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Abstract. In recent years, with the growth of the Internet technology, the users
of virtual community not only play the role of the information receiver but also
a very important one to provide information. However, there is large amount of
information aggregated daily and therefore information overloading has become
a very serious problem. Under this situation, how to find information efficiently is
also a very important issue. In this paper, we believe users in a virtual community
may affect each other, especially those with high influence who have been called as
Key Users. Therefore, we observe the biggest virtual community of movies on the
Internet which is named IMDb (The Internet Movie Database). An architecture
also has been proposed that combines Social Networks Analysis and the features of
IMDb to discover those users who have high influence in the virtual community. We
collected 17 months (January 2010 to May 2011) from IMDb including 17 366 users
and 243 074 reviews. By applying the method we proposed, there are about 22 key
users and 111 reviews were discovered. We also use the box office of the movies to
justify our results.

Keywords: Social networks analysis, IMDb, key users, box office, virtual commu-
nity

1 INTRODUCTION

Virtual Community now has become a very popular application in the Internet, due
to the explosive development of the Internet and communication technology [2]. Fur-
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thermore, the development of social networking website and Web 2.0 also increase
the influence over the Internet users. Nowadays, users in many popular web applica-
tions, such as Wikipedia, Yahoo! Knowledge, web forums and blogs play the role not
only as information receivers but also information providers. Some popular social
networking websites, such as Facebook or Twitter, cannot even survive without the
input of users. Therefore, many companies have paid attention to the opinions and
ideas given by the users. From the companies’ point of view, it is essential to study
the users’ behaviour and how to apply the research findings.

Many tools and techniques have been applied to understand the users on the
Internet, such as web agent, data mining and web mining, machine learning and
artificial intelligence, etc. By applying these tools and techniques, it is very easy to
collect information and behaviour of the Internet users. However, it is not sufficient
if we cannot understand the meaning behind the collected information and users’
behaviours. Unfortunately, the data currently aggregated on the Internet is too big
to be analysed and therefore important users behaviours are hard to be discovered.
Thus, it is a problem if we cannot explore the big data and extract the useful
information.

On the Internet, many virtual communities are formed based on different inter-
ests, such as cuisine, game, movie, music, etc. These platforms also allow users to
search product information or comments. These comments have been proved as very
important reference and key point for users to make decisions [6, 10]. Thus, many
companies are now trying to discover the so-called key users who are influential over
these virtual communities. They believe that the confirmations of these key users
could be beneficial to their marketing strategy. It would therefore be very necessary
to study the relationship between the key users and product sales.

Three major goals are aimed to achieve in this paper according to this back-
ground. First, we will propose an approach to discover key users. In order to un-
derstand the behaviour and relationship of users, Social Networks Analysis (SNA)
has been claimed as the most suitable methodology. It has been applied very widely
in different areas, such as on-line recommendation system and information diffu-
sion. In these researches, SNA was also applied to discover the roles and positions
of users [3, 21, 11]. Second, we will propose an approach to measure the influ-
ence of key users according to the box office of movies. In this paper, IMDb (The
Internet Movie Database, http://www.imdb.com) will be selected as the interest
based virtual community, which is the biggest movie database in the world. A very
important reason for us to select IMDb as the target is that it provides a rat-
ing value to measure the usefulness of a review. The rating value is generated
according to users’ voting, which is a very useful measurement for SNA. Third,
in the paper we will also discuss how to take the discovered key users into prac-
tice.

In this paper, we set two hypotheses according to the goals discussed above.
Hypothesis one is that the searching time of users through the system can be re-
duced based on only key users reviews. In this research, we would like to prove
the discovered key users are useful for IMDb users to reduce the searching time of
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reviews. Hypothesis two is that the useful rating is the key for measuring the users
trust of reviews. These two hypotheses will be tested in the research.

