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Abstract 
 

Social aspects are critical in the decision making 
process for social actors (human beings). Social aspects 
can be categorized into social interaction, social 
communities, social groups or any kind of behavior that 
emerges from interlinking, overlapping or similarities 
between interests of a society. These social aspects are 
dynamic and emergent. Therefore, interlinking them in a 
social structure, based on bipartite affiliation network, 
may result in isolated graphs. The major reason is that as 
these correspondences are dynamic and emergent, they 
should be coupled with more than a single affiliation in 
order to sustain the interconnections during interest 
evolutions. In this paper we propose to interlink actors 
using multiple tripartite graphs rather than a bipartite 
graph which was the focus of most of the previous social 
network building techniques. The utmost benefit of using 
tripartite graphs is that we can have multiple and 
hierarchical links between social actors. Therefore in this 
paper we discuss the extraction, plotting and analysis 
methods of tripartite relations between authors, articles 
and categories from Wikipedia. Furthermore, we also 
discuss the advantages of tripartite relationships over 
bipartite relationships. As a conclusion of this study we 
argue based on our results that to build useful, robust 
and dynamic social networks, actors should be 
interlinked in one or more tripartite networks. 
 
1. Introduction 
 

Social networking is an emerging field of research. A 
social network [1] [2] is a structured representation of 
social actors and their interconnections a.k.a. ties. Social 
networks form social groups or social communities that 
share interests. Social communities on the web are 
steadily emerging and the demand for forming an on-
demand social network is immense [3][11][12]. 
Community members benefit from being linked to other 
members who share common interests, though having 
widely dispersed residences. Without these online social 
community portals on the web, people would not be able 
to find other people having the same interest. For 
example, if a person is searching for specific information 
he can look at his social network of people for 

information that interests them and get relevant 
references. Social tagging is also emerging. It helps create 
these social networks with the help of attaching keywords 
to information and user profile. The emerging techniques 
like tagging, blogging and wikis tend to create dynamic 
social networks. The techniques such as tagging perform 
very well for creating scalable social networks. Tagging 
basically assumes that user profile will only increase. An 
important aspect in tagging is completely ignored, that is 
how the social network should evolve if people join and 
leave the system or if people add as well as discard the 
tags.  

This leads to a generic research question that is: how 
can we manage a dynamic social network? If we apply 
this dynamic nature of the social network to the existing 
tagging techniques it creates many isolated graphs and the 
robustness fails in the social network. The major problem 
is that the affiliation networks are always used as bipartite 
graphs. The problem with bipartite graphs is that just 
through one link, either the user is part of the group or is 
not. On the other hand if we look at the actual social 
network scenarios, people are linked with multiple similar 
interests. Here with the help of a simple example we will 
demonstrate the advantage of using tripartite social 
network over bipartite social networks. Suppose Alice 
and Bob are two students in an electrical engineering 
department. Alice and Bob both are interested in the 
semantic web. Alice is reading about tagging and Bob is 
reading about blogging. Here if we use conventional 
tagging, Alice and Bob are interrelated to each other in 
two communities i.e. Electrical Engineering and Semantic 
Web. Alice’s Tag is “Semantic Web, Tagging” and Bob’s 
tag is “Semantic Web, Blogging”. Now if Alice removes 
this tag then her affiliation with both Semantic Web and 
Blogging will be gone and it will have no social 
connection with Bob (Fig-1a). On the other hand if we 
represent the association between Alice and Bob using a 
tripartite graph Alice will lose the relationship with the 
tagging community but will still be affiliated with Bob 
through the Semantic Web community link.  

In this paper we address the research question: Can 
linking authors using one or more tripartite graphs help 
create more robust, manageable and dynamic social 
networks? We are inspired by the works in [5]. In this 
paper first of all we will analyze the Wikipedia data from 
different dimensions of user interactions and then we will 



 

make an analysis of Affiliation network [4] of Actor-
instance, instance-category and derive from it actor-
category affiliation network. As Wikipedia data is more 
reliable, it is also used in other related works [9][10]. 
After that we will explain our algorithm for tripartite 
graph generation from Wikipedia data. In the end we will 
discuss our results and give some concluding remarks. 
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Figure 1: (a) Bipartite Social Graph (Social Tagging), 

(b) Tripartite Social Graph 
 
2. Wikipedia Data Analysis 
 

In this section we will discuss the Wikipedia analysis 
and some of our interesting findings. First of all we will 
briefly talk about the database structure of Wikipedia data 
to know how different tables are related to each other and 
what useful information we can extract from combination 
of different tables. Secondly we will discuss in detail the 
Wikipedia analysis that we performed on this data and the 
useful trends we discovered. 
 
