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ABSTRACT
Recently, many video sharing sites provide external links so that
their video or audio contents can be embedded into external web
sites. For example, users can copy the embedded URLs of the
videos of YouTube and post on their own blogs. Clearly, the purpose of such functionality is to increase the distribution of the videos
and the associated advertisement. In this paper, we provide a comprehensive measurement study and analysis on these external links.
With the traces collected from two major VOD sites, YouTube and
Youku of China, we show that the external links have various impact on the popularity of the VOD sites. More specifically, for
videos that have been uploaded for eight months in Youku, around
15% of views can come from external links. Some contents are
densely linked, for example, the comedy videos can attract more
than 800 external links on average. We also study the relationship
between the external links and the internal links. We show that
there are correlations; for example, if a video is popular itself, it
will likely have a larger number of external links. Another observation is that we always find that the external links of Youku usually
have a higher impact than that of YouTube. We conjecture that a
more regional site may enjoy a relatively higher impact from the
external links.

Categories and Subject Descriptors
H.5.1 [Multimedia Information Systems]: [Video]

General Terms
Measurement, Performance.

Keywords
VOD sites, measurement, external links

1.

INTRODUCTION

These years have witnessed the large explosion of the popularity
of the online UGC (user generated content) sites. In these sites,
people are not only the information consumers, but they can also
actively upload contents of their own. A common belief of their
success is that through the UGC sites and the online social network
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Figure 1: The external link

generated by them, the information distribution can be much faster;
and in a wider scale. There are various UGC sites with different
targets, e.g., Facebook for general online communities and Flickr
for photo sharing sites. Among them are the VOD sites represented
by YouTube [20] and Youku [21] where this paper will focus on.
These VOD sites provide numerous functionalities to expedite
video distribution; for example, there are the related video links
(See Fig. 7) which arrange the videos by similar topics. There are
other internal links to organize the users, videos, comments within
the VOD sites together. Many previous works have studied the internal interactions [7][13] in details and showed that they contribute
to the spread of the popularity of the these video sharing sites.
Another important function of these VOD sites is the external
links. An example of the external link is shown in Fig. 1. We can
see that for each video in YouTube, an embedded link is provided.
The user can copy and paste this link into anywhere such as their
personal webpages, blogs, or even in forums. When people watch
the videos from these external environment, traffic and click counts
go through YouTube. Clearly, such function allows YouTube to
penetrate into the cyber-world deeper and information distribution
even faster, as now it attracts views from non-YouTube users.
In this paper, we are interested in these external links. Compared
with the flourishing studies on the internal environment of the VOD
sites, we are the first to concentrate on the exterior environment of
these VOD sites. We have several contributions in this paper, 1) we
develop a customized crawler that can collect the number of external links and the total views from the top external links. Note that
tracing the external links is more difficult as it is in the opposite
direction of tracing the internal links, where one can follow the internal links inductively. We find it difficult to obtain the total views
from all the external links, unless the entire Internet is crawled. As
such we approximate the results by a detailed analysis from the top
external links we collected; 2) we conduct a comprehensive measurement on the external links of YouTube and Youku. To the best
of our knowledge, there is no work on Youku and there is no work
that directly comparing two similar VOD sites. We show that the
impact of external links is non-trivial and there are quite substantial
differences between these two VOD sites. 3) we conduct measurement on both external links and some important internal links. We
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Figure 2: Impact of external views on the videos
study their correlations. We illustrate that different parameters have
different impact on the popularity of the videos.
The remaining part of our paper is organized as follows. Section
2 discusses the background and measurement methodology. The
characteristics of the external links are presented in Section 3. Section 4 is devoted into the comparison of the correlation between
internal links and external links. Section 5 lists the related work
and finally, we conclude our paper in Section 6.

2.

