organize users and videos togetraryM COmMpared with past studies on the interaction between users
previous works have studied these mechanisms in details & Videos within the video sharing sites, we are the first to
we refer interested readers to [13][20][32]. concentrate on extgrnql Ilnk_s to _\/ldeos of these sites. We ha

To further popularize the video distribution, video shgrint® following contributions in this paper: 1) we proposed to

sites introduce external links. An example of the extermad | Study the external links of the video sharing sites and veeltri
to quantify its impact. We believe this adds to the knowledge
K. Lai and D. Wang are with Department of Computing, The Horang& base, and could be useful for future comparison; 2) we showed
Polytechnic University, Hung Hom, Kowloon, Hong Kong. Eimgcskflai, - that the impact from external links is non-trivial and weoals
csdwang @comp.polyu.edu.hk. A preliminary version of this papepeared . . .
in Proc. ACM NOSSDAV'10, Amsterdam, the Netherland, Jur@l® found substantial differences on the impact of the external

links on YouTube and Youku; 3) we conducted measurements

Fig. 1. An example of an external link of YouTube.

I. INTRODUCTION




on both external links and some important internal links andser access patterns are similar in different locationstiaeid
we studied their correlations; 4) we published the data setscess devices (either PCs or mobile phones): they ususdly u
of external links we collected from YouTube and Youku fodefault video resolution and player configuration. The wiark
possible follow-up studies. The data sets can be found ih [3f2] shows an interesting result that online video consuampti

The remaining part of our paper is organized as follows. \\ppears geographic locality of interest. The video-teewid
present the related work in Section Il. Section Il discssbe relationship is analyzed in [29], and it shows that more than
background and measurement methodology. The impact of thadf of the YouTube videos contain re-mixed video segments,
external links on the videos is given in Section IV. In Sectioand some particularly popular videos are correlated withsvi
V we study the correlation between internal links and exdern There are suggestions to improve YouTube. NetTube is
links. In Section VI, we focus on the evolution of the extdrnaleveloped using a peer-to-peer structure for YouTube [A]. A
links by studying the external links of the videos of diffete algorithm using geographic information to improve multime
uploading time. Finally, we conclude our paper in Sectioh Vldia content delivery in YouTube is suggested in [23]. Thelgtu

To assist reading, we have a summary subsection on thd30] suggests an improved semi-supervised training oteth
main observations at the end of Section IV, V and VI. for classifying YouTube videos by using video labels and co-
watch relationship (videos watched in one session).

There are also studies that compare YouTube with other
UGC sites. For example, the video popularity distributidn o

Nowadays, there are increasing interests on the UGC (Uselir different video sharing sites is characterized in [21]
Generated Content) sites. In these sites, the users not asHpws that the life time video popularity have relevancéwit
consume the contents, but also freely create the contegits tizaching size. A comparison of different UGC sites (inclgdin
own. Due to their large popularity and success, there hag®e befouTube) can be found in [20] and observations of the free
many studies on different types of UGC sites. For examplégale, small world and strong connected cores, are draven. Th
Facebook, a general online community, is studied in [28§ agtudy in [14] compares the user sessions between the video
Flickr, a photo sharing site is studied in [27]. sharing sites and the traditional web sites. It concludasttte

In this paper, we study video sharing sites. The success¥duTube users have larger data traffic and longer think time.
examples of this type of UGC site are YouTube, which enjoys We can see that existing studies on video sharing sites all
world-wide popularity and Youku, the biggest video sharinghcus on internal interactions; that is, the content-tateat,
site in China [33]. user-to-content, and user-to-user relationship insigeltsC

We are not the first to study the video sharing sites. Amongtes. In this paper, we focus on understanding the chaigcte
past studies, measurement methodologies have been pdopagss of the external links. We have some measurement and anal
For example, in [3] guidelines are provided to do sampling igsis of the related videos of YouTube and Youku; though the
the video sharing sites and a framework is also proposeddmphasis is on comparison with the results of external links
study the popularity dynamics of user-generated videos. AWe have two preliminary works [16][17]. In [16], we present a
important conclusion is that using key-word search videos ghort study on YouTube only. This paper substantially edgen
the seeds, videos would be biased towards the popular vidgeg] to the domains such as the correlation between external
while using recently uploaded videos, there would have nipks and internal links in all video age groups.
bias. The study in [31] provides a method to count the total
number of YouTube videos by leveraging the video ids. A
globally distributed active measurement platform is dithbd o
in [1] for YouTube video delivery system. A. Background and Motivation