2.1. Design of Wikipedia Data 

There are 41 Wikipedia tables [7]. In this paper we 
will only use four tables to extract the most interesting 
conclusions from Wikipedia. The tables we used are page 
table, user table, revision table and categorylink table. 
Page table is considered to be the core of Wikipedia. This 
table contains an entry for every page in Wikipedia. It 
does not contain the page text. It contains information 
about the page identity only and the reference for it in text 
table (this table contains the page text) and revision table 
(this table keeps tract of the page revision made by users). 
User table stores the information about the users of 
Wikipedia. Users are the people who are authors/editors 
of the Wikipedia articles. This table contains information 
about user identity and user privileges. Revision table is 
the most important table for our tripartite analysis. This 
table holds information about edits made by users to 
Wikipedia articles. It keeps track of the article that was 
edited, who edited it and at what time it was done. We 

use this table to find communities of users according to 
their article edit patterns. This table forms a baseline for 
our tripartite analysis. The last table which we used in our 
analysis is categorylink table. This table stores the 
categories to which a page is associated. This table adds 
the third dimension to our data i.e. Category. This 
dimension makes our analysis a tripartite analysis. 
 

 
Figure 2 : Edited Articles per User: Histogram with 

Log Trend Line 
 

 
Figure 3 : Edited Articles per User: Histogram of 

Original Data 
 
2.2. Aggregated Analysis and Trends 

It is important to understand the general trends of 
Wikipedia data in order to come to some conclusion 
based on our analysis. Trends and aggregated analysis 
helps us to determine which sample of the data will best 
lead to conclusions from our findings. In aggregated 
analysis we perform analysis based on the relationship 
between the users and the articles they have edited. The 
following is the information about the data that we have 
used: 
 

1. Number of articles: 10,218,632 



 

2. Number of users: 65,678 
3. Number of revised articles analyzed: 234,357 
4. Number of users who made revisions: 626,413 
5. Total number of article revisions studied: 

31,135,556 
6. Wikipedia dump date:  September 08, 2007. 

 
Table 1: Articles from Wikipedia with Highest 
Editors. (Not Unique) 

Rank Title # of Edits 
1 Jesus 18156 
2 2006_Lebanon_war 16824 
3 World_wrestling_entertain

ment_roster 
16633 

4 Runescape 15495 
5 Hurricane_katrina 15091 

 

 
Figure 4: Editors Per Article: Histogram with Log 

Trend Line 
 

 
Figure 5: Editors per Article: Histogram of Original 
Data 
 

Now we will discuss the aggregated analysis that we 
have performed with Wikipedia data. Figure-2 and 
Figure-3, shows the histogram of Edited Articles per 
User, implying thereby on average how many articles are 

edited by a user. Figure-2, shows the histogram with the 
logarithmic trend-line. This trend-line clearly shows that 
most authors edit fewer articles and very few users edit 
more than 10-15 articles. Figure-3 shows the histogram 
from the original data and we can clearly see that more 
than 80% of the users edit less than 6 articles. The 
maximum number of articles edited by any user is 
113,872. The user name for all these contributions is: R_F 
(Due to privacy reasons we can not show the full user 
name, these are the initials only). This record is not 
shown in the graph in Figure 2, as per the limitation of 
Excel to only show 65,536 records. 

Figure-4 and Figure-5 show the histogram of Edits per 
Article, meaning on average how many users edit an 
article. Figure-4 shows the editors per article in a 
histogram form with a logarithmic trend-line. From this 
trend-line we can conclude that most of the articles have 
few editors. If we study this trend-line it is not very steep. 
Therefore, this conclusion does not always hold. 
Interestingly this graph is a multi-modal graph. The first 
mode is around 1-8 users per article which covers around 
50% of the articles and then the second mode is from 25-
2251 which is again around 40% of the articles. In 
Figure-5, we plot the editors per article histogram of the 
original data. In this graph from the cumulative 
percentage we can conclude that more than 50% of the 
articles have less than 100 editors, and editors of more 
than 4000 are just 1%. We should also mention that in 
these two graphs we have not considered unique users. 
Therefore these edits per article can have multiple edits 
from one user. We will analyze the unique users in the 
next two graphs. In Table-1, we show that the top five 
most popular articles in Wikipedia have the highest 
number of editors. 

