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ABSTRACT: Non-text user generated content (UGC), such as videos and images, is usually searched by metadata.
Metadata, such as title, tags, and description, is created by users whenever content is uploaded. However, in many cases
metadata can have multiple meanings. This requires users to spend time sifting through a long list of search results until
they can find all the content for which they were actually looking. In order to address this limitation, we suggest an
algorithm to cluster search results using keyword similarity. Clustering search results from YouTube are accomplished by
using the Markov clustering algorithm, which helps users to quickly and easily find what they want. Finally, we conclude
by evaluating the performance results of our clustering algorithm.
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1. Introduction

To begin with, the general approach of search engines is to try to find relevant web pages which match to a given search
keyword by determining the number of occurrences of the search keyword (term frequency) inside web pages and then
ranking the web pages by evaluating their relevancy in relation to the search keyword. Search engines like Google provide
good search results for text-based web pages by using plenty of text information.

However, many user-generated content (UGC) sites such as YouTube 1 and Picasa 2 are dealing with videos and images
which are non-text content. As a result, textual metadata that describe content are used to search non-text UGC instead of the
content itself.

However, UGC metadata, such as tag and description, are often not appropriate representations of the content. In addition,
a query word in an UGC system can imply many different semantics.

Title Meaning

Mandy Moore An actress

Mandy Patinkin An actor

Mandy-The Jonas Brothers A single from a boy band

Grim Adventures of Billy & Mandy An animated TV series

Table 1. Keyword With Different Meaning

1 http://www.youtube.com
2 http://picasa.google.com
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For instance, in YouTube, a search keyword ‘mandy’ can refer to different meanings shown in Table 1. This might be
troublesome for users since the search engine shows a lot of different search results which match the “mandy” search
keyword. Consequently, the user must spend time browsing the long list to find what he/she may actually want to see. In
traditional information retrieval systems, index terms can be adopted to index and retrieve documents. However, search
engines for UGC cannot define the appropriate index terms to support a searching task. It is also impossible to find the
training set of the data to extract index terms from UGC because the characteristics of UGC metadata have no specific format.

In this paper, we suggest a method to segregate the search results into small groups with similar content. The algorithm
processes metadata of the search results and returns all possible relationships of related content which is different from the
existing approaches, such as, query expansion, ontology and concept-oriented model. Users cannot see all the possible
relationships of the search results; instead, the system recommends users the specific query words or domain. Another
important reason we propose this method is because the existing approaches, such as, fixing spelling errors and finding all
the various morphological forms of words, cannot find all the related content when the data is UGC. When the fixing of
spelling errors is applied, the underlying group of content cannot be found because the metadata of UGC is created by
different knowledge and background of users ranges from novice users to experts. Moreover, all underlying related content
can be found without considering the importance of the query word. This helps users to easily select the content that they
want to view.

Specifically, our algorithm extracts the appropriate set of keywords and removes some irrelevant words from text-based
metadata, including title, description, and tags, before implementing the grouping process. The extracted keyword set for
each UGC is then compared with others to calculate the similarity among the content. UGCs which have common keywords
are grouped together. The algorithm builds an undirected graph in which each node represents each group and links indicate
the relationship among groups. The Markov clustering algorithm [1] is then applied to cluster appropriate groups from the
undirected graph.

Results from the proposed method show that this method is useful when used to cluster search results into several groups
with different content. As a result, the user can easily select clustered groups, which contain that which he/she may be
searching, without browsing over the whole list.

The following section (section 2) describes the research background and section 3 explains our proposed algorithm. The
experiment of the proposed method is discussed in section 4 and an evaluation is provided in section 5. Finally, in section 6
conclusions of our research will be given.

2. Background

2.1 Recommendation System for User-Generated Content
The recommendation system assists users in finding information which they may want and in reducing the navigation time
while browsing large information spaces. It is also very useful for UGC sharing sites like YouTube and Picasa.

The recommendation process first calculates the user interest value using Pearson Correlation [2]. This collects the top
preference data of similar users with the particular user and then predicts the user’s preference by calculating the data using
certain techniques. Another widely used method for recommendation systems is Collaborative Filtering [3] which filters
information using techniques involving collaboration among multiple viewpoints of data and metadata. Recommendation
systems for UGC mostly deal with non texttype metadata, such as user rating score, user view count, publisher, and so forth.
The similarity is calculated based on those metadata, such as [4], related videos which are featured in YouTube using a direct
search from a publisher tag, etc. The existing methods of related content grouping are based on the category that the user
defines, the name of the publisher, and the titles which show a sequence of content. However, the textbased metadata have
not been used before. Therefore, it is possible to exploit them so that the existing method can be improved.

