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a b s t r a c t

YouTube offers a great opportunity for people to entertain, advertise, gain popularity, and generate
revenue. How to increase views for a video has become the key question for anyone who wish to be
famous or gain more revenue. Recognizing that a recommendation system is a major view source for
videos, our goal in this paper is to increase video views in YouTube by leveraging on the recommendation

recommendation links and identify factors that influence the recommendation produced by the system.
Our measurement results show that similarity in video meta-data is a crucial ingredient in connecting
videos. We then propose a keyword suggestion method for a video with the aim to raise video views
through the recommendation system. The keyword suggestion method utilizes video clusters on a
referrer video graph to obtain relevant keywords and ranks keywords based on both their relevance and
their potential to attract video views. The effectiveness of the keyword suggestion method is demon-
strated through a case study, showing that using the keywords suggested by our method leads to a larger
number of video views and higher average watching time per video playback compared to initial user-
given keywords.

& 2016 Elsevier B.V. All rights reserved.
1. Introduction

Social media websites have been experiencing explosive devel-
opments in the recent years. According to the Alexa statistics, among
the top ten most popular websites around the world, five are social
media websites. Content creators, advertisers and anyone who wish
to gain fame and generate revenue through social media websites are
interested in the popularity of their contents. Most of popular social
media websites deploy search engines to assist users in finding
desired items from a huge collection of items. When it comes to
YouTube, the search engine retrieves a video via its textual descrip-
tion. However, the textual information of a video is usually incom-
plete, inconsistent or even unavailable, because it is a time-consuming
task for content uploaders to describe their videos appropriately,
completely and attractively. Consequently, the search engine becomes
inefficient and thus the visibility of poorly described videos decreases.

Recommendation systems are currently broadly utilized as a part
of online social networking and e-commerce websites. These
recommendation systems exploit the clues from the history of users'
behavior and content metadata to predict the items that will capture
the interests of users. For instance, the collaborative filtering algo-
rithm measures similarity between items by the times of co-access,
and thus it is able to recommend an item to users even without
textual data of item itself. Therefore, recommendation systems play a
critically important role in helping users to discover interesting con-
tents. For example, it has been shown in our previous work [1] that
approximately thirty percent of the views on YouTube are contributed
by the YouTube recommendation system.

We focus on a common scenario where an item is shownwith a
recommendation list containing related items. An example of this
scenario is the related video recommendation on YouTube, where
a list of related videos is shown to the user on the right of video
playing page. While a user usually starts the viewing process from
search engines, homepage, or external links embedded on other
websites, s/he probably continues watching videos through click-
ing on one of the related videos. Thus, a single video view is likely
to be followed by a series of video viewing on the site under the
impact of the recommendation system. In other words, a view
received at a video may propagate to its related videos. The goal of
the paper is to study this propagation process systemically, which

www.sciencedirect.com/science/journal/09252312
www.elsevier.com/locate/neucom
http://dx.doi.org/10.1016/j.neucom.2016.05.002
http://dx.doi.org/10.1016/j.neucom.2016.05.002
http://dx.doi.org/10.1016/j.neucom.2016.05.002
http://crossmark.crossref.org/dialog/?doi=10.1016/j.neucom.2016.05.002&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1016/j.neucom.2016.05.002&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1016/j.neucom.2016.05.002&domain=pdf
mailto:jilin.zhang@hdu.edu.cn
http://dx.doi.org/10.1016/j.neucom.2016.05.002
https://www.researchgate.net/publication/220269659_The_impact_of_YouTube_recommendation_system_on_video_views?el=1_x_8&enrichId=rgreq-fed69f9ca6ed6709271fdd8c13c49502-XXX&enrichSource=Y292ZXJQYWdlOzMwMzQzOTM4MTtBUzo0MDE4MTQzMTE3MTg5MTJAMTQ3MjgxMTQwNTQ3NQ==
angelikajohns
Highlight

angelikajohns
Highlight

angelikajohns
Highlight

angelikajohns
Highlight

angelikajohns
Highlight

angelikajohns
Highlight



R. Zhou et al. / Neurocomputing 205 (2016) 529–541530
would allow one to better utilize the recommendation system to
help users find videos of their interests and meanwhile boost the
popularity of videos.

With the goal in mind, we propose a model which captures the
mechanism underlying the propagation of views through a
recommendation system, allowing us to investigate how a video's
popularity impacts popularity of other videos via these recom-
mendation links [2]. Quantifying the influence between videos is
the basis of identifying the most influential videos in terms of
contributed views. By examining influential videos, we are able to
identify the characteristics of videos that are potentially beneficial
to a video. Taking advantage of this knowledge, we investigate the
possibility of improving metadata of a video to induce recom-
mendation linkage with potentially advantageous videos. Finally,
we propose a keyword suggestion algorithm, which will help
uploaders compose the textual description of a video and also
increase the popularity of his/her videos. The contributions of the
paper are summarized as follows.

� A Markov-based view propagation model is proposed to esti-
mate the number of views one video contributes another video.
Based on the model, we investigate the roles of factors like
distance between videos, the number of injected views in
impacting the view propagation. The results show that approxi-
mately two thirds of propagated views are from the direct top
referrers and nearly 15% of propagated views are from the
indirect top referrers. Furthermore, we find that the number of
injected views of a referrer video (means the number of views
coming from sources except recommendation system) is the
most important factor in determining the number of views
propagated from it in general. These results imply that it is the
most beneficial to attach a video directly to referrer videos with
a large number of views.

� It is found that the similarity of meta-data between videos plays a
significant role in establishing the connection between videos.
Approximately 65% of the videos contain the video with the
highest title/tag similarity in their related video lists. This result
further suggests that it is possible to use the title/tag similarity in
the attempt to create recommendation linkage between videos.

� A keyword suggestion algorithm is proposed for suggesting
keywords that are relevant to a topic given by a user and have
high potential to attract views to a video. We demonstrate that
videos with similar topics tend to form a cluster in the referrer
video graph induced by the recommendation system and
exploit this property to obtain keywords relevant to a topic.
Then, a metric is proposed for ranking keywords based on both
their relevance and potential to attract views. Our case study
experiment demonstrates effectiveness of the keyword sug-
gestion algorithm in helping users discover videos of their
interests and increasing video views as well.

The paper is organized as follows. A view propagation model
for estimating influence between videos is proposed in Section 2.
The dataset and our method for analyzing the influence between
YouTube videos is described in Sections 3 and 4, respectively.
Section 5 investigates the roles of factors in impacting view pro-
pagation. Section 6 examines how the titles, tags and categories of
videos affect the formation of recommendation linkage between
videos. In Section 7, we describe our keyword suggestion algo-
rithm and demonstrate its effectiveness. Related work is discussed
in Section 8 and the paper is concluded in Section 9.

2. View propagation model

In this section, we describe a view propagation model which
captures the mechanism underlying the propagation of views
through recommendation links between videos. The model allows
us to derive influence between each pair of videos even though
there are no direct recommendation links between them. This
model is a basis for our investigation of the influence of one
video's popularity to other videos' popularity through the
recommendation system in the later sections.