The records shown in Table-1 are not included in 
Figure 4 and Figure-5, as per the limitation of Excel to 
only show 65536 records. 
 

 
Figure 6 : Unique Editors Per Article : Histogram 
with Log Trend Line. 
 



 

Figure-4 and Figure-5 show the histogram of Editors 
per Article but they include non unique users. Now in 
Figure 6 and Figure 7 we show the histograms of unique 
editors per article, meaning on an average how many 
unique users edit an article. In Figure 6, we show the 
histogram of unique editors per article with a logarithmic 
trend-line. This trend-line shows that the number of 
unique users editing an article is less and the frequency 
decreases if we move from fewer users to more users. In 
Figure 7, we show a histogram of unique users per article 
using original data. In this graph we can clearly see that 
the maximum numbers of unique editors, around 20%, is 
within the range of 8 per article. Another observation is 
that more than 50% of the unique editors per article are 
under 50 per article.  
 

 
Figure 7: Unique Editors per Article: Histogram of 
Original Data 

 
In Table-1, we show that the top five most popular 

articles in Wikipedia that have the highest unique editors. 
Interestingly two of the articles, Ipod and Paris_Hilton, 
were not in Table-1, which means in most of the articles 
single users edit multiple times. The records shown in 
Table-2 are not included in Figure 4 and Figure-5 as per 
the limitation of Excel to only show 65,536 records. 
 
Table 2: Articles from Wikipedia with Highest Unique 
Editors. 

Rank Title # of Unique 
Edits 

1 Jesus 2103 
2 Runescape 1958 
3 Ipod 1876 
4 Paris_Hilton 1846 
5 Hurricane_Katrina 1756 

 
Figure-8, is generated using GraphViz [8]. This figure 

represents an affiliation network of user->articles in 
Wikipedia. Another important trend that can be seen from 

the graph is that popularity as well as connectivity of the 
articles increases from outwards towards inwards. The 
articles on the boundary of the graph are least popular and 
mostly isolated and the articles towards the center are 
more popular among users. From this graph we got the 
following two conclusions. 

The first conclusion was about the most popular 
article, Anarchism, with 12,385 edits. The second 
conclusion we got from the above discussed graph is 
about the biggest contributor. The biggest contributor is 
the person who contributed to the most articles. This is 
R_I (Due to privacy reason we can not show the full user 
name, there we only have initials) with user_id: 141644, 
and the total contributions made by him or her is 1,912. 
 

 
Figure 8 : Fading Graph Showing the Popularity of 
Articles 
 
3. Affiliation Network Analysis 
(Author→ Article) 
 

Affiliation network is a special kind of social network 
also known as involvement relation network. In affiliation 
network we have two modes i.e. set of actors and their 
affiliated set of social events. In this section we will 
analyze the affiliation network between Wikipedia users 
(Actors) and Wikipedia articles (Articles or instances). 
 

},...,,{ 21 naaaA =  = Actors 

},...,,{ 21 giiiI =  = Instances/articles 

 



 

Where n is the total number of actors and g is the total 
number of articles. 



 

3.1. Extraction of Sample Data for Analysis 
In order to perform an analysis of affiliation network 

we extracted a subset of the data from Wikipedia 
containing most of the well connected users. This subset 
makes it easy to explain our analysis and its verification.  
 
3.2. Data Representation for Analysis 

Affiliation networks can be represented in different 
ways. Three of the common ways of representation are 
affiliation network matrix, bipartite graph and 
hypergraph. In our analysis we will mainly use affiliation 
network matrix and bipartite graphs to see the connection 
and distance between users. We used matrix 
representation to study the properties like Rate of 
participation, Size of events and density and bipartite 
graph representation to study the distance between actors 
and formation of one mode communities. 
 