The analysis on the video sharing sites widely spans toCurrently, there is rapid growth of the popularity of user
user-to-user, user-to-video, and video-to-video refeidp. generated content web sites. One key feature of these sites
For example, the video popularity distribution of YouTubés that the users are not only the information consumers, but
is analyzed in [4], where the long tail of video popularityalso actively upload contents of their own. One notablesclas
distribution is analyzed. More aspects of YouTube are agaly of UGC sites is for video sharing, represented by YouTube and
in [7], such as video life cycles, user viewing behaviorsfouku. These video sharing sites have attracted a great@umb
and the small world phenomenon. In [13], the traffic obf studies in the recent years. These studies, howeversfocu
YouTube in campus is characterized. It shows that thereds user-to-user, user-to-video or video-to-video refegfop
strong correlation between videos viewed (watched) on conithin these video sites. To distribute the content videos
secutive days. This work also demonstrates that caching caore widely and to attract more users, these video sites
improve user experiences, reduce bandwidth consumptidn gmovide external links for videos. Users can easily obtain a
lower the burden of YouTube. The recommendation systemembedded link of a video and paste the link to any web
YouTube is studied in [32]. It shows 30% of the video totgbages in other web sites, such as forums, or their blogs. In
views come from related video links. The user behavior ithis paper, we define thaternal linksas those maintaining a
the video sharing sites is also widely studied. For examplelationship within the web sites. These links include tkeru
the study in [9] focuses on the YouTube video uploaders-video, user-to-user, video-to-video relationship. Wédine
and demonstrates positive reinforcement between onlicialso the external linksas the links to the videos that are embedded
behavior and uploading behavior. In [11], it is shown thah other web sites.

IIl. RELATED WORK

B ACKGROUND AND MEASUREMENTMETHODOLOGY



These external links are important for improving the pomn one hand, part of our studies, e.g., comparison of thé tota
ularity of the videos; however, there is no rigid study teiews from these external links in different video age gup
quantify the effectiveness of these external links. Thanef is less affected by the total external links. On the otherdhan
we would like to know 1) the impact of the external linkdor the Youku trace, we have the total number of external
on videos, e.g., how many views are contributed by exterradks, and the number of views of each top-20 external link.
links; 2) the relationship of external links and internalks; Thus, we have a strong basis to analyze the remaining part
their differences, interactions and correlations. Sugfosities of the views of external links. We did find that the average

motivate this paper. views from external links as a function of the rank of extérna
links in a large sampling space fit the power law function with
B. Measurement Methodology anr-square over 99.8% (see Section IV.C). Therefore, we are

Our experimental data sets come from two video sharimgore confident that our observations of this study are close
sites, YouTube [36] and Youku [37]. YouTube is one of théo reality. In the remaining part of our paper, we simply say
largest video sharing sites in the world and at the time «f théxternal links of YouTube and external links of Youku, which
paper is being written, it accepts 1.886 billion views [3@®y should be understood that we denote the top-5 external links
day. Youku is the most popular video site in China [33], witfior YouTube and the top-20 external links for Youku, given
views of 40.9 million per day [33]. that there is no ambiguity.

The necessary data for our study are 1) a large numbeBesides the external links, we also collected the inforomati
of randomly collected videos, and 2) the external links aff internal links (we focus on the related video links) for a
these videos. We first built a crawler to sample a large bagemparison study. For such data collection we adopt the same
of videos. In principle, we start our data sampling frorstrategies as [4]. We also started on Mar. 24th, 2009 and July
seed videos and follow their related videos in the crawlingth, 2009 and carried out a data collection of 7 days and 5
We follow [10][3], where it is shown that if those recently-days for YouTube and Youku respectively. The data collectio
uploaded videos do not link popular videos as their onfg a breadth first search, following the related video links.
related videos, the data collection will not be biased by
choosing the seed videos from recently-uploaded videos. IV. THE CONTRIBUTION OF THE EXTERNAL LINKS