BACKGROUND AND MEASUREMENT
METHODOLOGY

2.1 Background and Motivation
Currently, there is rapid growth of the web sites of the online social networks. One key feature of these web sites is that the users
are not only the information consumers, but also actively upload
contents of their own. One notable class of online social network
web sites is for video sharing, represented by YouTube and Youku.
These video sites have attracted a great number of studies in the recent years. These studies, however, focus on various internal links
of the video sharing sites. That is, they work on the relationship of
the users and the videos within the video sites.
To widely distribute the content videos and to attract more users,
these video sites provide external links for the videos. The users
can easily obtain an embedded link of a video and paste the link to
any web pages in other web sites, such as forums, or their blogs. In
this paper, we define the internal links as those maintaining a relationship within the web sites. These links include the user-video,
user-user, video-video relationship. We define the external links as
the links to the videos that are embedded in other web sites.
Though these external links are important since, we believe, they
are designed to improve the popularity of the video sharing sites, to
the best of our knowledge, there is no study on their characteristics.
Therefore, we would like to ask 1) what the impact of the external
links on the videos is; e.g., how many views are contributed by
external links, and 2) what the relationship of the external links
and internal links is; their differences, interactions and correlations.
Such curiosities motivate this paper.

2.2 Measurement Methodology
Our experimental datasets come from two user generated content
VOD sites, YouTube [20] and Youku [21]. YouTube is one of the
largest UGC VOD sites in the world and at the time of this paper is
being written, and it accepts roughly 1.886 billion views [19] every
day. Youku is the most popular video site in China [19], with page
views of 40.9 million per day [19].
We built a crawler to collect the necessary information. For
YouTube, we started our sampling from the recent videos on Mar.
24th, 2009. We recursively crawled all the related videos for 7 days
until Mar. 31st, 2009. In total, we have collected 1.24 × 106 videos
from YouTube. For Youku, we started our sampling from the most

featured videos in the main page on July 8th, 2009 and recursively
crawled the related videos for 5 days. In total we have 1.43 × 106
videos collected. Note the emphasis here is that we have collected
1+ million videos for each site. The upload time of the videos spans
from weeks ago to years ago, not only in the 7 (or 5) day window
of our data collection.
To collect the external links of YouTube, we used a universal
Java Script engine provided by Google [22]. This engine can parse
the Java Script codes from video pages, so as to track the external
link information maintained by YouTube internally. With this engine, we could get the URLs of the external links as well as the
number of views of each external link. Unfortunately, YouTube
only maintains the top-5 external links (in terms of the number of
views) of each video. We have yet to find another method that can
collect the information of all the external links of the videos. Intrinsically, YouTube does not provide an interface to release such
information (or they may not have that information themselves).
Without such interface, unless one can crawl the entire Internet,
it is unlikely that all the external links can be collected. Thus, in
our study, we only use the top-5 external links. For Youku, we
used similar methodology. Youku provides more information, and
we could get the total number of external links for each video, the
URLs and the total number of views of the top-20 external links.
We admit that collecting information only from top external links
affects the accuracy of the study. Our argument is that, on one
hand, part of our studies focus on the evolution of the views from
external links. In such situation, the results are less affected. On
the other hand, for the Youku trace, we have the total number of
external links, and the total number of views of the top-20 external
links. Thus, we have a strong basis to analyze the remaining part
of the views of external links. We did find that the external views
in a large sampling space fit the power law with a r-square over
99.8%. Therefore, we are more confident that our prediction of the
total views are close to reality. The remaining part of our paper use
external links to denote the top-5 external links for YouTube and
top-20 external links for Youku if there is no ambiguity.
Besides the external links, we also collected the information of
internal links (we focus on the related video links) for comparison
study. For such data collection we adopt the same strategies as [1].