 
 

 
Figure 9 : Graphical Representation of Affiliation 
Matrix 
 
3.2.1. Affiliation Network Matrix 

Representation of an affiliation network in an 
affiliation network matrix is quite straight forward. We 
present the Affiliation Matrix as }{ ijaA =  . Since we 

have n actors and g instances therefore gnA *= . In 
this matrix if we have 1 entry in ),( ji , then that means 
ith actor has edited the jth instance in Wikipedia. Formally 
it can be presented as:  
 

⎩
⎨
⎧=

otherwise
jeditedhasiactorif

aij 0
1

 

  
Here aij  is one cell in the affiliation matrix. Figure 9, 
shows graphical representation of the affiliation matrix 

between actors and instances in Wikipedia. The different 
colors represent different actors and each circle represents 
an article. As you can see the outer-most circle is 
Anarchism and it has multiple colors. So this means that 
many different actors contributed to this article. Similarly 
actor “infinity” who is represented in yellow has 
contributed to two articles: Character_in_Atlas_Shrugged 
and Things_in_the_Shrugged. 
 
 

 
Figure 10 : Bipartite Graph of Actors -> Articles 

 
3.2.2. Bipartite Graph 

Bipartite graph [13] is another way to represent 
affiliation networks. In bipartite graphs we represent the 
relationship between two entities partitioned into two 
groups. In this case one group is actors and the other is 
articles. The connection between the actors and the 
articles is made if a user has contributed to that article. 
Bipartite graph can be used to see relationship between 
users from different perspectives. For example, group of 
users contributing to the same article, group of articles 
contributed by a user and distance between users. All of 
these above mentioned properties can be easily presented 
in a bipartite graph. In Figure-10, we represent a sample 
of bipartite graph of Actors 

ArticleActors Edited⎯⎯ →⎯ . 
In this bipartite graph we have 6 users and 3 articles. This 
bipartite graph shows properties of the relationship 
between the actors and articles. In this graph the out-
degree of the node representing the user is equal to the 
number of articles that user has edited. Similarly, the 
degree of a node representing an article is the number of 
users who have contributed to that article. Another 
advantage of representing this relationship in a bipartite 
graph is that one can find indirect connections between 
articles and actors, and between actors and events. These 
relationships are much more clearly visible in a bipartite 



 

graph than in an affiliation matrix. In Figure-10, as an 
example we show the distance between Actors, AaronS 
and DTC with the help of →  . AaronS and and DTC 
are not directly connected. They are connected through 
the following connections between actors and articles: 

AI

AIA

DTCAnarchism
RJIIAutismAaronS

→→
→→

 

 

 
Figure 11 : Isolated Graph problem in dynamic 
bipartite social networks. (a) Empty Graph, (b) 
Complete Affiliation Network, (c) Intermediate 
Affiliation Network, (d) Isolated Social Network. 
 
3.2.3. Discussion on Representation Methods 

In this section we will analyze and discuss the above 
mentioned two representation methods and discuss the 
problems encountered in them. In Affiliation matrix we 
represented a binary relation between a user and an 
article. We have 1 if an actor has edited an article and 0 if 
the actor has not edited an article. In the case of 
Wikipedia this looks like an obvious case. However, in 
dynamic social networks we have the following case: 
 

⎩
⎨
⎧=

otherwise
profileuserinif

aij 0
1  

So in this case this binary relation is highly dynamic. We 
would like to add another important point here, that when 
a user is affiliated with an event then it is not just one 
connection. This affiliation creates a whole network of 
users that are affiliated to that event. Moreover, it defines 
a reach-ability matrix of that user to other events and 
users. This shows that even one connection of user and 
event is quite important for the whole network structure. 
Loss of one connection to an event can result is isolation 
and unreach-ability of lots of other users and events. 
Therefore, in this paper we suggest that binary 
relationships are not reliable for dynamic social networks. 