More specifically, for YouTube, we started our samplin
on Mar. 24th, 2009 using the “recent” videos as seeds.
recursively crawled all the related videos for seven day un We first show the impact of the external views on the videos
Mar. 31st, 2009. In total, we have collected24 x 105 in Fig. 3. We classify the videos according to thages i.e.,
videos from YouTube. For Youku, unlike YouTube, there ithe total duration since they have been uploaded to the video
no category of “recent” videos. Therefore, we used all videsharing sites. Note that YouTube provides the upload date fo
in the main pages, which were uploaded within one day, @ach video, whereas Youku provides a rougher estimation of
July 8th, 2009 as seeds, and recursively collected theetblahow many days or months or years a video has been uploaded.
videos for five days. In total, we have collectédi3 x 106 For example, the videos uploaded 13 months or 14 months ago
videos. We admit that for these videos, they might have mdre Youku will both be labeled as ‘uploaded one year ago’. As
views. such, the points of 13-month and 25-month in our figures for

To collect the external links, we used a universal Java Scriouku stand for the videos uploaded one year and two years
engine provided by Google [38]. This engine can parse thgo. Note that our results are not affected as the pointsrin ou
Java Script codes from video pages, so as to track the ektefigures are the average (not accumulative) number of views.
link information maintained by YouTube and Youku intergall  In Fig. 3 (a), we show the percentage of the views that
With this engine, we could get the URLs of the external linksome from the top external links. We see that for the videos
as well as the number of views of each external link. Howeven, YouTube with an age of two months, 10% of the views
from YouTube and Youku, we can only have the informatiooome from the top-5 external links. For videos with an older
of “top” external links, which are calculated based on thage, the percentage of the views from external links graylual
number of views contributed to the videos since the videdsops to around 2%. For Youku, the impact of external links is
were uploaded. YouTube maintains the top-5 external lifks much higher. For most of the videos, more than 8% of views
each video. We have not found a method that can collect tbeme outside the video sharing site. For videos with an age of
information of all the external links of videos. Intrinsilya 24 months, views from external links can contribute as many
if YouTube does not provide an interface to release suels 15%. Even considering the top-5 external links of Youku,
information, unless one can explore the entire Web, it they contribute about 6% - 9% of total views, which is still
unlikely that all external links can be collected. In ourdstu more significant than YouTube.
we use the top-5 external links for YouTube videos. For Yquku To explain the situation more clearly, we show the specific
we used similar method. Youku provides more informatiomumber of the video total views and views from the top
and we obtained the total number of external links for ea@xternal links as a function of video ages. In Fig.3 (b) we
video, the URLs and the total number of views of the top-26how the total views, averaged per video, for different gide
external links. age groups (this includes both views from internal links and

We admit that collecting information only from top externaéxternal links). The total views increase steadily for both
links affects the accuracy of the study. Our argument is, thatouTube and Youku as video ages increase. It is also cletar tha

Overall Contribution of External Links
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Fig. 3. The contribution of external links on the popularityvideos on videos sharing sites.

YouTube attracts much more views than Youku. This is not 10 + One Month Ol
i 1 Wi i ---One Month Old(Power Law Fit)
surprising as YouTube is more popular W(_)rld wide. In Fig.3 . e O
(c), we show the total views from external links (averaged pe s -~ -Seven Months Old(Power Law Fit)
. . L 107 N * 12 Months Old
video). We see that for YouTube, the total external views are g %252y, |---12 Months Old(Power Law Fi
comparatively stable among all video age groups whereas for ] By
Youku, the total external view increases. In addition, tjiou 3,
the external views of YouTube are still greater than that of 510’

Youku, the differences are not as big as the total views. This
explains why the percentage of external views of Youku is —— -
more significant than that of YouTube in Fig. 3 (a). 10° 10 10° 10°