3. CHARACTERISTICS OF THE EXTERNAL LINKS
3.1 An Overview of External Links
We first show the impact of the external views on the videos in
Fig. 2. We classify the videos according to their ages, i.e., the total
duration since they have been uploaded to the VOD sites. Note that
YouTube provides the upload date for each video, whereas Youku
provides a rougher estimation of how many days or months or years
a video has been uploaded. For example, the videos uploaded 13
months or 14 months ago in Youku will all be labeled as ‘uploaded
one year ago’. As such, the points 13-month and 25-month in our

figures for Youku stand for the videos uploaded one year and 2
years ago. Note that our results are not affected as the points in our
figures are the average (not accumulative) number of views.
In Fig. 2 (a), we show the percentage of the views that come
from external links. We see that for the videos in YouTube with an
age of two months, 10% of the views come from the top-5 external
links. For videos with an older age, the percentage of the views
from external links gradually drops to around 2%. For Youku, the
impact of external links is much higher. For most of the videos,
more than 8% of views are from the exterior environment. For
videos with an age of 24 months, views from external links can
contribute as many as 15%. Even consider the top-5 external links,
they contribute about 6% - 9% of total views, which is still more
significant than YouTube.
To explain the situation more clearly, we show the specific number of the total views of the videos and the total views from external
links as a function of the video ages. In Fig.2 (b) we show the total
views, averaged per video, for different video age groups (this includes both views from internal links and external links). Clearly,
YouTube attracts much more views than Youku. The total views
increase steadily for both YouTube and Youku as the video ages
increase. In Fig.2 (c), we show the total views from external links
(averaged per video). We see that for YouTube, the total external
views are comparatively stable among all video ages groups. The
external views are concentrated by the first few months. This is
likely because for the external links which referee the video, their
exposure will also reduce when time passes and the exposure of
their posts is superseded by more recent posts, making the views to
the external linked videos drops very fast. As such, there is very
moderate accumulation of the external views. For Youku, the total
external view increases with the time and the discrepancy of views
in external view groups is not that dramatic.
We noticed that there is a big difference between the impact of
the external links on YouTube and Youku; which does not conform to our expectation. We consider a possible explanation can be
that YouTube, as a VOD site of world-wide popularity, the external
links are widely spread to the external websites all over the world.
These external websites may not be world-wide popular, however.
Thus, the external links cannot obtain world-wide popularity and
have less impact (in terms of percentage). Youku, on the contrary,
has popularity within China only. The external links are also on
the Chinese-based websites and can have China-wide popularity.
As such, the comparative impact of the external links of Youku is
much higher than YouTube. Based on our current data, we are unable to verify this. As a very first work on external links, we confine
ourselves to the very fundamental problems such as the correctness
of the data collection, and the understanding of the basic characteristics of the external links, as will be presented in the remaining
part of the paper. We will leave such questions to our future work.

3.2 The Number of External Links
Fig. 3 plots the number of videos as a function of the number
of external links in a log-log scale for different age groups. Since
YouTube cannot provide the total number of links, we only study
Youku in this figure. We can see clearly that a small portion of
videos enjoy the majority of the external links. We therefore use
power law distribution f (x) = α × x−s to fit the data. We find that
the power law distribution fairly matches the external link distribution. This is especially true for the videos that have a large number
of external links, i.e., the tails of the distribution. We find that the
‘tails’ follow power law with a r-square of more than 99% (for specific r for each age group, we redirect the readers to our technical
report [10] for the sake of space limitation). This is not entirely
surprising. Notice that the power law behavior has been observed
in various properties of the UGC. For example, it is shown that the
distribution of the number of views in YouTube also fit the power
law distribution [1][3].
Generally, the exponent s decreases (the power low fit line moves

rightwards in Fig. 3) when the video age increases. A smaller s
with the ages of the videos means that a larger proportion of the
videos has more external links.