Consider a common scenario where an item is shown with a
recommendation list containing recommended items. For exam-
ple, a video page on YouTube shows a list of videos related to the
video. A user normally reaches the first item via sources except the
recommendation lists, then s/he may continue to view another
item in the recommendation list of the first item and continue on.
Our interest in this paper is to gain insights into how one item's
popularity affects any other item's popularity via these recom-
mendation links. Usually, it is not difficult to obtain the click
through rate from item i to any item j in i's recommendation list.
However, the click through rate is not sufficient for satisfying our
need as it only captures the influence between items that are
directly connected by recommendation links. Therefore, we pro-
pose a view propagation model which captures the mechanism
underlying the propagation of views through recommendation
links, allowing us to derive influence between items, even though
there are no direct links between them.

Let us now introduce several terminologies. As mentioned
before, it is common that an item i is shown along with a
recommendation list. A user viewing item i may continue to view
any item j in is' recommendation list. Here, item i is named as a
referrer item of item j. The view item j received from its referrer
item i through the recommendation list is called a propagated
view. A view an item received from sources except the recom-
mendation list is defined as an injected view.

Let P be the transition probability matrix of the view propa-
gation process. It is a square matrix of order N, where N equals the
number of items in a system, and each entry Pði; jÞ represents the
click through rate from i to j. Where, 0rPði; jÞr1, and Pði; jÞ ¼ 0
when j is not in is' recommendation list. Let F be the N � N
influence coefficient matrix, where each entry Fði; jÞ represents the
coefficient of influence from i to j, meaning the probability that a
user who views item i will watch item j by clicking on recom-
mendation lists one by one. It is necessary to mention that matrix
P and F are different, since Pði; jÞ is the probability of directly
clicking to watch item j on is' recommendation list after viewing
item i.

The the view propagation process can be described as follows.
It starts with an injected view of item i, then it will either pro-
pagate a view to one of the items in the recommendation list of i
or stop propagating, in accordance with the transition probability
matrix P. The propagation continues iteratively until stop propa-
gating. Given the number of injected views and the transition
probability matrix P, we can obtain the number of propagated
views between items by iterating the view propagation. Let VI be
the row vector of injected view count, VP be the row vector of

propagated view count, and V kh i
P be the row vector of propagated

view count in kth iteration. Then, we can derive V 1h i
P ¼ VIP and

V kh i
P ¼ V k�1h i

P P. The total propagated view count of a video equals
the summation of propagated view count from every iteration.
Thus, we have

VP ¼ lim
n-1

Xn
k ¼ 1

V kh i
P ¼ lim

n-1

Xn
k ¼ 1

VIP
k: ð1Þ

The series converges [3] if Pk k1o1. This condition is equivalent to
that, the sum of the click through rates originated from each item i
is less than one. The condition is usually satisfied in reality because
not all users will continue to view items in the recommendation
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list. The converged series is given by

VP ¼ VIððI�PÞ�1� IÞ; ð2Þ

where I is the identity matrix. The matrix ððI�PÞ�1� IÞ, which
represents the fraction of injected views propagate from one item
to another item, is defined as the influence coefficient matrix F,
that is, F ¼ ððI�PÞ�1� IÞ.

In the following sections, using this view propagation model,
we analyze the injected view, transition probability matrix, influ-
ence coefficient, and propagated view between videos in order to
gain further insights into how views propagated through recom-
mendation links between videos and how videos influence
each other.
3. Dataset description

For each video, we can obtain three types of information:
metadata, a related video list, and view statistics. Firstly, the
metadata consists of primary information of a video like title,
description, and total number of views. Secondly, the related video
list containing twenty to twenty five related videos. Thirdly, the
view statistics contains the time series of total number of views,
the top ten view sources, and the date of the first referral view and
the number of views from each source. The view sources are
classified into fourteen categories. The category that we will use in
this paper is the category of Related video. For such category, the
view statistics provide the identification of a referrer video along
with the view count contributed by it. A referrer video that
appears in the top ten view sources of a video is referred to as a top
referrer video of the video.

The dataset used in the paper was crawled repeatedly every
two weeks during a period of four months from November 2010 to
March 2011. At the very beginning of the crawling process, 1502
seed videos were selected by retrieving randomly via YouTube API
video feeds. For each round, the process started from crawling the
seed videos. The three types of associated information of the
videos were crawled and their top referrer videos were obtained.
Then, the top referrer videos were crawled in the same way. This
crawling process was conducted recursively in the way of breadth-
first-search for six levels, and finally approximately one hundred
and twenty thousand videos were crawled in each round. The
overview of the videos in our dataset is provided by showing the
complementary cumulative distribution function (CCDF), PðX4xÞ,
in Fig. 1, where X-axis represents the video view count, Y-axis
represents the value of CCDF. As shown in the figure, the video
popularity ranges from one view to almost three hundred and
eighty million views, which enables us to investigate videos with a
extremely wide range of popularity.
100 102 104 106 108 101010−6

10−4

10−2

100

Number of views

C
C

D
F

Fig. 1. Complementary cumulative distribution of video view count.
4. Obtaining view propagation elements for YouTube videos

This section describes the obtaining of the four elements:
injected view, transition probability matrix, influence coefficient
matrix, and propagated view from YouTube data.

4.1. Estimation of the injected view and the transition probability
matrix

In our propagation model, injected views are the origins of all
views in a system and are used as input to the propagation model
for computing the number of propagated views. According to the
definition, the number of injected views of a video equals the total
number of views minus the number of views from its referrer
videos. Since a video's data statistics only contains the top ten
view sources, we can only estimate the number of injected views
of a video as the total number of views minus the number of views
from its top referrer videos. That is, we do not have full information
of injected view from our dataset. On the other hand, we do have
the total view count of each video. Here we describe how the
injected view vector VI can be estimated from the total view. Let V
be a row vector of the total view of videos. According to Eq. (2), we
have VI ¼ V ðI�PÞ ¼ V�VP.

Let us now introduce our method to obtain P from YouTube
data. From video js' view statistics, we can identify the number of
views that contributed from each of its top referrer videos. Thus,
we can compute a click through rate Pði; jÞ from a top referrer
video i to video j. These click through rates constitute part of the
matrix P. We refer to the partial matrix of P containing the click
through rates from top referrer videos as Ptop.

As shown in our measurement, the set of top referrer videos is
quite stable, 96% of pairs of a video and its top referrer video
remain the same during the four-month period. This result also
indicates that the click through rates of top referrer videos are
persistent. In addition, the top referrer videos of a video usually
start to refer to the video in the early age of the video. Our
investigation shows that more than 70% the referrer videos of a
video start referring to the video in the early 10% of the video's
lifetime. We take a group of videos with age from 90 to 100 days as
an example to investigate the age of a video when it receives first
view from each of its top referrer videos. Fig. 2 shows the cumu-
lative distribution function (CDF), PðXrxÞ, where the X-axis
represents the age of a video when it receives the first view from
each of its top referrers, Y-axis represents the value of CDF. From
the figure, we find that nearly 80% of the referrer videos of a video
refer to the video in 10 days. The result demonstrates that most
top referrer videos start referring to a video in early period of
video lifetime. Thus, Ptopði; jÞ between video j and its top referrer
video i can be simply computed from the view statistics of j as the
0 10 20 30 40 50 60 70 80 90 100
0
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Fig. 2. Age of a video when it receives the first view from each of its top referrers.
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ratio of the view referred from video i to video j over the total view
of video i.