The structure of the paper is organized as follows. In the first section, we will in-
troduce the motivation and background of the paper. Related literature and works
will be reviewed in Section 2, including literature on virtual community, interest
based virtual community, social networks analysis and related researches and appli-
cations of social networks analysis. In Section 3, the research model and method of
the paper will be proposed and the experiment design of the paper described. The
experiment design and analysis of experiment result will be included in Section 4.
The evaluation and discussion of key users will be included in Section 5. The paper
is concluded in Section 6.

2 LITERATURE REVIEW

2.1 Virtual Community

There are different definitions of the term “virtual community”. According to Rhein-
gold, virtual community is defined as a relationship group that contains enough peo-
ple and enough discussions [19]. Baym proposed that virtual community is composed
by four structures:

1. A virtual community creates different communication forms to express opinions.

2. The identification of members in a virtual community is unique.

3. Members in a virtual community can establish relationship through various ap-
proaches.

4. There are regulations and rules in a virtual community.

[5, 12] Adler and Christopher defined virtual community as a group of Internet users
with the same interest in a public cyberspace, such as WWW, to exchange opinions,
to communicate and to exchange information [1].

The definition of virtual community by Armstrong and Hagel can also be ap-
plied for categorizing virtual community. They divide virtual communities into
four different categories according to different behaviour forming factors. The four
categories are Transaction-Oriented, Interest-Oriented, Relationship-Oriented and
Fantasy-Oriented [4]. Most of popular virtual communities nowadays such as Ya-
hoo! and Facebook are actually combining these four categories rather than focusing
on a particular one.

2.2 Interest Based Virtual Community

With the definition of virtual community discussed previously, interest based virtual
community will be selected as the main focus in this paper. Currently, there are
many interest based virtual communities on the Internet. In this paper, our focus
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is the virtual community based on the interest of “Movie”. In general, the users
behaviour are quite different from other interested based virtual communities. In
movie based virtual community, users always review or comment the items which
are interesting to them. The interaction between users is not a common behaviour
in the movie based virtual community.

Recently, there are many researches focused on movie based virtual community.
Ahmed et al. have tried to visualize the social relationship in IMDb, one of the
famous online movie database. In their research, they also try to discover the rela-
tionship between events and movies, such as the event of September 11 attacks [3].
Some researchers also applied the content-based data in IMDb to strengthen the
weakness of current recommendation systems [9]. Debnath in 2008 analysed the
data to discuss the importan factors such as director, cast, cost, category and user
in IMDb that may affect users’ viewpoint. The result of the analysis shows that user
is the most influential factor in IMDb [6]. In this paper, we therefore will also use
IMDb as the analysis target and take the important factors proposed by Debnath
into account.

2.3 Social Networks Analysis

The Social Networks Analysis (SNA) has been studied long. In 1925, Lewin started
focusing on related researches of SNA. They intended to describe the interaction
and relationship between people by using simple geometry graph (line and point).
In 2000, Scott proposed the so-called “Sociogram”. Figures 1 and 2 are two sam-
ple sociograms. Figure 1 is a directed sociogram and Figure 2 is an indirected
one [20].

A

B

C

Figure 1. A directed sociogram

In a sociogram, Node is the basic component to form a social network which
is usually used to present a user or event, etc. For example, in Figures 1 and 2,
A, B, and C denote three nodes in the sociogram. Edge is a component used to
describe the relationship between nodes. For example, in Figure 1, node A thinks B
is his/her friend and B thinks C is his/her friend. However, B does not think A is
his/her friend and C does not think B is his/her friend. In Figure 2, no relationship
direction is designated in the sociogram, it only denotes relationships exist between
A and B and B and C.
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A

B

C

Figure 2. An indirected sociogram

In recent years, the research on SNA has changed the direction with the develop-
ment of Web 2.0 and virtual community. In web 2.0, users play the role not only as
information-receivers but also as information-providers. Furthermore, the amount of
data has also increased rapidly due to many interactions between users aggregated
on the Internet every day. Therefore, it is more complicated to analyse a social
network. Many social networks analysis measurements have been performed to de-
scribe complex social network. In this section we will also introduce some important
measurements for social networks analysis.