In Figure-9 the graphical representation of affiliation 
network matrix we can clearly see that if a user is taken 
out from one circle it will lose the network connection 
with all the users connected to that network. In the 
following example we will pictorially demonstrate our 
concept. In Figure-11, we have tried to explain this 
isolated graph problem in dynamic social networks. In 
this graph gray circles shows the articles, the black circles 
show the actors and the lines show the binary relationship 
between the actors and the articles. In Figure-11(a) we 
show an empty graph with no connection between the 
actors and articles. In Figure-11 (b) we show a complete 
affiliation network in which all the actors are connected 
with all the articles and articles are also connected to 
other articles. This case is very rare in the case of a social 
network. However, this is ideal for the formation of 
dynamic networks. In this case we have multiple paths 
between the actors and articles and between authors and 
articles. Figure 11(c) shows an intermediate affiliation 
social network. This type of social network is more close 
to the real affiliation networks and it also has an article 
with high between-ness centrality. In Figure 11(d) we 
eliminate one link between an actor and article and the 
connected graph in Figure 11(c) becomes a disconnected 
graph. This shows that bipartite affiliation networks are 
not robust. As we can see, in graph Figure 11(c) we can 
reach all the nodes from any node, but in the case of (d) 
just by eliminating one link between the actor and the 
article we end up having isolated affiliation networks. In 
this paper we have eliminated this problem using tripartite 
network instead of a bipartite network. 

 
Figure 12 : In-degree Distribution Analysis for the 
Articles 
 
4. Social Network Formation 
 

In this section we will discuss how to create a social 
network based on a co-membership matrix using tripartite 
relationships. Before studying social network formation 



 

we have to make sure our data set follows the benchmark 
which is included in a well known cyber-communities 
paper [6]. Therefore we did an In-degree Distribution 
analysis for the articles and found that our results are 
close to the well known benchmark in order to proceed 
with our analysis. Our results are shown in Figure 12. In 
this graph, in-degree means the number of users editing 
an article. For example if article X is edited by 100 users 
then the in-degree of article X is 100.  This analysis gives 
us confidence with our trimmed sample data set.  
 

 
Figure 13 : Co-membership graph showing the 
Strength of the Relationships 
 
4.1. Co-Membership Matrix 

A Co-membership Matrix is used to check the number 
of articles edited by pairs of actors. If we use affiliation 
network matrix, we can see that two actors who have 
edited an article will have 1 in the same column. If actor 
i  and j  both have edited the article k , then we have: 

.1== jkik aa  From here we can deduce that the 

number of times two actors have 1 in the same column, 
means that they have edited these many articles together.  

Thus we define k
ijx as the number of articles both the 

actors i and j have edited. Therefore: 

jk

h

k
ik

k
ij aax ∑

=
=

1
 

Where  h  = the total number of articles. 
Based on this formula we have constructed a co-
membership matrix. Figure-13 shows the visual form of 

this matrix. This graph shows the strength of the 
relationship between actors. The strength of the 
relationship between two actors is defined by the articles 
they have edited together. In this graph the dark blue 
color shows that those users have nothing in common and 
the orange color shows the strongest association. 
 

 
Figure 14 : Tripartite Network of Author, Article, 

Category 
 

 
Figure 15: Proposed Tripartite Graph. Yellow Circles 
are actors, blue squares are articles and green 
octagons are categories. 
 
4.2. Tripartite Affiliation Network 

In this paper we propose a tripartite affiliation network 
of actors, articles and categories as shown in Figure-14. 
The tripartite graph is different from the bipartite graph. 
In a tripartite graph we divide the vertex set into three 
disjoint non-empty sets as opposed to two disjoint non 
empty sets in bipartite graphs. The tripartite graphs in this 
paper have the following conventions (Figure 15): 

1. Actors are shown in yellow circles. 
2. Article/instances are shown in blue rectangles. 
3. Categories are shown in green orthogonal.  
 



 

},...,,{ 21 naaaA =  => Actors. 

},...,,{ 21 giiiI =  => Instances/Articles. 

},...,,{ 21 zcccC =  => Categories. 

 
Therefore, the tripartite graph becomes a graph with these 
three vertices: 

},,{ CIAT →  => Tripartite Affiliation Graph 
A tripartite graph from Wikipedia is shown the Figure 17. 
 
 

 
Figure 16 : Example Configuration to calculate 
similarity coefficient between two Wikipedia actors 
 
5. Tripartite Data Analysis 
 

As discussed in the previous section we perform 
tripartite analysis on Wikipedia data using Actors, 
Articles and Categories. In this section we will see how to 
conduct such an analysis. Furthermore, we will discuss 
our results and demonstrate the advantages of tripartite 
analysis over bipartite analysis. 