Let us now consider click through rates from non-top referrer
videos. As reported in our previous work [2], only about four
percent of the videos are positioned in the top two of the related
video lists of their non-top referrer videos. Furthermore, non-top
referrer video links are often changing. As a result, the click
through rates from non-top referrer videos are much smaller than
those of the top referrer links in a long period. Thus, transition
probability matrix P can be well estimated using the Ptop.

4.2. Estimation of the influence coefficient matrix and propagated
view between videos

For estimating the influence coefficient matrix, let us consider
the following equation:

VP ¼ VIF ¼ VI ½PtopþP2
topþ⋯� ð3Þ

In the following, we will argue that F can be well approximated
by PtopþP2

top. Our investigation shows that most of the entries of
transition probability matrix are less than 0.2, thus the terms with
the power larger than three are negligible.

Furthermore, the number of injected views of indirect top
referrer videos (the top referrers of top referrers of a video) is
much larger than that of non-top referrer videos. More than 80% of
the cases, indirect top referrer videos have larger injected view
count than non-top referrer videos. The average injected view
count of indirect top referrer videos is on average more than 300
times of that of non-top referrer videos.

Based on the above arguments, we can conclude that F can be
well approximated by PtopþP2

top, since most of the significant
entries in F have been captured. Furthermore, the approximation
prunes a dense matrix into a sparse matrix that contains the most
important entries. We are now able to compute all the four ele-
ments associated with the view propagation process, and they can
be used for our analysis in the rest of the paper.
5. Factors in view propagation

For gaining more knowledge on identifying the most effective
referrers, we will compare the importance of the two factors in
view propagation, that is, injected view and influence coefficient.

5.1. How length of path affects view propagation

By approximating influence coefficient matrix as Ptop þ P2top, the
influence coefficients can be decomposed into two parts: influence
coefficients associated with length-1 path and length-2 path,
10−6 10−4 10−2 100
0

0.2

0.4

0.6

0.8

1

Influence

C
D

F

direct
indirect

Fig. 3. (a) Influence coefficient associated with length-1 and length-2 paths. (b
respectively. For the purpose of obtaining a better understanding
of the impact of path length on the view propagation, we inves-
tigate the difference between influence coefficients associated
with length-1 and length-2 paths. The distribution of values in Ptop
and P2top is shown in Fig. 3a. The influence coefficients associated
with length-2 paths are much smaller. There may be several
length-2 paths from a video to another video, however, the
influence coefficients aggregated from them are usually smaller
than the influence coefficient of a length-1 path. More specifically,
the average influence coefficient associated with length-1 path is
approximately 0.045, while the average influence coefficient
associated with length-2 path is 0.0023. These results indicate that
influence coefficient decreases to approximately one-twentieth on
average when the distance between videos increases from one hop
to two hops.

Next, we will investigate the importance of the direct and
indirect top referrers, which are videos that refer to a video via the
length-1 and length-2 path, respectively. For every video, we
compute the importance of each referrer type as the percentage of
the propagated views coming from the referrer of that type over
the total number of propagated views of the video. As can be seen
from Fig. 3b, the percentage of propagated views from direct top
referrer videos is higher than that of indirect top referrer videos.
On average, direct top referrers contribute 68% of propagated
views, while indirect top referrers contribute nearly 15% of pro-
pagated views. It is not surprising that the direct top referrer
videos contribute the majority of the propagated views, but it is
interesting to see that the contribution from the indirect top
referrer videos are non-negligible. Since the previous results show
that the influence coefficients decrease greatly as the path length
increases from one hop to two hops. In totally, more than 80% of
the propagated views are contributed by the direct/indirect top
referrers contribute. This result implies that if one aims to increase
the popularity of a video by leveraging on the recommendation
links, to be directly referred by beneficial videos should be the best
choice. Taking a step back, when direct attachment is impossible,
to be on the related lists of videos that are referred by beneficial
videos could also be effective.

5.2. Impacts of influence coefficient versus injected view

We investigate whether influence coefficient or injected view
has a more significant impact on contribution of referrer video
views to a video. A better understanding of the above question
would provide hints for video uploaders to attach their videos to
the most beneficial videos. For each video, we compute the
Spearman's rank correlation between the injected view count of its
referrer videos and the number of views propagated from those
videos as well as the Spearman's rank correlation between the
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) Percentage of propagated views from direct/indirect top referrer videos.
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Fig. 4. (a) CDF of title/tag similarity between related videos. (b) CDF of title/tag similarity rank between related videos.
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influence coefficient and the number of propagated views from its
referrer videos. The computations show that the propagated view
has a higher correlation with the injected view than that with
influence coefficient, the averages are 0.51 and 0.29, respectively.
These results indicate that a video is more likely to obtain more
propagated views from referrer videos with large injected view
count than referrer videos with high influence coefficients. Our
conclusion is that videos with large injected view count are the
most preferable when one aims to attract more propagated views.
Now that we have some knowledge in identifying the most ben-
eficial referrers. We will then study how to attach a video on the
related video lists of these most beneficial referrers.
6. Factors influencing related video recommendation

On YouTube, related video is recommended based on the
number of co-views between videos, which is extracted from user
browsing patterns [4]. The precise definition of a co-view may be
varied, but generally the number of co-views between a pair of
videos depends on how often the videos are viewed together
within some specific period, e.g., within a single user session. Co-
viewing is induced by human factors as well as other factors that
lead a user to discover a pair of videos together within a session. In
the section, we study the characteristics of videos in related video
lists to identify some of the factors that increase the number of co-
views, thus influencing related video recommendation.

6.1. Related video relationship

To investigate the relationship between related videos, we
examine the similarity of video metadata including uploader,
category, title, and tag. From this point on, a pair of a video and
one of its related video will be referred to as a related video pair.
For this measurement, we randomly select 7623 videos to study
their related videos. Each video has between 20 and 25 related
videos. In total, the dataset contains 190,233 related video pairs.

First, we examine whether related videos are in the same
category. Each video on YouTube belongs to one of the 15 cate-
gories. We found that only 54% of the related video pairs are
within the same category. This result suggests that users may co-
view videos even they are from different categories. From this
result, it seems that video category does not have strong influence
on the related list recommendation.

Second, we investigate whether related videos are uploaded
from the same uploader. From our dataset, 27% of the related video
pairs have the same uploader. Although the number is less than
the number of related video pairs with the same category, it is
more significant because the number of videos from one uploader
is much smaller than the number of videos from one category. The
meaning of this result is that the influence of video uploader on
the related list recommendation is quite significant.

Next, we examine whether titles and tags of related videos are
similar. We start from measuring whether related videos share at
least one common keyword in their titles and tags. To perform the
comparison, for each video we tokenize its title and tags into a set
of words. Common stop words are not included in the set. We
refer to each word in the set as a keyword of a video. We found
that 79% of the related video pairs contain at least one common
keyword, which indicates that it is common for related videos to
share one or more keywords in their titles and tags.