Such differences of the impact of the external links on The Number of External Links
YOUT_Ube and YO_Uku do not gonform to our expectation. Wl-elg. 4. The distribution of the number of external link of eas in different
consider a possible explanation can be as follows. YouTulg groups.
is a video sharing site of world-wide popularity. As sucke th
external links are widely spread to external websites adlrov
the world. These external websites may not be world-widee therefore use Maximum Likelihood Estimation (MLE) to
popular, however. Thus, the external links cannot obtairidvo fit power law distribution f(z) = a x (;%-)~° (Table |
wide popularity and have less impact (in terms of percentagehows the specific parametetis s and z.,,;, for each age
Youku, on the contrary, has popularity within China only€eThgroup) to the sampled data. We find that in Youku the power
external links are also on the Chinese-based websites and leav distribution fairly matches the external link distritmn.
have China-wide popularity. As such, the comparative irhpathis is especially true for the videos with a large number of
of external links on Youku is much higher than on YouTubexternal links, i.e., the tails of the distribution. We firitht the
Based on our current data, we are unable to verify this. Asils’ follow power law with Kolmogorov-Smirnov statists
a first work on external links, we confine ourselves to th@KsS statistics) respectively 1.8%, 0.5% and 0.2%. This is no
fundamental problems such as the correctness of the datdirely surprising. Notice that the power law behavior has
collection, and the understanding of the basic charatitesis been observed in various properties of the video sharieg.sit
of external links, as will be presented in the remaining part For example, it is shown that the distribution of the number
the paper. We will leave such questions to our future work.of video views in YouTube also fits the power law [4][6].

We classify the videos into three age groups (one month,

B. The Number of External Links seven months, and 12 months). We study the percentage of
videos with more than ten external links. We see that differe
7 (month) o) SO | 2o | KS statstc age groups show clear trend: for the videos in age group of
1 6.508 x 103 | 1.450 | 20 0.018 one month, 13.4% of videos have more than ten external links;
7 1.490 x 10 | 1.519| 80 0.0052 for the videos in age group of seven months and 12 months,
12 2.293 x 10° | 1.806 | 120 0.0016 33.0% and 64.8% of videos have more than ten external links.
TABLE | This shows that in Youku older videos, on average, may get

THE PARAMETERS OFPOWERLAW FITS FORFIG. 4 a larger number of external links.

Fig. 4 plots the number of videos as a function of the nunf- The Views from External Links
ber of external links in a log-log scale for different ageuyps. In this subsection, we study the views contributed by
Since YouTube cannot provide the total number of the exterrexternal links. We still use the Youku data set for analysis.
links for each video, we only study Youku in this figure. Wé=ig. 5 shows the views of the external links as a function of
can see clearly that a small portion of videos enjoy the nitgjorthe ranks of the external links in a log-log scale. Note that t
of the external links. With the methodology introduced if [8 rank is from one to 20 as we have the views of the top-20



external links. We plot the data for the videos with an age of t (month) [ ai(¢) [ pi(t) [ r-square

1 82.98 | 2.087 | 0.9998

one month, seven months and 12 months in Fig. 5. We found v 5799 | 5055 09999
the data approximately follow power law function where ther 12 619.3 | 1.515| 0.9999

are deviations at the tails. The power law means that most of
the external views come from the high rank external links.

TABLE Il
THE PARAMETERS OFPOWERLAW FITS FORFIG. 5

To further analyze how the views of external links decay as
the rank of external links increases, in Fig. 5, we use thstlea
square method to fit the original data with power law function t (month) | ax(t) | p2(t) | €(t) | r — square

Vi(t) = aq(t) x rl_’”(t) wheret is the age of the video group,
r1 is the rank of external linksy; (t) is an exponential factor

anda, (t) is an adjustment factor (Table Il shows(t), a1 (t)).

Since the tails have deviation, we also plot a power |aV\{.HE PARAMETERS OFPOWER

function with a deviation term, Vs(t) = az(t) x r;”(t) +e(t)

(Table Il showsps(t), a2(t), ande(t)). We can see that 1) the

1 82.55| 2.165 | 0.54 0.9998

7 277.4 | 2.089 | 3.06 0.9999

12 615.9 | 1.580 | 5.31 0.9999
TABLE Il

LAW FITS WITH A CONSTANT DEVIATION
TERMS FORFIG. 5

power law functions fit the original data well (as it is shown

in Table Il and Table IlI, all theV; and); fits are with anr-

square greater than 0.99); 2) the views from high rank (farge To estimate the total views from all external links, we devid
than the rank of ten) of external links are slightly largearih the videos into two groups: 1) the videos with more than 20

the power law fity; but slightly smaller than the fivs.