2.2 The Markov Clustering Algorithm
The Markov Clustering algorithm (MCL) was invented by Stijn van Dongen at the Centre for Mathematics and Computer
Science in the Netherlands. It is an algorithm for clustering nodes in the graph through simulation of flow in the graph. The
algorithm starts by taking a random walk on the graph described by a similarity matrix. After each step, the links are weakened
between distant nodes and the links between nearby nodes are strengthened. By repeating the process, an underlying
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cluster structure gradually becomes visible. The algorithm used the Markov matrix [5], which applies a mathematical concept
of random walk within the graph. The process of computing probability of random walk through a graph requires two
operators to transform the probability sets. The two operators, inflation factor and diagonal item, can be optimized through
simulation. A detailed theoretical analysis of the algorithm can be found in [6]. For our work, the MCL algorithm is applied for
clustering groups of related content.

3. The Proposed Method

Our research aims to develop a recommendation system for UGC sharing sites. The main idea of this work relies on the
observation that related content always share some similar keywords in their metadata. We supposed that if the number of
keyword content shared is high, then this content is very similar. The proposed method in this paper consists of three main
stages; metadata refining, related content grouping, and group clustering using the MCL algorithm.

3.1 Metadata Refining
In the first stage of our algorithm, we find the representation of content using text-based metadata. This stage adapts from the
concept of traditional information retrieval systems which use a set of index terms to represent a document. The existing
keyword extraction algorithms are used to return index terms. Unfortunately, they cannot be applied to extract a set of index
terms which is used to represent content from metadata of the UGC. We process the metadata of UGC differently based on
their content. Text-based metadata of UGC is selected and then filtered to remove unnecessary words. After this, it will be
arranged and stored in the appropriate form.

Metadata refining for UGC follows the following steps. First, delimiters of texts in text-based metadata are converted into
spaces because delimiters are commonly found in texts and they are not suitable for matching. The list of delimiters for this
research can be seen in Table 2.

Second, spaces are replaced by a semicolon as a separator of words. The result in this step is termed as a token(s). Third, stop
words and duplications are removed. Stop words are redundant and can distort the result of token matching. For this
research, we refer to a list of stop words from the KEA [7] algorithm. Next, all the characters in the tokens are changed into
lowercase. Finally, the tokens for each metadata are arranged into alphabetical order and stored in the database. An example
of the metadata refining process is illustrated in Table 3.

\t \r \n \v ~ ‘ ! @ # & * (

) - _ + = | [ ] : ; “  ,

< > ? $ % ^ \ / {  }

Table 2. A List of Delimiters
3.2 Related Content Grouping
Related content grouping takes place after a user enters a query word and the system retrieves the results. The types of
metadata that will be used for grouping are selected. The sample data in Table 4 will be used throughout this section as the
running example. The V = {v1, v2, v3, …, vn} represents content IDs of UGC and the K = { k1, k2, k3, …, kn } represent tokens.
The results from the search are grouped by a combination of K, if the number of the distinct tokens is less than the number
of content; otherwise, the combination of V is selected. For each combination, tokens are compared to check whether they are
similar so that related content can be grouped together. The shared tokens are also recorded. The running example applied
with the process in this stage is shown in Table 5. Within this example, there are 22 groups of content which share some
similar tokens.

The first group in Table 5 shows that there are two contents in that group which are v1 and v2 and the shared tokens between
those two contents are k2 and k4.

An undirected graph is built based upon groups obtained from the related content grouping process. Groups selected to be
built in the undirected graph must partially share more than one token with other groups. Each node represents a group of
related content labeled with the group ID. Two nodes are connected if there are some similar tokens between them. A node
with a darker color level has less connection to other nodes than the node with a brighter color level. The undirected graph
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Process Result
0 Input text James Chance & the Contortions – I

Can’t Stand Myself
1 Convert delimiters James Chance the Contortions I Can’t

to spaces Stand Myself
2 Convert spaces to James;Chance;the;Contortions;I;Can’t;St

semicolons and;Myself;
3 Remove stop words James;Chance;Contortions;Stand;

and duplications
4 Change to lowercase james;chance;contortions;stand;
5 Alphabetically sort chance;contortions;james;stand;

Table 3. An Example of  Metadata Refining Process

with 18 nodes built from the running example in Table 5 is shown in Fig. 1.

3.3. Group Clustering
The result from the related content grouping stage shows the groups of related content. In this stage, groups from the
previous stage are then clustered to classify the main categories of the content. The MCL algorithm is applied to obtain the
clusters of related groups.The MCL algorithm is based upon the idea of simulating flow within a graph. If the flow is strong,
it will be made as a cluster; otherwise, it will be declassed. With this idea, groups with a strong relation will be clustered
together. The MCL algorithm using the inflation parameter value of 5.0 is applied to the previous undirected graph and results
in three clusters, as can be seen in Fig. 2.