To further investigate the title and tag similarity, we quantify
the similarity of videos' titles and tags. We represent a title and
tags of each video with a TF-IDF vector. The TF of keyword k in
video i is computed as TFi;k ¼ ni;k=

P
gAKni;g , where ni;k represents

the times of occurrences of keyword k in the title and tags of video
i, and K is the set of all keywords. To compute the IDF of each
keyword, we create a pool of 114,460 videos that contains all
videos crawled in a round and then compute the IDF by treating
the textual description of each video in the pool as a document.
The IDF of keyword k is computed as IDFk ¼ log ð Vj j= Vk

�� ��Þ, where V
is the set of videos in the pool, and Vk is the set of videos in the
pool that contain keyword k.

Having obtained the TF-IDF vector for each video, we define the
title/tag similarity between two videos as the cosine similarity
between the TF-IDF vectors of the videos. We first show the CDF of
the title/tag similarity of related video pairs in our dataset in
Fig. 4a. From the figure, except for the similarity of zero, the title/
tag similarity is distributed almost uniformly between 0 to 0.6.
There are few related video pairs with the similarity beyond 0.6.
From this result, it seems that it is not necessary for related videos
to have high title/tag similarity. However, we hypothesize that the
absolute similarity may not be as important as the similarity
relative to other videos.

We next investigate whether related videos of a video have
higher title/tag similarity. For every video in the pool, we rank all
the other videos based on their title/tag similarity with the video
and examine the ranks of its related videos. The ranks of videos
with the same similarity are adjusted so that they have the same
rank, which is the average rank among them. Related videos with
zero similarity are in the last rank. The CDF of the similarity rank of
the related videos is shown in Fig. 4b. From the figure, 75% of the
related video pairs are ranked between 1 and 1000, that is, among
the top 0.8% most similar videos. Only a small fraction of related
videos are ranked lower than 1000. The sudden rise in the CDF
around the 100 000th rank is from the related video pairs with
zero similarity. The result indicates that related videos of a video
usually have higher title/tag similarity to the video in comparison
with the other videos. In addition, Fig. 5 shows the likelihood of a
video having the nth most similar title/tag video as their related
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video. As can be seen from the figure, there is higher likelihood
that a video will have a video with higher title/tag similarity as
their related video. Approximately 65% of the videos contain the
video with the highest title/tag similarity in their related video
lists. The likelihood drops sharply as the rank lowers from 1 to 50,
and then gradually decreases after the 50th rank. This result fur-
ther suggests that we may be able to use the title/tag similarity in
the attempt to create recommendation linkage between videos.

From all the measurement results we present in this section,
we conclude that title/tag similarity of videos is an important,
though not decisive, factor that can influence the formation of
recommendation linkage between videos. This means that as one
plan to attach a video to other videos in order to attract more
views, he or she should compose the video's title and tags using
keywords similar to those videos.

6.2. Top referrer video relationship

We have shown that title/tag similarity influences the related
video recommendation; nevertheless, being on a related video list
does not guarantee that a video will receive views from the
referrer video. On the other hand, by examining the top referrer
videos of a video, we can identify the characteristics of the videos
that actually make themselves stand out as significant view con-
tributor to the video.

Our dataset for this measurement contains 7623 videos with at
least one top referrer video, resulting in 28,943 direct top referrer
video pairs We found that 56% of the direct top referrer pairs and
36% of the indirect top referrer pairs belong to the same category.
Similar to the results for related video pairs, this result means that
a video and its top referrer videos are not necessarily in the same
category. On the other hand, our investigation shows that 67% of
the direct top referrer pairs and 57% of the indirect top referrer
pairs have the same uploader, suggesting that it is common that
videos from the same uploader become the top referrers of
a video.

Next, we investigate whether the title/tag similarity is corre-
lated with whether a video being a top referrer of another video. If
this is the case, we can then conclude that using similar keywords
not only increases the chance of building recommendation link-
age, but the created links also tend to be strong. Initially, we found
that 79% of the direct top referrer pairs and 64% of the indirect top
referrer pairs are video pairs that share at least one common
keyword, suggesting the significance of sharing the same key-
words in top referrer video relationship.

We next compute the probability of a video having the nth
most similar video in terms of title/tag as a top referrer video. The
percentage of videos that have the nth most similar video as their
direct and indirect top referrers is shown in Fig. 6. From the figure,
27% of the videos have their most similar videos (1st rank) as their
direct top referrers, and 10% of the videos have them as their
indirect top referrers. That is, 37% of the videos have their most
similar videos (1st rank) as direct/indirect top referrers. Further-
more, videos ranked in the top five in terms of their similarity with
a video have a percentage higher than 20% will become the video's
direct/indirect top referrers. These results indicate that the influ-
ence of title/tag similarity in formation of top referrer relationship
is prominent. The underlying reason why title/tag similarity is
important could be due to the following working mechanism of
video recommendation system. When there is insufficient co-view
information for recommending videos, the title/tag of videos
become the main information on which recommendation system
can rely. Intuitively, the recommendation system will recommend
videos with high similarity in their titles and tags. The startup
recommendation then provides a good chance for videos to
receive more co-views from referrer videos. As a result, videos
with more similar titles/tags have a higher probability to form top
referrer relationship.

From what we have investigated above, we draw the conclu-
sion that the similarity in video meta-data like title, tags, and
uploader is a significant element that affects the formation of top
referrer relationship. Since an uploader of a video is not a property
that can be controlled by a user, we focus on the importance of the
title/tag similarity. In the following sections, we propose an key-
word recommendation algorithm for helping video uploaders
compose the titles and tags of their videos more appropriately and
thus attract more views to their videos.
7. Keyword suggestion for boosting video views

We now consider the problem of what titles/keywords a video
should use in order to boost its views through the recommenda-
tion system. More specifically, we would like to build a keyword
suggestion tool such that, given a video, the tool recommends
keywords for composing the video's title and tags that will help to
increase video views. In our scenario, a user provides a hint of a
topic of a given video by inputting a few related keywords, then
our keyword suggestion tool will output beneficial keywords
related to the given topic. From the recommended keywords, the
user can compose a title and tags of the video as appropriate.

In this section, we first address the question of how to obtain
keywords relevant to a given topic. Then, we propose an algorithm
for ranking the relevant keywords that takes into account the
potential of a keyword in attracting views.

7.1. Obtaining relevant keywords

This section explains how our keyword suggestion algorithm
obtains keywords relevant to a set of keywords given by a user.
Our tool accepts a hint of a topic of a video from a user as a small
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set of keywords, which we refer as initial keywords. Because key-
words of videos may not only contain dictionary words, but also
proper nouns, we cannot simply suggest the synonyms from a
dictionary. Instead, we utilize a top referrer graph to infer rela-
tionship between keywords. The top referrer graph is a graph in
which each node is a video and there is an edge between every top
referrer video pair. The adjacency matrix of the graph is the matrix
Ptop defined in Section 4.1. Since the top referrer relationship is
induced from user behavior, an edge in the top referrer graph
connects a pair of videos that have strong connection based on
collective user judgment, so the keywords of the videos should
have strong connection as well. With this consideration, we decide
to use the top referrer graph as a source for inferring keyword
relationship.