® Age=One Month
(O Age=Seven Months|
3| X Age=12 Months

Average Views from Ex. Links

Rank

Fig. 5. External views as a function of rank (all videos). Tdeshed lines
shows the power law fit line®; (£) = a1 (t) x »—P1(*), and the solid line
shows the fitsVa (t) = az(t) x r—P2(t) 4 ¢(t)

® Age=One Month
(O Age=Seven Months
X Age=12 Months

Average Views from Ex. Links

10 10"
Rank

Fig. 6. External views as a function of rank (number of links20). The
dashed lines shows the power law fit lings(t) = a1 (t) x r—P1(®) and the
solid line shows the fitd)a () = a2 (t) x r~P2(1) 4 ¢(t)

Note that we only have the number of views for the
top-20 external links. Since we have seen a power law fit,
we conjecture that the views of top-20 external links are
representative for the views of all external links. As a fgsu
we estimate the total views from all external links. Thislwil

make the conclusions of this paper more grounded.

external links and 2) the videos with less than 20 external
links. For Group 2, Youku provides the total views from the
top-20 links of each video, or the views of the tbdinks if

the video only hag: external links ande < 20. Let the total
views from external links of Group 2 bié;. For Group 1, we
can further divide it into two parts: a) the total views fronet
top-20 external links and b) the total views from other (non-
top-20) external links. Youku provides a). Let this bgy.
Thus, our primary target is to estimate part b) of Group 1.

t (month) | a1 (¢) | p1(¢) | r-square
1 1037 | 2.369 | 0.9978
7 1259 | 1.981 | 0.9985
12 1424 | 1.471 1.0
TABLE IV

THE PARAMETERS OFPOWERLAW FITS FORFIG. 6

In Fig. 6 we plot the total views of the external links as a
function of the ranks of the external links in a log-log sdale
the videos with more than 20 external links. We plot the data
for the videos with an age of one month, seven months and 12
months. We see that the number of views also is close to the
power law function. Again, to fit the power law function, we
also letV; (t) andVs(t) be the total number of views for videos
with aget months for the fits. We plot power law function

%

—e—Percentage of Views From Top—20 External Links
{5 The Estimated lower bound
—¥-The Estimated upper bound

Percentage of Views From Ex. Links

Vide(l)D Age (l\/ll50nth) “

Fig. 7. The estimated views from external links of the Youkdewos.
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Fig. 8. The contribution of external links on different ageies of videos from both YouTube and Youku

t(month) | aa(t) | pa(t) | €(t) | r— square for an average comedy video, there can be as many as 878.1
1 10316 2.1429] 6.77 | 0.9998 tornal links. Looking into the details of our lod fil
- s L0503 1495 0-9998 external links. Looking into the details of our log file, weese
12 1416 | 1.529 | 11.49 1.0 that many comedy videos are linked by a substantial number of

TABLE V different users in their blogs, usually by copying and neifier
THE PARAMETERS OFPOWERL AW FITS wiTH A ConsTanT DEviaTion  Of Others’ blogs. Some videos are linked in a great many pages
TERMS FORFIG. 6 in web forums. This actually suggests that external links ca
greatly increase the popularity of the videos.
In Fig. 8 (b), we select 15 categories in Youku, which
B —pi(t) _ ... have the highest percentage of external views. We plot the
Vl@ N ai(t) x ig(?t)the power. law function with average total views of each category (in green) and the ggera
deviationVs (1) = as(t)xr, *" " +(t) for differentage groups yieys of the top-20 external links (in red). In the figure,
in Fig. 6 (Table IV and Table V show (t), a1 (t), p2(t), a2 (t), “Comedy” attracts the largest number of external views, on
ande(t), as well as the r-squares of the fits). We also see thafarage'3847.5 per video. This is not surprising as “Comedy”
th_e number of views from higher rank of external links iS55 attracts the largest number views (32286.2), reptiesen
slightly I*arger thanV; but smaller than the fil,. the popularity of comedy videos in general. We also see that
Let Vi (t) be the total views for part b) of Group 1, and lelgaming” attracts 7391.4 views in total and 2125.0 views
N (t) be the average number of external links of the videqR, external links, where the external views share the ésgh

agedt months, then percentage. This suggests that as compared with other video
categories in Youku, more percentage of views in the “gaing
N(®) N(®) category come outside Youku.
D (ar(t)xi ) < V() < Y (as(t)xi P +€) (1) To compare Youku and YouTube, we show the views of
=21 i=21 different categories based on their respective views of the