If the inflation parameter value is decreased, the number of clusters will also decrease. The appropriate inflation parameter
value can be left as a parameter for the user to select. If the user prefers the fine-grained result, then the higher number should
be selected; alternatively, the smaller number should be selected.

4. The Experiment

4.1 Data Collection
In this paper’s research, we collected UGC data from YouTube. Sample data was crawled from the YouTube site through the
YouTube API 3 . The results offer a series of representative, partial snapshots of the YouTube video repository as in Table 6.

The top 1,000 videos including their metadata were retrieved for each query word. Ten query words which are ‘bbc’, ‘disney’,
‘football’, ‘google’, ‘ipod’, ‘michael’, ‘microsoft’, ‘obama’, ‘pepsi’, and ‘tiger’ were selected based on their search popularity
by YouTube users. Duplicated content and invalid content were removed. The summary of the data collection in this work
can be seen in Table 7.

For the search stage, we directly used the results returned from the YouTube search. The results were then grouped by our
algorithm. In the related content grouping process, the grouping of content was based on the similarity of metadata from the

Content ID Tokens Extracted from Metadata

     v1      k1;k2;k3;k4;k5;k6;

     v2      k2;k4;k7;k8;k9;k10;

     v3      k1;k3;k5;k9;k10;k11;

     v4      k1;k2;k5;k6;k8;k9;k11;

     v5      k1;k2;k3;k4;k9;k10;k11;

Table 4. A Data SampleFrom Grouping Content



  48    International Journal of Information Studies   Volume  3   Number   1  January   2011

Video ID __cvePplEVQ

Title Pepsi commercial

Tag pepsi,coca,cola,comercial,fun

Description Anunci de Pepsi molt bo.

Category Entertainment

Author kalashnikov33

Published Date 2/17/2007 9:24:00 AM

Table 6. Metad Ata of a Youtube Video

video title. The number of total distinct tokens of a query word is always less than the number of content itself. Therefore, we
use the combination of tokens instead of the combination of content. For the clustering stage, groups returned from the
related content were clustered using the MCL algorithm. The inflation factor value of 5.0 was selected. We also experimented
with various inflation factor values, as can be seen in Fig. 3.

Group Shared Tokens      Group Shared
Tokens

 v1;v2;   k2;k4;     v1;v2;v5;   k2;k4;

 v1;v3;   k1;k3;k5;     v1;v3;v4;   k1;k5;

 v1;v4;   k1;k2;k5;k6;     v1;v3;v5;   k1;k3;

 v1;v5;   k1;k2;k3;k4;     v1;v4;v5;   k1;k2;

 v2;v3;   k9;k10;     v2;v3;v4;   k9;

 v2;v4;   k2;k8;k9;     v2;v3;v5;   k9;k10;

 v2;v5;   k2;k4;k9;k10;     v2;v4;v5;   k2;k9;

 v3;v4;   k1;k5;k9;k11;     v3;v4;v5;   k1;k9;k11;

 v3;v5;   k1;k3;k9;k10;k11;     v1;v2;v4;v5;   k2;

 v4;v5;   k1;k2;k9;k11;     v1;v3;v4;v5;   k1;

v1;v2;v4; k2;     v2;v3;v4;v5;   k9;

Table 4. Groups of Content With Partally Simil Armetad Ata

Figure 1. An undirected graph of the relationship
between groups of UGC, which partially share tokens

Figure 2. An undirected graph with three clusters
of related groups from the MCL algorithm.

4.2 Result
From our algorithm, there are three main parts within which the results can be observed. The first part is the tokens from the
content metadata, which has been processed before the related content grouping starts.

The final form of the tokens can be seen in Table 3, where we exploited the sample data from the data we crawled from the
experiment. This stage enormously influences the overall performance of the algorithm. Modification of the token extraction
algorithm will directly affect the result of the related content grouping. If the extraction algorithm is too broad, the system
might return a lot of unrelated content in a group. In contrast, if the algorithm is too finical, underlying groups will not be
revealed.
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The second part is the grouping algorithm. The number of groups returned from the experiment is shown in Table 7. The result
in this stage shows the groups of related content. The higher number of shared tokens in a group, the more related the
content is. With the high number of shared tokens, different parts of a video are always grouped together. In our algorithm,
content can be found in more than one group. A group can also be a subset of another group. The content in a fine-grained
group is more closely related than the coarsegrained group, i.e. content in a group which is a subset of another group are
more related compared to the ones that are in the same superset, but not in the same subset. In this step, an undirected graph
is built for each query word and the connection between nodes depends on the shared tokens between groups.