2.3.1 Centrality

In a social network, it is always an important issue to analyse the position of a node
to explain its importance in a social network. Therefore, the measurement of Cen-
trality has been proposed to measure which nodes are in the central position of
a network [7]. Centrality can also be used to locate the most powerful node in a net-
work that is able to affect other nodes. There are different approaches to measure
the centrality if the viewpoints are different, such as Degree Centrality and Closeness
Centrality, etc.

D − Centrality(i) =
Degree(i)∑n
i=1 Degree(i)

(1)

The equation for centrality measurement is shown in Equation (1). In Equa-
tion (1), i denotes a node in a social network and degree is the total number of edges
between node i and other nodes. Therefore, the higher centrality value of a node
means more nodes to be connected with (including in-degree and out-degree) the
node [20].

2.3.2 Small World

In 1967, the psychologist Milgram proposed famous Degrees of Separation and The
Small World [17]. The small world theory means the degree for each two nodes is
not more than six (in the US), whether they know each other or not. Therefore,
in a small world, we only need a few connectors to reach the whole network. In
1988, Watts also pointed out that many social networks in the real world basically
correspond to the small world theory [21], such as markets, economic units, etc.
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Watts also suggested the characteristics and rules of small world theory. First, in
a small word, the clustering coefficient is usually high. Clustering coefficient is
a degree to measure the closeness of the nodes in a social network. In Equation (2),
E(x) denotes how many nodes are linked in a network x.

Clustering Coefficient =
E(x)

Emax

(2)

Second, the average degree of separation in a small word is usually lower, or
has a lower Diameter in a network. The degree of separation means the shortest
path of each pair of nodes in a network and diameter means the shortest path in
a network. Watts also pointed out that the relationship social network is a graph in
between of random graph and regular graph. Table 1 shows the different categories
of graphs. Small world graph is a graph that contains the characteristics of high
clustering coefficient and low degree of separation.

Low Clustering Coefficient High Clustering Coefficient

Low degree of separation Random graphs Small world graphs
High degree of separation N/A Regular graphs

Table 1. The categories of graphs (clustering coefficient-degree separation)

2.3.3 Density

Density is also a very common measurement used in most of social networks re-
searches. The definition of density is to measure the distance between the graph
and a complete graph [20]. Figure 3 shows examples of measuring the density of
a graph.

Density=0

Density=0.5

Density=1

Figure 3. Examples of density measurement



576 I.-H. Ting, Sh.-L. Wang, P.-J. Chen

The measurement of density is usually used for studying the clustering situation
of a network. Lewis et al. combined density and regression model to discuss the tie
relationship in Facebook and concludes that the density of friends in Facebook is
22.4 % [15]. Kumar et al. also observed the social networks structure (nodes and
density) with changing of time in the famous social networking website Yahoo! and
Flickr. In their researches, they found that users would do their best to invite friends
to join the same social network right after their joining a group or social network.
Therefore, the density and degree of the social network will continually increase.
However, the speed will slow down after a period of time [13].

2.4 Social Networks Analysis Applications

With the growth of virtual community and social networking websites, more and
more interactions among users are generated. Many researchers start to apply social
networks analysis based on the data from virtual community [14]. Qin et al. in 2012
proposed a research by using the reviews and comments in YouTube to analyse the
behaviour of website users. The analytic results will then be exercised to design
a recommendation system [18].

1
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Figure 4. A sociogram of users-movie (figure source: [18])

In Qin’s research, the central node of Figure 4 is a movie from YouTube and
other nodes around it are users who have co-reviews. In this research, the finding
suggests that users did not interact with each other directly but interacted (review,
rating) through an indirect intermediate (movie). In this paper, we will use the
same concept to analyse the users interaction in IMDb.