Given the top referrer video graph, we assume that videos
relating to the same topic are close in the graph and form a cluster
of videos with many connections among themselves. Therefore,
keywords relating to a topic can be obtained from a video cluster.
In the following sections, we present our measurement to verify
this hypothesis. We first show that there is indeed cluster struc-
ture in the top referrer graph. Then, we show that videos from the
same cluster are generally from the same topic. Finally, we
describe how our keyword suggestion tool uses this knowledge to
obtain relevant keywords.

7.1.1. Clustering structure in the top referrer video graph
To investigate whether there is cluster structure in the top

referrer video graph, we run a clustering algorithm on the top
referrer video graph created from our dataset and measure the
quality of the clusters we obtain. Since the cluster structure is
mostly a problem concerned with an undirected graph, and the
existence of an edge between videos is sufficient for indicating
relationship between videos without concerning its direction, we
transform the top referrer graph to an undirected graph. The
weight of an edge is the largest click through rate between the two
videos.

We use the Markov Clustering algorithm (MCL) to cluster
videos in the graph [5,6]. The MCL algorithm fits well with our
scenario because it works without a pre-specified number of
clusters. The 114,460 videos in our graph are clustered into 5764
clusters. As can be seen from the distribution of the cluster size in
Fig. 7, the majority of the clusters have a size of ten to one hundred
videos. The average cluster size is 20 videos, and the largest cluster
contains 512 videos.

The quality of the clustering can be measured by the mass
fraction and the area fraction [6]. The mass fraction is defined as
the summation of the weight of the edges captured by the clus-
tering divided by the total weight of edges. An edge captured by
the clustering refers to an edge with both ends in the same cluster.
The area fraction is defined as the summation of the area of all
100 101 102 103
0

0.2

0.4

0.6

0.8

1

Cluster size

C
D

F

Fig. 7. Distribution of cluster size.
clusters divided by the area of the whole data set, where area
refers to the square of the number of nodes in a set. Our clustering
has a mass fraction of 88.9% and an area fraction of 0.3%. The high
mass fraction and low area fraction indicate that there is strong
cluster structure presenting in the top referrer video graph. In
addition, we use the percentage of internal propagated views as
another indicator of the clustering quality. Internal propagated
view refers to the view originating from and terminating at videos
in the same cluster. For a video, the percentage of internal pro-
pagated views equals to the number of propagated views from the
other videos in the same cluster divided by the total propagated
view of the video. For a cluster, the percentage of internal propa-
gated view equals to the summation of internal propagated view
over the summation of propagated view of all videos in the cluster.
Fig. 8 shows the distribution of the percentage of internal propa-
gated view for both the cluster level and the video level, with an
average of 85% and 87%, respectively.

7.1.2. Does a cluster represent a topic?
Having verified that we can obtain good clusters of videos from

the top referrer video graph, our next question is whether videos
from the same cluster are from the same topic. We rely on the
keywords in video titles and tags to infer a topic of a video and
assume that videos with similar keywords are likely to be in the
same topic.

First, we examine title/tag similarity between videos that are
within the same cluster and videos that are from different clusters.
Fig. 9 shows the distribution of similarity between videos that are
within the same cluster and across clusters. As shown in the figure,
intra-cluster video pairs have much higher similarity than inter-
cluster video pairs. The title/tag similarity of more than 80% of
intra-cluster video pairs is larger than 0.1, however, it is less than
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0.1 for more than 90% of inter-cluster video pairs. This implies that
the videos within a cluster are more likely to be in the same topic.

Next, we investigate whether there are some keywords in each
cluster that can represent the cluster well. We represent each
cluster with the top N keywords among the videos within the
cluster, referred to as representative keyword set G. The keywords
within each cluster are ranked by their CTF-CIDF value in a des-
cending order. The CTF of keyword k in cluster c is computed as
CTFc;k ¼ nc;k=

P
jAKnc;j, where nc;k is the number of occurrences of k

from all the videos in cluster c, and K is the set of all keywords. The
CIDF of a keyword is computed from all the clusters by treating a
cluster as a document, given by CIDFk ¼ log ð Cj j= Ck

�� ��Þ, where Ck is
the set of video clusters that contain keyword k.

Two metrics are used to measure the representativeness of a
representative keyword set of cluster c, coverage and uniqueness.
The coverage of G in cluster c is the percentage of videos within c
that contain at least one keyword from G. The uniqueness of G for
cluster c is the percentage of clusters that do not contain any
keywords in G in their representative keyword sets. A set of key-
words is a good representative of a cluster if their coverage and
their uniqueness is high.

Fig. 10a shows the CDF of the coverage of the top N keywords of
a cluster with N¼1, 5, and 10. As can be seen from the figure, the
coverage of the top 1, 5, and 10 keywords of a cluster is high. The
average coverage of the top 1, 5, and 10 keywords of a cluster is
65.9%, 86.6%, and 92.4%, respectively. Fig. 10b shows the CDF of the
uniqueness of the top 1, 5, and 10 keywords of a cluster. From the
figure, the uniqueness of the top 1, 5, and 10 keywords is very
high. The average uniqueness of the top 1, 5, and 10 keywords of a
cluster is 99.9%, 99.6%, and 98.9%, respectively. Our results have
shown that both the coverage and the uniqueness of the top N
keywords from our clusters are high, which suggests our clusters
can be well represented by a small set of unique keywords.

To explore the topics obtained and examine the representa-
tiveness of the top keywords in each cluster, we visualize the
clusters and their top keywords. An example of the visualization is
shown in Fig. 11, in which three clusters and their top ten key-
words are shown. We manually watch a few videos from each
cluster to see whether the top keywords correspond well with the
actual topic of the cluster. The top left cluster is related to the oil
spill accident in the gulf of Mexico. The middle cluster contains
videos of the reviews made by two economy trend analysts, Gerald
Celente and Marc Faber, concerning the trend of economic crisis
and the oil spill accident. The right cluster is mainly about people's
suggestion of investment on silver and gold bullion since they are
anxious about the devaluation of US dollars caused by economy
depression. As can be seen from the figure, the top ten keywords
of a cluster are related and correspond well with the topic they
represent.
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In addition, Fig. 12 shows the keyword with largest TF-IDF for
each video of the right cluster in Fig. 11. As shown in the figure, the
top keywords of a cluster are common as the top keywords of
videos in the cluster. This also illustrates that the top keywords of
a cluster are good for representing the topic of the videos in the
cluster.

The example demonstrates that video clustering based on the
top referrer graph is an effective way to group videos related to the
same topic and also confirms that the top keywords of a cluster are
representative of the topic of the cluster. Next, we describe how
this cluster property is utilized in our keyword suggestion
algorithm.
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7.1.3. Choosing relevant clusters
The results in the previous subsections have shown that a video

cluster in the top referrer video graph contains videos from the
same topic. This means that keywords related to a topic can be
collected from videos in a cluster. We utilize this property to
obtain keywords relevant to a user-given topic by collecting key-
words from the clusters that are relevant to the topic. The question
now is how to identify the relevant clusters. In the following, we
describe a similarity metric which is used to evaluate the rele-
vance of a video cluster to a given topic.