In Figure 16, we show an example of our proposed 
tripartite social network. In this social network we have 
the following configuration: 
 
Actors 21 & AA  

},,{ 431
tan

1 IIIA cesIns ⎯⎯⎯ →⎯  

},{ 42
tan

2 IIA cesIns ⎯⎯⎯ →⎯  

},,{ 5431 CCCI Categories⎯⎯⎯ →⎯  

},{ 213 CCI Categories⎯⎯⎯ →⎯  

},,{ 9874 CCCI Categories⎯⎯⎯ →⎯  

From the above mentioned relationships we can derive 
the following indirect relationship between the actors and 
categories in order to complete our tripartite graph: 
 

},,,,,,,{ 987216431 CCCCCCCCA Categories⎯⎯⎯ →⎯
},,,,,{ 9876542 CCCCCCA Categories⎯⎯⎯ →⎯

 
From the above example, if we create a social network 
based on a bipartite relationship between actor and 

instance, we will just have one mapping using 4I . On 

the other hand if we consider a tripartite network and use 
derived a relationship i.e. actors and categories, then we 

have five mapping 98764 ,,,, CCCCC . This is 

shown here: 
Bipartite network: 21 4 AA I⎯→⎯

 

Tripartite Network: 2
,,,,

1
98764 AA CCCCC ⎯⎯⎯⎯⎯ →⎯  

 

 
Figure 17 : Wikipedia Tripartite Relationship 
Visualization 
 

This above mentioned example shows that a tripartite 
network builds a more robust and multi-path relationship 
between the actors. As we have seen in the case of a 
bipartite network Actor 1 was connected to Actor 2 just 
by one instance. On the other hand in the tripartite 
network Actor 1 is connected to Actor 2 by five 
categories. In the first case, if any one of the actors lose 
membership of instance 4, then they have no more 
connection among themselves. On the other hand, if we 
consider the case of a tripartite network Actor 1 has a 
very strong network with Actor 2. In this case, if anyone 
of them disjoins an instance only a few of the categories 
might be affected. However, using other categories both 
users will still have a social network. Now we will test 
our hypothesis on the real data from Wikipedia. In Figure 



 

17, we show the sample data extracted from Wikipedia 
for a tripartite analysis. Yellow circles show Wikipedia 
actors, blue rectangles show the instances/articles these 
actors have edited and green orthogonals show the 
categories these instances are associated with. 
 

 
Figure 18 : Social network of Wikipedia user using the 
bipartite network analysis with link weights. 
 

 
Figure 19 : Social network of Wikipedia user using the 
bipartite network analysis. 
 
5.1. Density Property and Strength Analysis of 
Tripartite Affiliation Network 

In this section we will first create a bipartite and 
tripartite network from the data given in Figure-17 and 

then we will study the density property of these networks 
[14][15][16]. We have taken eight Wikipedia users and 
due to privacy reasons we have created aliases for their 
names using name initials. In order to create a bipartite 
network of user we have taken the data of: 

ArticleActor →  
 

This is just one level of association among the users. 
In Figure 18, we show the social network of Wikipedia 
users using the bipartite network analysis. We have also 
created a tripartite network of users in Figure 17. In order 
to create a tripartite social network we used the three 
dimensional relationships of: 
 

CategoryArticleActor →→  
 

In a tripartite network we have two levels of 
relationships, Actor to Article and Article to Category. In 
Figure 20, we show a social network of Wikipedia users 
using the tripartite network analysis. Now we will discuss 
how the connections between the two actors are different 
in both bipartite networks and tripartite networks. In 
bipartite networks the actors are connected if they have 
edited same article. In this type of network if the user 
loses one level of association, he will lose the social 
connection to other actors. On the other hand in the 
tripartite network two users are connected in the 
following conditions: 

1. If they edit the same article. 
2. If they edit articles under the same category.  
3. If they edit an article connected using a 

hierarchy of categories. 
4. If they edit an article connected using a chain of 

categories. 

 
Figure 20 : Social network of Wikipedia user using the 
tripartite network analysis. 