There are three basic factors in social networks: actors, relationships and link-
ages [8, 16]. However, with the growth of social network, it has more and more
complex relationships in the network. Therefore, another issue is to filter and down-
size the data. In this research, we intend to discover the key users in a virtual
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community which is a big task due to its bulky database. Thus, an efficient ap-
proach to discover the key users that can represent the social network is essential
for this research.

Zhang et al. proposed a research about discovering key users in an interest based
virtual community. In their research, an on-line movie review website Epinion.com
has been selected as the focus. They picked a set of key users to test their influence
on their friends. Linkage based model has been evaluated as the most successful
model to discover key users under different environment [22].

3 RESEARCH MODEL AND METHOD

According to the motivation, introduction and literature review discussed previously
in this paper, an approach is going to be applied to find the key users in a movie
based virtual community and to analyse the box office of movies as well. In Figure 5
the research and experiment process of the proposed approach is shown.

Data Collection

Data Cleaning

Popular Movie Grouping

Users Extraction

Participation Usefulness

Key Users Extraction

Key Users Voting Mechanism

Box Office Data Evaluation (Precision/Recall)

Experiment Results Analysis

Data Collection

Data Cleaning

Popular Movie Grouping

Users Extraction

Participation Usefulness

Key Users Extraction

Key Users Voting Mechanism

Box Office Data Evaluation (Precision/Recall)

Experiment Results Analysis

Data Collection 

Phase

User Processing 

Phase

Evaluation Phase

Figure 5. The research and experiment process of the paper
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In Figure 5, three main phases are presented, including data collection phase,
users processing phase and evaluation phase. In phase one, data collection and
cleaning are two steps which will be introduced in detail later. In phase two, the
main idea is to discover and extract key users from the movie database. We firstly
will try to discover the most popular movies in order to downsize the data. From
these popular movies, users who have commented on or reviewed to these movies will
be extracted. The next step is to extract key users according to two measurements,
participation and usefulness of reviews. In phase three, the main idea is to evaluate
the accuracy of the key users we discovered. A voting mechanism will be used to
evaluate the key users and also to evaluate the relationship between key users review
and box office. In this paper we suppose that if a movie has high score from key
users review and comment then the movie’s box office is good. Precision and recall
will be used to evaluate the quality of the discovered key users.

The company could save time when predicting the potential and box office of
a movie with the help of digging out the key users of IMDb using the research
model. That is also the reason why we need to evaluate the relationship between
key users and box office. Consequently, company or cinema can just try to extract
and analyse the key users comment for decision making, such as marketing strategy,
advertisement, cinema arrangement, etc. Entire database’s investigation would no
longer be necessary.

3.1 Data Collection

The data source of this paper is from IMDb which is the biggest movie information
and review database. We collected 17 months data from January 2010 to May
2011. In IMDb, movies are categorised into different genres, such as drama, action,
comedy, love story, sports, etc. In IMDb, users are also allowed to post comment
or review to a movie, as well as scoring and voting. Figure 6 shows a sample movie
and its information in IMDb database. In this figure, basic information of the movie
category, director, writers, cast, movie release date etc. are displayed. Ratings and
reviews from users and the reviews’ usefulness to others are also exhibited.

Figure 7 is the movie information raw data from IMDb for the movie in Figure 6.
A program could be easily designed to extract the useful information such as its
category, director, cast and writers from the data.

Figure 8 is the review information raw data from IMDb for the movie in Fig-
ure 6. Useful information such as the usefulness of a review, reviewing time, reviewer
himself and content of the review can be drawn out from the plain text files likewise.