Let C be a set of video clusters in the top referrer video graph.
For each video cluster, we represent the topic of the cluster with a
CTF-CIDF vector of the keywords in the cluster. Let ϕc;k be the CTF-
CIDF of keyword k in cluster c. We define the similarity between a
given set of keywords bK and cluster c as

simðbK ; cÞ ¼
X
kAbK

ϕc;k: ð4Þ

Based on the defined metric, we can calculate the similarity
between each cluster in C to the set of initial keywords. Then, to
obtain relevant clusters, we can simply select n clusters most
similar to the set of initial keywords. Alternatively, in future, we
plan to select to relevant clusters more effectively by filtering out
the clusters with the similarity less than some threshold value,
where the threshold is adaptively adjusted according to the dis-
tribution of the similarity score of all the clusters.

7.2. Ranking relevant keywords

After obtaining the relevant clusters, we now have a pool of
keywords relevant to a given topic. The remaining task is to rank
the relevant keywords to recommend the most beneficial key-
words to a user. The goal of the keyword suggestion algorithm is to
recommend keywords that have high potential in attracting views
to a video. Intuitively, a good keyword should be relevant and used
by popular videos so that recommendation links are likely to be
formed with popular videos. Therefore, our ranking metric must
encompass and balance these two aspects. For a given set of initial
keywords bK , we define the score of keyword k as

ωβðk; bK Þ ¼
X

cACrel

simðbK ; cÞ � ϕc;k � ½ln popðc; kÞ�β ; ð5Þ

where Crel is a set of clusters relevant to bK , ϕc;k is a CTF–CIDF score
of keyword k in cluster c, popðc; kÞ is the median of injected view
count of videos in cluster c that contains keyword k, and β is a
non-negative constant parameter.

The key concept of the keyword score is to first quantify the
potential of a keyword in attracting views from each relevant
cluster to a given video and then compute the score as the
aggregated potential of a keyword in attracting views from all
relevant clusters. The potential of a keyword to attract views from
a cluster to a given video is estimated from three factors: the
relevance of the cluster to the given initial keywords ðsimðbK ; cÞÞ,
the importance of the keyword to the cluster ðϕc;kÞ, and the
popularity of the videos that contain the keyword ðpopðc; kÞÞ. The
first two factors measure the relevance of a keyword to the given
keyword set bK . The third factor, the popularity of the videos that
contain the keyword, is used to signify the capability of the key-
word in attracting views. Here we use the median of injected view
count of the videos containing the keyword to represent this
value. The importance of video popularity can be tuned with the
parameter β. When β is zero, only the relevance of a keyword
affects the keyword score. As β becomes larger, keywords used by
popular videos become more favorable, and relevance becomes
less important.
With the proposed approaches for selecting relevant clusters
and ranking relevant keywords, we build a keyword suggestion
tool which lets a user input a set of initial keywords as a hint of
his/her video's topic and outputs a set of keywords with high
potential to attract views to the video. We will demonstrate the
effectiveness of our tool in the next section.

7.3. A case study

The evaluation of a keyword suggestion algorithm is difficult
due to the subjectiveness in judging the relevance of keywords to
a video. In addition, as we also consider the potential of a keyword
to attract views, the quality of a keyword cannot be judged only
from its relevance. In this section, we demonstrate the effective-
ness of our keyword suggestion algorithm based on an experiment
as a case study scenario.

We compare the views gained by a video from two scenarios,
one where a video's title and tags are assigned without any help
from our keyword suggestion tool (original scenario), and another
where a video's title and tags are composed from keywords sug-
gested by our tool (assisted scenario). Since it is prohibited to post
too many repetitive videos on YouTube, we carried out a small
scale experiment involving 20 videos gathered from our friends.
After watching each video, we initially assigned a title and tags as
the first scenario. Then, we input the initial keywords into our
keyword suggestion tool and composed a new title and tags for
the videos based on the recommendation. Finally, we created two
user accounts on YouTube, one account for each scenario, and
uploaded the 20 videos into the two channels, using the original
and assisted titles and tags for each channel, respectively.

Nine months later, we examined the views of the videos from
both user accounts. The number of video views for the original
scenario ranges from 0 to 564 views. However, the number of
video views for the assisted scenario is much higher, ranging from
2 to 2792 views. It turns out that 18 videos have a larger number of
views in the assisted scenario than in the original scenario. In
Fig. 13, we show the view count received by every video in the
original scenario and the assisted scenario, respectively. From the
figure, we can see that videos do much better in the assisted
scenario. In the assisted scenario, the top three most popular
videos gain 2792, 2615, and 426 views. In contrast, in the original
scenario the top three videos gain 564, 60, and 30 views, respec-
tively. The 20 videos totally gain 775 views in the original scenario,
however, they receive 7453 views in the assisted scenario. This
result indicates that our keyword recommendation method helps
the videos get nearly 10 times of views in comparison with the
original scenario. In additionally, according to the YouTube audi-
ence retention statistics, the average percentage of a video wat-
ched during a video playback is raised from 50% in the original
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scenario to 59% in the assisted scenario. This result strongly
implies that our method helps viewers discover videos of their
interests and thus leads to a higher percentage of viewers
watching towards the end of a video. Despite the small scale of our
experiment, the result positively supports the potential of using
our keyword suggestion tool to attract more views to a video as
well as to improve the viewers' experience.

7.4. Discussions of the keyword suggestion tool

As demonstrated in paper [7], the titles and the tags currently
assigned to YouTube videos are usually incomplete, inappropriate,
and could be further improved to attract more views. The keyword
suggestion tool presented in our paper is a solution to the pro-
blem. It brings to the YouTube video uploaders at least two ben-
efits. Firstly, under the assistance of the tool, the video uploaders
will be able to compose the titles and the tags of their videos
easier, since the tool is likely to recommend some suggestive and
useful keywords to them. Secondly, the keywords recommended
by our tool are of great potential to boost videos' popularity. As
shown in our experimental results, our keyword recommendation
method helps the videos get nearly 10 times of views in compar-
ison with the original scenario. Moreover, our keyword suggestion
tool is also helpful for extending the average duration per view.

However, some readers may wonder whether it is a zero-sum
game to boost videos' popularity by changing their titles and tags.
In other words, is the increase of the number of views for a certain
video at the same cost of the others? In our opinion, the answer
depends on whether our method helps viewers discover videos of
their interests. If the method is beneficial to viewers in finding
videos of their interests, then viewers tend to watch more videos
and thus the total view count of all videos increases, and vice
versa. Although we are not aiming to invent a better algorithm
that directly recommends wanted videos to viewers, it is feasible
to bring interesting videos to the viewers by helping uploaders
compose better titles and tags for their videos. Since we believe
that high quality titles and tags are not only beneficial for YouTube
recommendation system to recommend appropriate videos to
appropriate viewers, but also helpful for viewers to judge whether
a video is what they are looking for. Then, the question is turned to
whether the raise of video popularity in our study is obtained by
improving the quality of titles and tags, or by cheating the users
with deceptive titles and tags. In fact, deceptive titles and tags are
not beneficial for attracting views, since YouTube counts a view
only if a user watches more than 30 seconds of a video or the
entire length of the video [8]. If a user feels cheated by the textual
description, he is extremely likely to quit watching the video in the
first 30 seconds. However, the higher average percentage of a
video watched per video playback indicates that the viewers
watch longer time than the scenario with original titles and tags.
Thus, it is reasonable to conclude that the titles and tags composed
under the assistance of our tool are helpful for viewers to discover
and choose videos of their interests.