Therefore, the estimated external link total views Bsg+ top-5 external links (see Fig. 8 (c)). In general, YouTube
Vi*(t) + V5. We plot both lower bound and upper boundttracts an order of magnitude more views than Youku, but the
of percentage of the external link total views contributing percentage of external views is much smaller. This conforms
the video total views in Fig. 7. We also plot the percentage the observation in Fig. 3. Another observation is that the
of views from top-20 external links. Clearly, both the lowetategories most viewed by external links are substantially
bound and the upper bound of the external link total viewdifferent in YouTube and Youku. For example, they share
are greater than the views of the top-20 external links (Wwhién common only 3 out of 7 categories, namely “Gaming”,
is only a section of the video total views). However, we cafSports”, and “News & Politics”. This might show different
see that the views of the top-20 external links are very cloggstes of the users throughout individual regions. In #afulit
to the estimated external link total views. Most of the timehe more success in Youku in extending its impact of the
the views of the top-20 external links contribute to 90% @& thexternal links could suggest that there may be also potentia
total views from all external links. As such, we concludetthdor YouTube to increase its external views.
the total views from the top-20 external links are represre

for our study. E. Summary

We summarize our major observations in this section as
D. The External Links from Different Video Categories  fo|lows: 1) the sheer number of external views and the exlern
We next study from the point of view of the videos. Wdinks are substantial for both YouTube and Youku. The exkrn
plot the number of external links of different video catdger views/links have contributed greatly to Youku while it til
in Youku in Fig. 8 (a). In this figure, the categories are rahkeemains small to YouTube; 2) Most of the external links are
by the average external links on each video. We see that timked to a small number of videos, i.e., the number of exdern
number of external links of videos is substantial. For eximplinks conforms to power law distribution; it fits especially



well for the videos with large number of external links; 3) Corr views | Ex. links | Rlinks | parent views
The number of external views also conforms to power law; views L 0.506 | -0.018 0.22
o ) p . ' Ex. inks | 0.506 1 -0.029 0.20
it fits better for old-age videos. Though we cannot obtain the R-links -0.018| -0.029 1 0.23
total views from all external links, with the observation of parent views| 0.22 0.20 0.23 1
power law, we can deduct that the views from top-20 external TABLE VI
links are representative enough for videos; 4) Differediewi THE CORRELATION COEFFICIENT OF PARAMETERS IN OUKU
categories attract different percentages of external sidw
some categories, e.g., “Gaming” in Youku, almost 30% of
views are contributed by external links. Corr views | R-links | parent views
views 1 0.49 0.77
R-links 0.49 1 0.60
V. EXTERNAL LINKS VS. INTERNAL LINKS parent views| 0.77 0.60 1
Since external links contribute to the video popularity, we TABLE VI

analyze the factors that affect the number of external likiVes THE CORRELATION COEFFICIENT OF PARAMETERS IV OUTUBE

study the relationship between internal links and exteinks
which respectively represent the internal interactiond e
external interactions. According to Alexa [33], a user sfgen
an average of 22 minutes on YouTube and 6.7 minutes Bn
Youku every day. As a result, we infer that many users would e next conduct analysis on the correlation coefficients
watch multiple videos in the video sharing sites. For theggtween the number of external links and internal factors fo
users, there are many ways to view multiple videos in thesin youku and YouTube (see Table VI and Table VII). In
video sharing sites, and one of them is to follow the relategyple v we find that the total views and the number of
video list (See Fig. 2). We call a video tparent videdor the  gxternal links of Youku are most correlated with a correlati
videos in its related video link list. We specifically focusthe qefficient of 0.506. The number of R-links hardly affects
relationship of the external links, the related video lifée e number of external links and the total views. The views
call them theR-linksthereafter) and the total views from parenfrom parent videos weakly correlated with all the factorisisT
videos (We call thenparent viewghereafter). In addition, we gnforms to the general intuition that the popularity of the
also study the relationship_between_the external links dnero \;ideo itself will directly impact on the number of external
factor, such as the total views of videos. links (and vice versa). Also, we see that in Youku, the views
of the parent videos have a more moderate impact and a larger
related video links can hardly have an impact on the external
links.