In this paper, we design a Perl based program to process and clean the collected
data. The pre-processed data are shown in Tables 2 and 3. Table 2 shows the
pre-processed movie information data, including the title, the release date and the
rating. Table 3 shows the pre-processed user information data, including user name,
movie, date, rating and useful. These data will then be used in next section for
users process to identify and discover key users.
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Figure 6. A sample movie and its information in IMDb (source: IMDb website)

Title The Girl with Dragon Tattoo

Date 2011/12/20

Rating 8.3 (17 250)

Table 2. The pre-processed movie information data

3.2 Users Processing

In the users’ processing step, we will first try to define the most popular movies
in IMDb. We assume that key users’ comments and reviews will drive other users
to watch the movie and therefore the movie with good reviews will usually become
popular movie with successful box office. Thus, we would like to dig out popular

User Name Movie (year) Date Rating Useful

User 2509775 Alice in Wonderland (2010) 2010/8/18/ 7/10 1/2

User 2509775 Million Dollar Baby (2004) 2010/10/2 10/10 1/1

Table 3. The pre-processed user information data
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Figure 7. A sample movie information raw data (source: IMDb website)

Figure 8. A sample review information raw data (source: IMDb website)

movies from the database to downsize the data. In this research, we apply the idea
of co-review by YouTube to discover the most co-reviewed movies as the popular
movies.

M1 M2

Co-Reviews

Figure 9. The co-review concept

Figure 9 is the concept of the co-review approach. In the figure, there are two
movies: M1 and M2, and co-reviewer of the two movies exists. According to the co-
review concept: a movie has higher degree (linkage) and would hold more reviews.
The co-review concept can also help to filter out the users who only posted 1 review
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to downsize the data. In this paper, top movies with more than 300 degrees are
selected according to the criteria based on the analytic result in Figure 12 which
will be discussed in the next section. With regards to the key users discovery, two
selection criteria are named: “User’s review” and “Usefulness index”. In the first
step, users that posted more reviews than the average number of the total reviews
will be picked out. Then, the key users can be discovered according to the usefulness
index.

4 EXPERIMENT RESULTS

In the experiment, we collected data from IMDb during the period from January,
2010 to May, 2011 (17 months). During this period, hundreds and thousands of
movies were released, including independent movies, micro-movies, etc. Movies
released only in the US are selected in order to simplfy the data. Under this back-
ground, the total number of movies is 402 and there are 17366 users with 243074
reviews.

4.1 Popular Movies Identification

In this paper, the first step is to identify popular movies from the database. Ac-
cording to the co-review concept of Figure 9, we analyse the entire movie network
by using indirected sociogram in order to understand the co-review structure of
the movies. The sociogam is generated by using a very famous SNA software,
UCINET (http://www.analytictech.com/ucinet/). As shown in Figure 10, the
total movies in the network have 339 nodes and 38000 edges. In this figure, we
obviously can find most co-review behaviours happen in some particular movies.
In the sociogram, the more central-located movies are considered as more popular
movies.

In order to discover the most popular movies, we try to zoom in the sociogram
and distinguish the sociogram into different levels according to the degree. In this
research, the higher degree means more co-reviews. Figure 11 shows the sociogram
with different degree levels. In the figure, each different color represents 25 % (100 de-
grees) interval scale. The movies with red colors are the movies with a degree value
more than 300. The total number of movies in this level is 52, that is 15.3 % of all
movies which received reviews (52/339).

Figure 12 is the users’ reviews distribution diagram, in which the x-axis indicated
the number of movies that users posted reviews and the y-axis represents the number
of users. It shows that most of the reviewers post only few reviews, 903 users only
posted one review meanwhile only one user posted 51 reviews. It means the number
of key users in the IMDb is small. This analytic result matches the hypothesis that
had be proposed in the paper earlier: there only 2 606 out of 17 366 users have posted
reviews for those popular movies. Most of the users only posted reviews for one to
three movies. In the following section, we will discuss how to select the key users
from the IMDb database.
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Figure 10. The sociogram of popular movies

Figure 11. The sociogram distinguished by different degree levels

4.2 Key Users Discovery

In the previous section, we discovered that 2 606 users posted reviews for popular
movies. In order to select the key users, we set up a two-step approach which
includes “participation” and “usefulness value”.