3.3 The Views from the External links
We study the views contributed by the external links. We still
use the Youku data set for analysis. Fig. 4 shows the total views
of the external links as a function of the ranks of the external links
in a log-log scale. Note that the rank is from one to 20 as we only
have the views of the top-20 external links. We plot the data for the
videos with an age of one month, seven months and 12 months in
Fig. 4. We see that the number of views also matches the power
law distribution for all three age groups.
Next we would like to estimate the total views from all the external links. Note that we already have the total views of the top-20
external links, and we denote it as V20 . The unknown part is the
views from the external links with the rank greater than 20. We
divide this set into two groups: 1) the videos with more than 20
external links and 2) the videos with less than 20 external links.
For Group 2, we can easily bound the number of views. Thus, our
primary target is to estimate the total views for Group 1.
In Fig. 5 we plot the total views of the external links as a function
of the ranks of the external links in a log-log scale for 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 can see
that the number of views also matches the power law distribution.
Again, to fit the power law distribution, let V(t) be the total number
of views for videos with age t. Let R be the rank of the external
links. Let p(t) be an exponential factor. Let a(t) be an adjustment
factor. We also plot the power law distribution V(t) = a(t) ×
R−p(t) for different age groups in Fig. 5. We see that the videos
groups fit power law distribution better (we put the parameters of
the power law in our technical report [10] due to space limitation).
Such observation indicates that most external views are contributed by the top external links (i.e., high rank external links).
Therefore, we conjecture that even though we only collect the top20 (or top-5) of the external links, they are representative enough.
To verify this, we estimate of the total external views given that the
power law distribution can roughly approximate the views.
Let V1∗ (t) be the total views for the videos of Group 1.
∞

1
a(t) × r −p(t) ≤ a(t) ×
V1∗ (t) ≈
× 20(1−p(t)) (1)
p(t)
−1
r=21
The last inequality holds from the Cauchy convergency test if p(t) >
1. We have observed that this is true in practice (see specific values
of p(t) in our technical report [10]). This completes the estimation
of the views of Group 1. For Group 2, we obtain the accurate total
views V2 provided by the video site.
Therefore, the estimated total view is V20 + V1∗ (t) + V2 . We plot
this number in Fig. 6. We see that the total views from the top-20
external links are very close to the total views when the video ages
are less than 12 months.

3.4 The External Links from Different Video
Categories
We have studied the characteristics of the external links. Now
we take another angle and study from the point of view of the
videos. We plot the number of external links of different categories
in Youku in Fig. 7 (a). In this figure, the categories are ranked by
the average external links on each video. We can see that the number of external links of the videos is substantial. For example, for
a comedy, there can be as many as 878.1 external links. Looking
into the details of our log file, we see that many comedy videos
are linked by a substantial number of different users in their blogs.
Some videos are linked in a great many pages in web forums. This
actually suggests that external links can greatly increase the popularity of the videos.
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Figure 7: The impact on video categories from the external links
In Fig. 7 (b), we select 15 categories in Youku, which have the
highest percentage of external views. We plot the total views of
each category (in green) and the external views of the top-20 external links (in red). In the figure, “Comedy” attracts the largest
number of external views, on average 3847.5 per video. This is
not surprising as “Comedy” also attracts the largest number views
(32286.2), representing the popularity of comedy videos in general. We also see that “Gaming” attracts 7391.4 views in total and
2125.0 views from external links. This is the highest percentage.
This suggests that people would like to view “gaming” videos in
their respective external environment.
To compare Youku and YouTube, we show the views of different categories based on their respective views of the top-5 external
links (see Fig. 7 (c)). In general, YouTube attracts an order of magnitude more views than Youku. The percentage of external views is
much smaller. This conforms to the observation from Fig. 2. Another observation is that the categories that are most viewed by external links are substantially different in YouTube and Youku. For
example, they share in common only 3 out of 7 categories, namely
“Gaming", “Sports", and “News and Politics". This might show the
differences in the flavors between the users in different geographic
regions. In addition, the more success in Youku in extending its
impact into the external environment could suggest that there may
be also potential for YouTube to increase its external views.

20 external links is representative enough for videos which are less
than 12 months old; 4) Different video categories attract different
percentage of external views. In some categories, e.g., “Gaming",
almost 30% of views are contributed by external links.