 

Now we will calculate the density of both bipartite and 
tripartite social networks. Density is a concept that 
considers the number of lines incident with each node in a 

graph. In a graph, 2/)1(
2

−=⎟
⎠

⎞
⎜
⎝

⎛ gg
g

 

connections are possible if we eliminate the loops. In this 
case g is the number of nodes in the graph. In our 
sample data we have 8 users (nodes) in the graph. 
Therefore, the total number of possible connections is 28. 
The density of a graph is the proportion of possible 
connections that are actually present in the graph. It is the 
ratio of the number of connections present (L) to the 
maximum possible connections [4]. Density is denoted by 

.Δ    

)1(/2 −=Δ ggL  

Where L is the actual number of connections in the 
network. We will define some of the terms before we 
perform the calculations: 

bL = Actual connections in bipartite network =16 

tL = Actual connections in tripartite network = 21 

bg = Total connections in bipartite network = 8 

tg = Total connections in tripartite network = 8 

bΔ = Density of the bipartite network  

tΔ = Density of the tripartite network 

Therefore: 

bΔ = )1(/2 −bbb ggL =  0.57 

tΔ = )1(/2 −ttt ggL  = 0.75 

 
From our calculations we can clearly see that the 

density of the tripartite graph is better than that of a 
bipartite graph. This means that the social network 
constructed using tripartite relationships is well connected 
compared to the social network built using bipartite 
relationships. In this study we also took into consideration 
another important fact that is the strength of the 
relationships. Strength means how many different paths 
can be used to reach from one actor to another. Suppose 
we can use 10 paths to reach from A1 to A2. Then the 
strength of the relationship between A1 and A2 is 10. 
Figure 19 shows the social network of Wikipedia users 
using the bipartite network analysis with link weights. In 
this graph these links weight are actually strengths. 
Similarly in Figure 21, we show the social network of 

Wikipedia users using the tripartite network analysis with 
link weights. If we add all the weight of the links then 
that becomes the strength of the network. In the case of 
bipartite network the strength of the network is 72 and in 
the case of tripartite network the strength of the network 
is 219. Therefore, we can conclude that the strength of the 
tripartite network is greater than that of the bipartite 
network. 

The bar graph in Figure 22 is a summary of the 
comparison between bipartite and tripartite networks 
using density and strength. In this graph, the missing blue 
bars show the missing link in the bipartite network. These 
missing links decrease the density of the social network. 
The height of the bars shows the strength. In the graph we 
can see that brown tripartite bars are higher than the 
bipartite bars. Therefore, we can conclude that the 
tripartite social network construction method is much 
better than the bipartite method. 
 

 
Figure 21: Social network of Wikipedia user using the 
tripartite network analysis with link weights. 
 

  
Figure 22: Comparison of Bipartite & Tripartite 
Network 
 



 

6. Conclusions 
 
Social networks play a vital role in creating 

relationships among social entities. Social networks have 
applications in a wide range of disciplines such as social 
and behavioral sciences, economics, marketing, and 
industrial engineering. Social network construction is the 
first important step before we can gauge any useful 
conclusions from the data. The most robust and connected 
social networks can give useful and meaningful results. 
To construct such a network, in this paper we propose to 
use tripartite relationships. We studied Wikipedia data 
thoroughly to extract tripartite relationships between 
actors, articles and categories. Having looked at the 
network representation techniques, we discussed the 
major problem of isolated social networks. This problem 
occurs when we use the existing network construction 
techniques for dynamic social networks. Therefore, we 
proposed a new approach using tripartite relationships. In 
the end, we performed a comparison of strength and 
density between bipartite and tripartite network. Our 
results show that a tripartite social network is better than a 
bipartite network in terms of strength and density. In our 
future work we are looking at the application of our 
findings and semantic analysis of our research [17]. 
Therefore, as a first step, we plan to build a semantic 
social recommendation system. 

In order to put our ideas into a global perspective we 
would like to add that social interaction or social 
connection are not just one-to-one relationships between 
two social actors. They are actually many-to-many 
relationships. Furthermore, two actors can be connected 
through other paths that have several intermediate 
entities. So basically, as we discussed in this paper, two 
social actors are connected using multi-partite graphs. 
Therefore, as part of our future plan we will work on on-
demand virtual social networks, on top  of the complex 
multi-partite social network. In the end we would like to 
conclude that an information source combined with its 
social organization, derived from its origin and robust 
social connections, can make information more vital and 
authentic. 
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