The data analysis for key users’ selection can be found in Table 4. In Table 4, we
select data from 100 % of users, top 50 % participation of users and 25 % participation
of users. Under the three different data sources, we summarise (itemize) the total
users, maximum participation, minimum participation, average participated movies
and average usefulness in the table.

Based on the data, we select top 50 % participation users from the 2 606 users
in the first step. The reason why 50 % is the threshold for selecting users will
be explained later. In Table 4, if we select 25 % participation of users, then the
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Figure 12. Users’ reviews distribution diagram

Data source 100 % of users 50 % of users 25 % of users

Total users 2606 576 161

Maximum participation 51 51 51

Minimum participation 0 4 10

Average participated movies 3.4331 9.57 19.826

Average usefulness 9.14 9.426 6.41

Table 4. Data analysis for key user’s selection

average participated movies is 19.826 and average usefulness is 6.41. If we select
50 % participation of users, then the average participated movies is 9.57 and the
average usefulness is 9.46. Although the average participated movies for 25 % of
users is more than 50 % of users, the average usefulness of 25 % of users is lower
than 9.14 of 100 % users. Therefore, 50 % of users is chosen because of acceptable
average participated movies and over-average usefulness. After the first step of key
users selection, the remaining number of users is 576.

In the second step of key user’s exploration discovery, 80/20 rule in small world
theory, which is also known as “the Power Law” is exercised. It states that roughly
80 % of the outputs aggregate in top 20 % of the inputs. Therefore, we apply the
theory and believe the top 20 % users who have higher usefulness in IMDb are the
users who have biggest influence.

According to this rule, we selected the top 20 % of users based on the usefulness.
The selected key users are listed in Table 5. In the table, UID (the unique user’s
ID in IMDb) as well as Usefulness, Reviews and AVG-Usefulness is included. The
total final key users in Table 5 are 22 users.
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UID Usefulness Reviews AVG-Usefulness

21833424 1725 5 345

22236153 1 699 5 339.8

3312099 1 381 5 276.2

6199900 1 262 6 210.3333

2898980 1 465 9 162.7778

19404364 1065 7 152.1429

4828685 502 5 100.4

3112639 629 7 89.85714

12449122 529 6 88.16667

6624649 336 4 84

3387663 593 9 65.8889

3580907 215 4 53.75

5555913 364 7 52

2115026 311 6 51.8333

1622466 959 20 47.95

22836725 414 9 46

3798706 1387 31 44.74194

16839649 218 5 43.6

12838671 215 5 43

14676697 171 4 42.75

18439852 170 4 42.5

9932690 189 5 37.8

Table 5. The final discovered key users (22 users)

5 KEY USERS EVALUATION

402 movies in a whole during the data collective period not only make viewers
difficult to choose the worth-watching movies by going though all the reviews but
also it is a huge job for the companies to frame strategies. Therefore, we can
only rely on the key users’ reviews to finalize a worth-watching-movie list if the
representativeness of those discovered key users is strong enough. In such case, the
impact of the discovered key users must be evaluated to ensure the quality of the
proposed approach.

A key user evaluation process is shown in Figure 13. Firstly, a so-called voting
mechanism is designed. If a movie among the 402 movies has been reviewed by a key
user, then it will be counted as voted. If any one of the movie has not been reviewed
by any of the 22 key users, then it would be counted as non-voted. Secondly, the
actual box office of the movie would be collected to see its popularity. Finally, the
voted and not voted movies will be evaluated by using recall and precision and
compared to the real box office data.