4. EXTERNAL LINKS VS. INTERNAL LINKS
To further understand the impact of external links on the UGC
video sites, we study the relationship between internal links and
external links which respectively represent the internal environment and the external environment. According to Alexa [19], a
user spends an average of 22 minutes on YouTube and 6.7 minutes
on Youku everyday. As a result, we infer that many users would
watch multiple videos in the VOD sites. For these users, a most
straightforward way is to follow the related video list (See Fig. 7).
We call a video the parent video for the videos in the related video
link list. We specifically focus on the relationship of the external
links, the related video links (We call them the R-links thereafter)
and the popularity of the parent videos on the external links. In
addition, we also study the relationship between the external links
and other factors, such as the total views of the video.

4.1 Internal Parameters and External Links
Fig. 8 presents the relationship of views with various internal
factors of R-links, parent views and total views of the video. We

3.5 Summary
We summarize our major observations in this section as follows:
1) The sheer number of external views and the external links are
substantial for both YouTube and Youku. The external views/links
have contributed greatly to Youku while it still remains small to
YouTube; 2) Most of the external links are linked to a small number
of videos, i.e., the number of external links conforms to power law
distribution; it fits especially well for the videos with large number
of external links; 3) The number of external views also conforms
to power law distribution; it fits better for old-age videos. Though
we cannot obtain the total views of all the external links, with the
observation of power law, we can deduct that the views from top-

Figure 7: The related video link (R-link)
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Corr
views
Ex. links
R-links
parent views

views
1
0.506
-0.018
0.22

Ex. links
0.506
1
-0.029
0.20

R-links
-0.018
-0.029
1
0.23

parent views
0.22
0.20
0.23
1

Corr
views
R-links
parent views

views
1
0.49
0.77

R-links
0.49
1
0.60

parent views
0.77
0.60
1

Table 2: The correlation coefficient of parameters in YouTube
Table 1: The correlation coefficient of parameters in Youku
plot in Fig. 8 (a) the number of internal views as a function of the
number of R-links of Youku. Here, we can hardly see any impact
of the R-links on the improvement of the internal views of Youku.
We plot in Fig. 8 (b) the number of total views as a function of the
number of R-links of YouTube and we see that there is a correlation.
This shows that more R-links will lead to an increase of the views
of YouTube. We plot in Fig. 8 (c), (d) the average views of a
video as a function of the views from the parent video for Youku
and YouTube respectively. We see that in general, the popularity
of the parent videos has a positive impact on the video views for
both Youku and YouTube, and the parent views of YouTube shows
a stronger impact.
Fig. 9 depicts the relationship between the number of external
links with the three internal factors, namely the number of views,
the views from parent videos and the number of R-links. All the
results in Fig. 9 are from Youku data set. Fig. 9 (a) shows that
there is a clear relationship between the views of videos and the
number of external links. Especially when the number of views is
100, we can see this relationship is almost linear. This can also explain the result in Section 3.2, the power law ‘tail’ of the number
external links. Fig. 9 (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.
In Fig. 9 (c), we see there is even weaker relationship between the
number of R-links and the number of external links in Youku.

4.2 Analysis of the Correlation
We next conduct an in-depth analysis on the correlation coef-

ficients1 between the external link and internal factors for both
Youku and YouTube (see Table 1 and Table 2). In Table 1 we find
that the total views and the number of external links of Youku are
most correlated with a correlation coefficient of 0.506. The number
of R-links hardly affects the number of external links and the total
views. The views from parent videos weakly correlated with all the
factors. This conforms to the general intuition as the popularity of
the video itself will directly impact on the external links (and vice
versa); the popularity of the parent video will have a more moderate impact and a larger related video links will have an even weaker
impact on the external links.
Compared with Youku, the internal connections in YouTube are
much tighter. In details, we can see that the relationship of the
number of R-links, the parent views and the total views are high
(0.77, 0.60, 0.49 respectively).