Furthermore, it is also unnecessary to worry about that our
method helps a video occupy a position in the related video list of
an unrelated popular video, leading to a decrease of the popularity
of the other videos. Even if the YouTube recommendation system
creates a linkage from a popular video to the assisted video at the
beginning, the linkage will be soon removed if the content of the
two videos are unrelated. Since, if the two videos are unrelated,
viewers will soon find themselves be misled by the recommen-
dation system and thus stop watching the assisted video in the
first 30 s. As a result, the number of co-views of the popular video
and the assisted video will be very small and thus the linkage is
going to be removed soon [4].

Another concern is whether the keyword recommendation
strategy presented in the paper will decrease the diversity of
keywords. In other words, whether videos of similar topics will
share more and more similar keywords under the impact of our
keyword recommendation algorithm. In our opinion, the diversity
of titles and tags of videos will not be decreased. Firstly, with or
without the recommendation strategy, the diversity of initial
keywords given by the video uploaders does not change. Secondly,
the keywords recommended by our algorithm are also highly
diverse. As shown in Section 7.2, given a set of initial keywords,
some most relevant video clusters will be selected based on
semantic information, without any preference for video popular-
ity. Naturally, different set of initial keywords matches different set
of relevant clusters. This strategy ensures that the selected video
clusters are semantically related to the initial keywords. Further-
more, the results in Section 7.1.2 have demonstrated that the top
keywords of each cluster are quite unique. Thus, the keywords
from the selected relevant clusters are highly diverse. Additionally,
the weight of popularity in keyword recommendation is not high.
In Eq. (5), the first two factors measure the relevance of a keyword
to the given keyword set bK and the third factor evaluates the
capability of the keyword in attracting views. In the case study, the
parameter β was set to 0.1, which means even the median of
injected view count associated with a keyword is one million
times of another, the importance of the former keyword is only
four times of the later. In most cases, the ratio of the popularity
importance of one keyword over another is less than two, which is
usually less than that of relevance. Thus, it is believable that our
keyword recommendation strategy has a good balance between
the aspects of relevance, diversity and popularity.

In summary, we believe that, under the assistance of our tool,
uploaders are able to compose more appropriate and more
attractive titles and tags for their videos. The better titles and tags
are favorable for YouTube recommendation system to recommend
appropriate videos to appropriate viewers, and also helpful for
viewers to discover and choose videos of their interests. Finally,
boosting the videos' popularity and extending the average view
duration per video playback. Hence, it is reasonable to conclude
that our tool is overall positive for both YouTube video uploaders
and viewers.
8. Related work

There have been previous works focusing on how recommen-
dation systems impact popularity of online contents. Authors of
paper [9] found a positive effect of Amazon's recommendation
system on e-book income. Fleder et al. proposed analytical models
to investigate the influence of recommenders on e-commercial
marketing in [10,11] and concluded that recommendation systems
are likely to lower sales diversity. Our previous paper [1] pre-
sented an analysis on how YouTube recommendation system
impacts on video popularity. We demonstrated that the recom-
mendation system is a very important view source for videos with
low to medium popularity. For the purpose of gaining insights into
the user generated content popularity, Crane et al. investigated
how YouTube video popularity responds to social events in [12].
Authors in paper [13] proposed a transfer learning framework to
study the bursts in popularity of online contents. Moreover, sev-
eral models have been proposed to predict online content popu-
larity in [14–18]. In paper [19], Jiang et al. proposed a model to

https://www.researchgate.net/publication/260349822_Towards_Cross-Domain_Learning_for_Social_Video_Popularity_Prediction?el=1_x_8&enrichId=rgreq-fed69f9ca6ed6709271fdd8c13c49502-XXX&enrichSource=Y292ZXJQYWdlOzMwMzQzOTM4MTtBUzo0MDE4MTQzMTE3MTg5MTJAMTQ3MjgxMTQwNTQ3NQ==
https://www.researchgate.net/publication/5198144_Blockbuster_Culture's_Next_Rise_or_Fall_The_Impact_of_Recommender_Systems_on_Sales_Diversity?el=1_x_8&enrichId=rgreq-fed69f9ca6ed6709271fdd8c13c49502-XXX&enrichSource=Y292ZXJQYWdlOzMwMzQzOTM4MTtBUzo0MDE4MTQzMTE3MTg5MTJAMTQ3MjgxMTQwNTQ3NQ==
https://www.researchgate.net/publication/221140967_The_YouTube_video_recommendation_system?el=1_x_8&enrichId=rgreq-fed69f9ca6ed6709271fdd8c13c49502-XXX&enrichSource=Y292ZXJQYWdlOzMwMzQzOTM4MTtBUzo0MDE4MTQzMTE3MTg5MTJAMTQ3MjgxMTQwNTQ3NQ==
https://www.researchgate.net/publication/262274731_A_peek_into_the_future_Predicting_the_evolution_of_popularity_in_user_generated_content?el=1_x_8&enrichId=rgreq-fed69f9ca6ed6709271fdd8c13c49502-XXX&enrichSource=Y292ZXJQYWdlOzMwMzQzOTM4MTtBUzo0MDE4MTQzMTE3MTg5MTJAMTQ3MjgxMTQwNTQ3NQ==
https://www.researchgate.net/publication/288662822_Towards_boosting_video_popularity_via_tag_selection?el=1_x_8&enrichId=rgreq-fed69f9ca6ed6709271fdd8c13c49502-XXX&enrichSource=Y292ZXJQYWdlOzMwMzQzOTM4MTtBUzo0MDE4MTQzMTE3MTg5MTJAMTQ3MjgxMTQwNTQ3NQ==
https://www.researchgate.net/publication/221251354_Viral_Quality_and_Junk_Videos_on_YouTube_Separating_Content_from_Noise_in_an_Information-Rich_Environment?el=1_x_8&enrichId=rgreq-fed69f9ca6ed6709271fdd8c13c49502-XXX&enrichSource=Y292ZXJQYWdlOzMwMzQzOTM4MTtBUzo0MDE4MTQzMTE3MTg5MTJAMTQ3MjgxMTQwNTQ3NQ==
https://www.researchgate.net/publication/23417017_Predicting_the_Popularity_of_Online_Content?el=1_x_8&enrichId=rgreq-fed69f9ca6ed6709271fdd8c13c49502-XXX&enrichSource=Y292ZXJQYWdlOzMwMzQzOTM4MTtBUzo0MDE4MTQzMTE3MTg5MTJAMTQ3MjgxMTQwNTQ3NQ==
https://www.researchgate.net/publication/220269659_The_impact_of_YouTube_recommendation_system_on_video_views?el=1_x_8&enrichId=rgreq-fed69f9ca6ed6709271fdd8c13c49502-XXX&enrichSource=Y292ZXJQYWdlOzMwMzQzOTM4MTtBUzo0MDE4MTQzMTE3MTg5MTJAMTQ3MjgxMTQwNTQ3NQ==
https://www.researchgate.net/publication/45914874_Using_a_Model_of_Social_Dynamics_to_Predict_Popularity_of_News?el=1_x_8&enrichId=rgreq-fed69f9ca6ed6709271fdd8c13c49502-XXX&enrichSource=Y292ZXJQYWdlOzMwMzQzOTM4MTtBUzo0MDE4MTQzMTE3MTg5MTJAMTQ3MjgxMTQwNTQ3NQ==
https://www.researchgate.net/publication/266653405_Using_early_view_patterns_to_predict_the_popularity_of_YouTube_videos?el=1_x_8&enrichId=rgreq-fed69f9ca6ed6709271fdd8c13c49502-XXX&enrichSource=Y292ZXJQYWdlOzMwMzQzOTM4MTtBUzo0MDE4MTQzMTE3MTg5MTJAMTQ3MjgxMTQwNTQ3NQ==
https://www.researchgate.net/publication/261959397_Viral_Video_Style_A_Closer_Look_at_Viral_Videos_on_YouTube?el=1_x_8&enrichId=rgreq-fed69f9ca6ed6709271fdd8c13c49502-XXX&enrichSource=Y292ZXJQYWdlOzMwMzQzOTM4MTtBUzo0MDE4MTQzMTE3MTg5MTJAMTQ3MjgxMTQwNTQ3NQ==
https://www.researchgate.net/publication/262152795_On_popularity_prediction_of_videos_shared_in_online_social_networks?el=1_x_8&enrichId=rgreq-fed69f9ca6ed6709271fdd8c13c49502-XXX&enrichSource=Y292ZXJQYWdlOzMwMzQzOTM4MTtBUzo0MDE4MTQzMTE3MTg5MTJAMTQ3MjgxMTQwNTQ3NQ==
https://www.researchgate.net/publication/221444896_Recommender_systems_and_their_impact_on_sales_diversity?el=1_x_8&enrichId=rgreq-fed69f9ca6ed6709271fdd8c13c49502-XXX&enrichSource=Y292ZXJQYWdlOzMwMzQzOTM4MTtBUzo0MDE4MTQzMTE3MTg5MTJAMTQ3MjgxMTQwNTQ3NQ==