Table 6 shows the collected box office data including information about maxi-
mum, minimum and average box office, number of good selling movies and the
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Key Users

Voting Mechanism

Real Box Office

Top-50

Top-20

Voted Movies
Non-Voted 

Movies

Recall

Precision

Figure 13. Key users evaluation process

Number of movies 397 (5 without box office data)

Maximum box office 760 507 625 (USD)

Minimum box office 1 087 (USD)

Average box office 36 952 363.91 (USD)

Good selling movies (more than 35 M USD) 125 (31.4 %)

Maximum box office of well selling movies 760 507 625 (USD)

Minimum box office of well selling movies 35 024 475 (USD)

Table 6. Movie box office data

maximum and minimum box office of the good selling movies. However, it is not
easy to give a precise number of how much box office revenue is the threshold to
judge whether the movie is a good selling one. As a consequence, we are using
top 20 or 50 box offices to evaluate the key users in this paper instead of figuring
out one threshold to define good selling movie. After being voted, 122 movies have
been selected as voted movies and other 280 movies identified as not voted movies.
Among the 122 voted movies, 33 movies appeared in the top 50 box office and
13 movies reappeared the top 20 box office. The precision and recall analyses of
top 50 and top 20 box office are shown in Tables 7 and 8.

Top 50 movies Voted movies Not voted movies Total

True 33 17 50

False 87 265 352

Total 122 280 402

Precision 27.049 % (33/122)

Recall 66 % (33/50)

Table 7. Precision and recall evaluation (top-50)
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Tables 7 and 8 show the precision and recall value for top 50 and top 20 movies.
In Table 7, we can find the precision is 27.049 % and the recall is 66 %. In Table 8,
the precision is 11.417 % and the recall is 70 %. In this paper, we consider the recall
value should be more important than precision value. From the result, the key users
can help us to catch the 33 out of top-50 movies and 14 out of top-20 movies. It is
very helpful for the audiences to reduce the time for selecting movies according to
the approach that proposed in this paper.

Top 20 movies Voted movies Not voted movies Total

True 13 6 20

False 108 274 382

Total 122 280 402

Precision 11.475 % (11/122)

Recall 70 % (14/20)

Table 8. Precision and recall evaluation (top-20)
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Figure 14. Votes and accuracy

Figure 14 shows another analysis of the accuracy when the votes for movies are
different. In the figure, it shows that if more than three key users vote for a movie,
then the probability of the movie as a top one is very high, especially for top-50 box
office movies.

Another analysis is that if we change the threshold for selecting key users from
top 20 % to 40 % users, the recall value of top-50 box office movies increased from
66 % to 76 %. Evidently, the more users from 17366 we selected, the less insecurity
for the company to make important decision. Under this situation, it is suggested
that companies could select more key users. The analysis result is shown in Table 9
listing the recall value of top-50 movies under different key users selection threshold.
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Threshold 20 % users 30 % users 40 % users

Key users 22 34 59

Voted movies 122 157 216

Top-50 movies 33 36 38

Top-20 movies 14 14 14

Top-50 recall 66 % 72 % 76 %

Table 9. The recall analysis for different key users selection threshold

6 CONCLUSION

In this paper, we have proposed an approach to discover key users from IMDb,
which is a very popular online movie virtual community. Based on the co-review
concept and usefulness value, key users are successfully discovered and the quality
of key users has also been evaluated after a series of experiments. The proposed
evaluation process is also interesting, especially the voting mechanism. According
to the voting mechanism and comparing to the real box office, accuracy of key users’
voting can therefore be evaluated. From the experiment results, the recall value of
the voted movies (based on top 20 % key users) in the top 20 best selling movies
is 70 %. The result is considered as a good one, since it can reduce the loading of
viewers to discover best selling movies.

There are two main contributions in the paper. First, the searching time of
users can be reduced through applying the key users discovery approach. Second,
the verified usefulness value can be a good index to discover key users. According
to the experiment results, key users can be discovered very efficiently from the top
20 % users who have higher usefulness value.

Future researches are suggested to focus on the following points.

1. Other possible factors are suggested to be included, such as the cast factor,
semantic analysis, etc.

2. In this paper, we only analyse an interest based virtual community, future re-
searches can be considered to study other cases, such as virtual community for
food, restaurant or 3C.

3. In this research, we did not take the movie categories into account, such as
action, crime, family, comedy, etc.

It would be very interesting to discover key users for each different movie category.
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