Fig. 9 presents the relationship of total views of a video ¢omnared with Youku, the connections of internal links in
with two internal factors, namely the number of R-links an@ouTube are much tighter. In details, we can see that the
parent views, in both YouTube and_ Youku. We P'C_’t In F'grelationship among the number of R-links, the parent views
9 (a) and (b) the number of total views as a function of the, | the total views are high. The correlations are 0.77 hetwe
number of R-links of Youku and YouTube respectively. Herg;qqq total views and parent views, 0.60 between the number
we hardly see any impact of the R-links on the improvemeg g _jinks and parent views, and 0.49 between the number of
of the total views in Youku, but we see that clear correlatlolg_”nks and video total views respectively.
exists for YouTube. This shows that more R-links lead to an . . . L
increase of the views of YouTube. We plot in Fig. 9 (c) and (d% A possible explanation of the tighter correlation in You&ub

. . . ; the stability of the related video list; that is, if the atdd
the average views of a video as a function of the views from o .
. . ideos change more frequently, it will affect the correlati

the parent videos for Youku and YouTube respectively. We

: . . etween R-links and other factors. To verify this, we rangom
see that n general, the parent views have a positive Imllm(:t(%ose 20,000 videos from the crawled video data set of both
:/ri]:vs)/sldc(:'on\gSYrvjbfeorsgg\t/\r/] ;:l:aif/lér?g(tjr;(:u;ui?:’ ;‘:td the pare%uku and YouTube. We crawled/searched these videos from

. . ) ) 9 pact. Youku and YouTube again on Nov. 28th 2011. We see that
Fig. 10 depicts the relationship between the number g

N | link d the th int | fact v thal t compared to the 20,000 videos collected on Jul. 8th, 2009,
external links and the three intermnal factors, namely Mallo 5375 vouky videos have been deleted and as compared to
views, the views from parent videos and the number of

he 20,000 videos crawled on May 24th, 2009, 387 YouTube

links. All the results in Fig. 10 are from Youku data set. Fiq./i eos have been deleted. As the videos in YouTube are

10 (a) shows a clear relationship between the total views a% nificantly more stable than Youku, we infer that there is

the number of external links. Especially when the number Rss change in the related videos of YouTube too. Therefore,

V'_eWS is over 100, we c_an see this relat|onsh|p IS almosahneYouTube has a tighter correlation of internal links than kou
Fig. 10 (b) shows the views from the parent videos has weaker

correlation with the number of external links. The number of

external links scatters as the views of parent videos grows. IHere, a correlation coefficient of 1 indicates that the tweapeeters are
linearly correlated, i.e., one parameter will increased@erease) linearly with

Fig. 10 (c), we Se_e there is even weaker relat'onSh'_p betwgglother parameter. A correlation coefficient of -1 indésathat one parameter
the number of R-links and the number of external links.  will increase linearly as the other parameter decreases.

Analysis of the Correlation

A. Internal Parameters and External Links
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C. Summary VI. EXTERNAL LINKS ON VIDEOS IN DIFFERENTAGE
GROUPS

We summarize our major observations in this subsection asTo further understand the impact of external links, as well a
follows: 1) the number of external links is mostly and moréhe correlation of external links with various internaltfars, in
directly affected by the total views of the videos; 2) the tn@m this section, we investigate the characteristics of extdimnks
of external links can be affected indirectly by such intérnan different video age groups. Since we did not trace specific
factors, such as parent views and the number of R-linksesinexternal links or trace the external links for specific visleo
these factors can increase the views of videos; 3) the iaterive group the videos according to different ages. Our study is
factors in YouTube have a stronger correlation than that tifen on the characteristics of external links on youngegosd
Youku. This may be because the Youku videos are less stahtel older videos. We believe this provides a macro view of
as there is a higher deletion rate of the videos. the evolution of the external links on videos.



A. The External Links on Videos of Different Age Group video of different video ages. As YouTube can only provide

We first compare the percentage of videos received exteri¥# t0P-5 external links for each video, we thus focus on Youk
links in YouTube with that in Youku. We only focus on thedata. The results are in Fig. 12. We can see that the average

videos that have five or more external links. number of external links is increasing. This is not surpgsi
that the total views of videos are increasing with video ages
1 ‘ ‘ ‘ ‘ ‘ : (as itis shown in Fig. 3 (b)), and there is a positive relathip

» between the video total views and the number of externaslink
] (as it is shown in Section V.B). As well, the average views
from external links for each video of different video ages ar
also increasing, as shown in Fig. 13.