R. Zhou et al. / Neurocomputing 205 (2016) 529–541 539
predict the peak day of popularity of viral videos. More recently,
Wu et al. proposed a multi-scale temporal decomposition frame-
work to predict popularity of Flickr photos in paper [20]. Zhang
et al. [21] studied prediction of social event popularity based on
micro-blog datasets. Be different from the prior papers that
investigated the impact of recommendation system on online
content popularity or prediction of popularity, our work is to
propose a view propagation model for investigating how videos
impact each other via the links generated by the YouTube
recommendation system.

View propagation between videos is analogous to influence
spreading and information propagation in networks. Much work
has been done in the topic. In paper [22], Leskovec et al. studied
influence characteristics in a user recommendation network. Cha
et al. performed a measurement study to analyze the impact of
information propagation on image popularity in Flickr [23]. Pro-
pagation of information in networks is studied in [24–27]. In paper
[28], Li et al. proposed two influence propagation models based on
messages posted and responded on microblogging platforms.
While these works focus on how a piece of information propagates
among nodes in a network, our work focuses on how the propa-
gation of views affects the popularity of videos.

Several tag suggestion algorithms has been proposed. We list
some of them in the following. Relevance-based tag ranking algo-
rithms were discussed in [29,30]. A tag recommendation scheme for
images proposed by Sigurbjörnsson and Van Zwol is based on tag
usage statistics [31]. Hong et al. proposed an MIL method for anno-
tating image and achieved an improvement in performance [32]. Garg
et al. used a classification algorithm to recommend tags [33].
Choudhury et al. proposed a tag expansion scheme for YouTube video
based on a tag graph [34]. In paper [35], the authors proposed an
personalized tag recommendation approach that combines tags from
different sources via a probabilistic model. A recommendation
method that considers novelty and diversity in addition to relevance
was proposed in paper [36]. Paper [7] tested the hypothesis that
textual data of online videos can be further improved to receive more
traffic via search. Zhao et al. [37] proposed a ranking algorithmic
framework on heterogeneous manifolds for tag recommendation and
resource recommendation. These previous works mostly emphasize
on suggesting the most relevance or novel tags, while our keyword
suggestion algorithm aims to recommend keywords with high
potential to increase video popularity. Other factors that influence
user's experience of discovering multimedia content were also stu-
died. Liu et al. developed a model that is capable of selecting video
thumbnails according to both visual and side information [38]. An
automatic generation method of visual-textual presentation layout is
presented in paper [39]. A novel query and image similarity learning
algorithm is proposed in paper [40], In thesis [41], the author pro-
posed a multimedia question answering scheme that is able to
answer general questions in broad domains with appropriate med-
ium types and then significantly improve users' multimedia
experiences.

Our work is inspired from an observation that the recom-
mendation system is used significantly when a user browses
videos on YouTube. The extensive usage of the recommendation
system results in its significant influence on the popularity of
videos. We use our proposed view propagation model to gain
insights into how videos impact each other via recommendation
linkage and to study how one can leverage on such knowledge to
increase the popularity of a video. We identify through measure-
ments that title and tag similarity between videos can influence
recommendation linkage formation and propose a keyword sug-
gestion algorithm that effectively suggests keyword for boosting
video views.
9. Conclusion and future work

In this paper, we propose a view propagation model which
captures the mechanism underlying the propagation of views
through recommendation links. Based on the propagation model,
we can estimate the number of propagated views between videos
even though there are no direct links connecting each other. The
investigation reveals that approximately 80% of propagated views
of a video are contributed by its direct/indirect top referrer videos.
When it comes to direct referrer videos, the number of injected
views of a referrer video is a more important factor in affecting the
number of propagated views than transition probability. Having
recognized the importance of the top referrers, we study the fac-
tors that affect the formation of recommendation linkage. It is
found that the similarity of titles/tags between videos is important
in affecting formation of recommendation links between videos.
From this knowledge, we propose a keyword suggestion algorithm
that recommend keywords with high potential to boost video
views. The algorithm utilizes a topic cluster property of the top
referrer video graph to obtain relevant keywords and uses a key-
word scoring metric that encompasses both the relevance and the
potential of a keyword to attract video views to rank the keywords.
Our case study demonstrates the potential of the keyword sug-
gestion algorithm in increasing video views and extending the
watching time per playback.

In order to better assist a user to select keywords to be used,
the keyword suggestion tool can be extended to include inter-
active visualization of video clusters. The visualization should
show video clusters relevant to a given set of initial keywords.
Each cluster is displayed along with their important keywords and
overall cluster popularity. This would allow a user to explore
several relevant topics and keywords to be used. As a user zooms
in to a cluster of interest, thumbnails of videos in the cluster and
their information such as popularity, description, tags, and titles
could also be shown. The visualization would help a user to
recognize some specific keywords being suggested, identify
potentially beneficial referrer videos, and allow him/her to make
an informed decision in selecting appropriate keywords to be
used. The implementation of this extension is our plan for
future work.
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