The last part of the algorithm is group clustering. The number of clusters returned for each query word varies according to
the inflation parameter value. The numbers of clusters for each query word with different inflation parameter values are
shown in Fig. 3. Groups shown in the same cluster are more related than in the different cluster. The content is more classified
to be in the same topic. The number of clusters returned from the experiment for 10 query words with the inflation value of 5.0
can be seen in Table 7. The sample of the final result of this experiment can be seen in Fig. 5.

Table 7.The  Number of Groups and Clusters Related
to the Number of  Tokens For Ten  Query Words

Query     No. of       No. of title No. of    No. of
Word     video        tokens groups   clusters

Bbc     481       405   574    82

Disney     486       354   420    74

football     471       324   378    74

Google     484       287   265    52

Ipod     479       282   612    54

Michael     468       281   522    45

Microsoft  503       320   422    73

Obama     463       374   432    63

Pepsi     500       283   382    47

tiger     474       316   358    60

5. Evaluation

The proposed method in this work was evaluated by means of a study among the potential end users of the system. The
algorithm evaluation refers to the relevancy of the results returned from the algorithm. Ten users between the ages of 22 and
25 were asked to score the preferred value related to the results. Two types of questions to be answered were presented to
the users. First, users were asked to score how much content was related to the group to which they belonged. Second, users
were asked to score how many related groups are in the same cluster. From the user results, the relevancy of the algorithm
related to query words was calculated.

Two main summaries obtained from the evaluation are the relevancy of the content grouping and the relevancy of the group
clustering. The average scores for each method with respect to each query word are presented in Table 8. The differences in
the number of groups between Table 7 and Table 8 are due to some restrictions, such as region filtering, which prevent
content from being seen in a certain region. A Cluster with the number of group more than 10 groups is not estimated due to
the difficulty of evaluation; however, the number of those clusters is less than 10% of the total cluster. The score ranges from
0 to 100%. Overall satisfaction of the proposed method is more than 50%. Satisfaction of the group clustering method is more
than 70%. It is noticeable that the users were more satisfied with the group clustering methodb than the related content
grouping method.

We observed some query words with a low score for both the content grouping method and the group clustering method,
like ‘bbc’, we conclude that it cannot group related content effectively because of the nature of metadata when most of the
words are common words, such as ‘news’, ‘tv’, ‘interview’, etc., whereas a query word like ‘disney’ earned a more frequent
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score because many words were specific names, such as ‘donald’, ‘pixar’, ‘aladdin’, ‘mermaid’, etc. However, many results
show that the algorithm is able to group the related content and find the underlying relationship of the UGC.

Figure 3. A graph representing the inflation parameter
value versus the number of cluster for 10 query words

Figure 4. A graph representing the average time
spent to complete each task of ten query words

Query No.of Avg. No. of Avg.
word groups Grouping clusters Clustering

Score (%) Score (%)

Bbc 446 63.14 41 53.58

Disney 263 74.60 42 91.67

football 251 87.02 55 96.93

Google 168 73.14 40 82.74

Ipod 514 73.63 34 91.43

Michael 483 50.62 25 86.22

Microsoft 302 81.80 47 76.35

Obama 178 86.39 46 80.73

Pepsi 302 69.53 31 80.11

Tiger 150 77.29 40 83.98

Table 8. A Summary of aVerage Grouping And Clustering Score For Ten Query Words

The average time spent to complete each stage for ten query words is shown in Fig. 4. The processing time is measured in a
second process time unit. The related content grouping stage takes the longest time from the total time of the overall process.
This stage is done by a combination of videos or keywords and it consumes more time than the group clustering stage due
to the size of the combination. However, combination tasks are repetitive and can be recursive. In order to solve the problem,
peer-to-peer technology can be applied to parallelize the tasks. The maximum time spent to complete the tasks for an
undirected graph building step is 55.55176 seconds with a minimum of 7.913764 seconds.

The group clustering stage takes the smallest amount of time compared to other stages which range from 0.000355 seconds
to 0.0063 seconds. Although, the proposed method in this paper requires additional time to complete, the total time to find all
related content becomes less than a search without clustering.
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6. Conclusion And Future Works

In conclusion, we suggest a clustering method allows the user to easily and quickly find what he/she wants in UGC web sites.
The algorithm calculates the similarity of search results and then clusters similar content automatically. The user does not
need to dig through a very long list of results. He/she just selects preferred groups of content from the list of clusters. The
outcome is that the user easily finds content that is of interest and their searching time can be reduced.

For future work, we will refine metadata based on the keywords themselves and the synonyms of keywords in order to
increase the accuracy of clustering. In addition, we plan to use the similarity of keywords between groups to score the
importance of groups. The users can choose the level of similarity of groups so that they can adjust the granularity of
clustering.
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Figure 5. A cluster from the final result of the algorithm from query word ‘bbc’