0.8r

0.6r

Fraction

2500

2000

——YouTub
© Youku

4 6 8 10 12
Video Age (Month)

0 2 1500/

1000f
Fig. 11. The percentage of the videos with more than five eatdinks.
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From Fig. 11 we can see that videos in YouTube are more
linked by external links than videos in Youku. For example, ST A s s 1 12
it is observed that for YouTube, 90% of the five-month-old Video Age (Month)
videos have at least five external links. Looking from anothe
angle, we can say that 93.7% of the videos are with at le&it 13. The average views from external links for each vidédlifferent
five external links after 15 months. On the contrary, in Youkdfi4e 298s: Youku.
only about 50% of the five months old videos have at least five
external links. Nevertheless, the percentage rises eaiintu
and from the data we collected, we can see that after a vid@o The Correlation between External links and Video Total
that is one year old, more than 90% of the chance (boyews in Different Video Age Groups
for YouTube and Youku) it will have more than five external We study the correlation of the number of external links and
links. The differences between YouTube and Youku may liee video total views according to different age groupsniro
accounted as follows. First, compared with Youku, YouTulection V, we see that there is a positive correlation betwee
is a world-wide video sharing site and the videos in YouTultee number of external links and the total views (including
have a larger audience base. Therefore, the YouTube vidéosh external views and internal views).
gain popularity more quickly. This has been proved in Fig. 3

(b) where we see the YouTube videos have a larger number of 1
average views in each age group. Second, as we have shown 0.l
in Section V.B, the number of external links for each vides ha _§0_8,
a positive relationship with the video total views. Therefo &
as the YouTube videos gain popularity (being viewed) more 8
quickly, the YouTube videos also get external links fastemnt £ 06
Youku videos. Los
O
500 off

o
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Fig. 14. The correlation of external link number and videtalteiews with
the video ages
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From Fig. 14, we see that the correlation becomes stronger
for the videos in older age groups. The correlation coefiiicie
rises from 0.42 for the video group of one month old to about
0.85 for the video group of one year old. This indicates that
the relationship between the number of external links aed th
Fig. 12. The average number of external links for each videdifterent ~ Video total views is strengthened with time. We conjecthed t
video ages, Youku. there is positive impact from both sides, i.e., 1) the number

of external links and external views increase, contrilgitio

We then study the average number of external links for eattte video total views, and 2) the video total views (and thus

External Link Number Per Video
=
o
o

N R S B TR
Video Age (Month)
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the popularity) increase, contributing to the increase e t external links on a video, and the number of views contribute
external links. to the video. We also observed that the external links have
quite differentimpacts on YouTube and Youku. We studied the
C. The Correlation Coefficients in Different Video Age Gmupexternal Iink_s for different video cgtegories. We_ also dised
i ] o the correlations of the external links and the internaltesla
In Fig. 15, we show t_he correlatlor_‘ coefficient amongigeo links. We showed that the number of internal related
external links, video total views, parent views, and the bem ;igeq Jinks have less impact on the external links than the

of R-links in YouTube and Youku. o total views of the video. We also study the characteristics
Fig. 15 (a) shows the correlation coefficient of the number gf external links in different video age groups. We see that

external links with the parent views and the number of Rdink;jgeos are possible to get external links and external views

in Youku. We can see that the correlation coefficient betweg 5 age groups. We believe that our work can provide the

the number of external links and the parent views fluctuatgsndation for the video sharing sites to make more targeted

sometimes but remains above 22% after the first monthyyertisement. customized user development, etc.

However, the correlation coefficient between the number of ag 3 first work on the external interactions of video sharing

external links and R-links remains zero. This conforms ® thSites, we concentrate on some fundamental problems, such

observations in Section V.B. _ . _as how the data of external links can be collected, whether
Fig. 15 (b) shows the correlation of video total views Withne gata collection on top external links can provide a good

parent views and the number of R-links in Youku in differengnsroximation for the overall picture, and some basic dspec

video age groups. Not surprisingly, we can see that in Youlgd the external links. There are problems yet to be answered.

the number of R-links do not contribute to video total ViewWgspecially, we are interested in more detailed analysihief t

in any video age group. However, similar with the relatidpsh gjtferent impacts of external links on Youku and YouTube.

between the number of external links and the video total sjew

we can see the correlation between the video total views and

parent views is also strengthened as videos get older, from ,

0% to about 40%. As the correlation between the numberP@n Wang's work was supported by Hong Kong

of external links and video total views are strengthenedh wi’ OlYU/APJ19, A-PK95, A-PL23, and A-PL86.

the video age, and the relationship between video total s7iew

and parent views is also positive, we infer the following: fo REFERENCES
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