4.3 Summary
We summarize our observation in this subsection as follows: 1)
the number of external links are mostly and more directly affected
by the total views of the videos; 2) the number of external links can
be affected indirectly by such internal factors as parent views and
the number of R-links, since these factors can increase the views
1
Here, a correlation coefficient of 1 indicates that the two parameters are linearly correlated, i.e., one parameter will increase (or
decrease) linearly with the other parameter. A correlation coefficient of -1 indicates that one parameter will increase linearly as the
other parameter decreases.

of videos; 3) we see that the internal factors in YouTube have a
stronger correlation than that in Youku.

5.

RELATED WORK

Nowadays, online social network sites, such as Facebook, MySpace and Flickr have attracted millions of people all of the world.
These sites are substantially different from the conventional sites
as the users are highly involved in the content generation and daily
activities of these sites. Consequently, there is an increasing number of studies on the behaviors of these sites, especially on the user
behaviors and interactions. For example, the user profiles of Facebook is studied in [18], the characteristics of the users is studied in
[16] and the user interactions of Flickr is studied in [17].
Many sites with partially online social behaviors are also studied,
for example, Slashdot Zoo [8], Orkut [2], MSN [11], online Ecommerce [12] and a more general network [6]. There is also a
flourish of interest in understanding specific features of these online
social web sites. For example, in [5], the keywords generated by
the users are classified; the connection of the users through tags is
analyzed in [14]; and a new temporal distance metric is developed
in [15] to quantify the speed of information distribution process.
There is a unique class of online social network sites which focuses on user generated videos. The most popular worldwide to
date is YouTube and the largest in China is Youku. In [1] and [3]
the general features of YouTube are studied. The interesting observations among the many include 1) a clear power-law distribution
for the popular videos, 2) a small world phenomenon for the videos
linked by internal related video links, and 3) as these sites undertake videos which have a much higher demand on the bandwidth,
a peer-to-peer structure is discussed. Indeed, NetTube is developed
showing the possibility of using a peer-to-peer in [4].
A comparison of different online social networks can be found in
[13]; for the four online social networks studied, strong connected
cores have been observed. In [7], the traffic of YouTube in campus
is characterized.
In our work, we study the external links of the online social video
sites for both YouTube and Youku. Clearly, the introduction of
external links is to distribute information faster and more widely.
It leads the video sites to penetrate deeper into the online world.
Understanding the characteristics of the external links as well as
their interaction with the internal links is thus important. We have
a preliminary work in [9] where we presented some characteristics
of the external links of YouTube. In this study, we substantially
extended the measurement results and analysis of the external links.
In addition, we study the correlation of the internal links. We study
two similar VOD sites and we show that the two video sites have
quite different characteristics in external behavior.

6.

CONCLUSION AND DISCUSSION

In this paper, we studied in detail an important aspect of video
sharing sites: the external links. The external links provide a unique
way for the VOD sites to penetrate into other websites. We observed that the external links can play a non-trivial role both in
terms of the number of external links on a video, and the number of
views contributed to the video. We also observed that the external
links have quite different impact on YouTube and Youku. We studied the external links for different video categories. We also discussed the correlations of the external links and the internal related
video links. We showed that the number of internal related video
links have less impact on the external links than the total views of
the video. We believe that our work can provide the foundation for
the VOD sites to make more targeted advertisement, customized
user development, etc.
As a very first work on the external environment of VOD sites,
we only concentrate on some fundamental problems, such as how
the data of external links can be collected, whether the data collection on top external links only can provide a good approximation

for the overall picture, and some basic aspects of the external links.
There are many important problems that yet to be answered. Especially, we are interested in the cause of the big different impact
of external links on Youku and YouTube where our current data set
cannot provide a convincing explanation.
In the future, we can see two important directions. On the characteristics of the external links, it would be necessary to crawl more
on the host websites. For example, the background of the linkage,
the basic information of the post containing the external link. On
the interaction of the external links and internal links, we are interested to see other internal factors. As a whole, we hope our work
can foster interest in studies on external links and more innovative
usage of external links to be invented.
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