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 Social learning network analysis is a potential approach to analyze the 
behaviour of students in collaborative work. However, most of the previous 
works focus on asynchronous discussion forum as the learning activity.  Very 
few of them are trying to analyze the students' collaborative work while 
using wiki e-learning. This paper proposes the degree centrality and 
eigenvector method for identifying the collaborative work of students while 
in wiki e-learning. The log data of the Moodle e-learning system is observed 
that records the students' activities and actions while using wiki.  The result 
shows that there is a close similarity between the degree centrality and the 
eigenvector. The result also reveals the students who obtain high outdegree 
values.  Furthermore, Agent_1 and Agent_12 represent the students who 
obtained high outdegree values, which mean these two nodes are acting as 
source providers that able to supply information and knowledge through the 
network. This result also strengthened by value of closeness and betweenness 
where Agent_1 and Agent_12 leading on this measurement. The high 
closeness value of Agent_1 and Agent_12 will lead into fast spreading 
information since they have fastest route and has the most direct route to the 
other node inside the network, thus collaborative work is easy to be 
initialized by these Agents. This work has successfully identified 
collaborative work of student. This finding is believed to bring enormous 
benefit on the e-learning system improvement in the future. 
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1. INTRODUCTION 

Social network analysis (SNA) is one of the widely used approach to analyze the behaviour of 
certain community of social network. This is due to the fact that, it can represent the social relation between 
people [1],[2]. Teachers and researchers often employed the social network analysis (SNA) to determine the 
level of participants, to identify the central actors, or to recognize other structural characteristics of the social 
learning interactions [3]. 

Wiki is a collaborative tool that offers users to work together within the same system to increase the 
result and productivity of the teamwork [4]. Typically, it recorded the page of the original contributor of a 
piece of writing and those who have edited and made amendments. Several social learning activities, which 
are considered as collaborative work are editing, uploading, commenting and tagging [5]. The other work on 
Wiki is proposed by Twu in 2010. He studies the interaction among students in Chinese ESL Classroom. 
Their methods are divided into two parts: Attitude towards Wiki and Wiki interaction [6]. Furthermore, the 
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Wikipedia system has been analyzed using centrality measurement by Korfiatis et. al [7]. They have used 
indegree centrality to measure how much the change that contributed by an actor that edited by another actor. 
They also utilized fuzzy operator to aggregate the difference between the recent version of the article and the 
submitted one [7]. Wiki Moodle has several features in Moodle e-learning system such as Add a new topic, 
Edit or Update, Comment, Link and View. It is able to give students and lecturers flexibilities to control their 
own Wiki. 

Most of the previous research focused on analyzing the content of asynchronous discussion such as 
discussion forums and messaging. On the other hand, the works on Wiki still didn’t touch Moodle Wiki 
(specifically for e-learning), they only focusing on regular Wiki such as Wikipedia. Besides that, most of the 
work focuses on the indegree centrality.  However, they are still lacking in term of the outdegree method and 
other centrality methods such as closeness and betweenness. Therefore, the objective of this paper is to fill in 
those research gaps by focusing on implementing SNA to analyze the participation and interaction of 
students inside Moodle Wiki  by using SNA method such as Degree Centrality, Closeness, Betweenness and 
Eigenvector. 

Social Network Analysis (SNA) is the study of the structure of social interactions [8]. Furthermore, 
Social learning network analysis is the analysis of social networks in the elearning domain. Because social 
learning network is a new way of communication network, it can influence the teaching and learning process 
[9]. Previous researchers have proposed automatic document text analysis (ATA) in the student text. The text 
of the student’s message was able to explain the emotions of the tutors and students during the process of 
interaction [10]-[13]. The other research analyse text messages from students categorized and analyzed 
according to the content of the message. This method appears to produce emotional behavior from students 
and tutors during the interaction. In addition, this node corresponds to a human, an agent or an actor in the 
community. Several techniques in SNA are the degree centrality, betweenness and closeness. These 
techniques can be utilized for behaviour identification. They also able to reveal behaviour of users inside 
social learning network [14]-[18].  

The degree centrality composes of the outdegree and the indegree. The outdegree is interpreted as a 
number of information or knowledge that being spread from certain node (vertex) to the other node (outgoing 
edge). Meanwhile, the indegree is focused on calculating the number of information that a node received 
(ingoing edge). In addition, closeness is a technique to measure the time needed to spread the information 
from an initial node to another node by considering the shortest path. Betweenness is a method to determine 
the node that control the communication for other node inside the network (can be called as a hub). 
Furthermore, Eigenvector represents the connection of a node to other well connected node. This means, a 
node that has high Eigenvector has the potential to spread information fast and smooth inside the network. 
Furthermore, the other researcher proposed Computer-Aided Collaborative Decision Making (CA-CDM) that 
can help student to optimize their critical thinking and decision process during the study [19]. While the other 
try to measure the collaboration and communication of student through social network analysis. They 
recommend that lecturer can provide more organized events that streghthen student collaboration [20]. 
 
 
2. RESEARCH METHOD 

In this research there are two main phases, first the data collection which is obtained from e-learning 
log data, then the second part is social network analysis for wiki. The data for analysis is the log activities of 
the Moodle Wiki conducted in semester 2010/2011 for the course named "Instrumentation in Analytical 
Chemistry" with the course code of SSC2213-01.  There are several activities in Moodle Wiki such as "Add 
new Wiki Topic", "Edit content", "View content" and "Add Link".  This activity log on Moodle Wiki is 
captured for three months period. 

The data from Moodle Wiki is classified based on the user participation to the E-Learning system. 
This data is then converted into adjacency matrix in order to measure the social interaction between the users.  
The adjacency matrix for the data is presented in Table 1. 
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Table 1. Adjacency matrix for Wiki Data 

 
 
 
The data from the adjacency matrix is then being computed for the degree centrality, the closeness 

and the betweenness centrality. Table 2 shows the degree centrality which presents the indegree and 
outdegree results.  The indegree and outdegree measurement are necessary in order to see the activity level of 
each student. The indegree is a calculation of the number of directed bind to the node.  On the other hand, the 
outdegree is the number of binds that the node directs to others. In an example of a friendship relations, the 
indegree may be interpreted as a form of attractiveness while the outdegree is interpreted as sociability. The 
degree centrality of student inside social learning network can be computed through Equation 1. 

For graph G:=(V,E) with n vertices, the degree centrality CD(v) for vertex v is: 
 

ሻݒ஽ሺܥ ൌ
ୢୣ୥	ሺ௩ሻ

௡ିଵ
 (1) 

 
In Table 1, the symbol U is symbolized as Agent_1. It can be seen that Agent_12 (U12), Agent_1 

(U1) and Agent_21 (U21) have high outdegree values. These mean that those students give significant 
contribution to other Wiki users in terms of editing, adding, or even updating the Wiki. On the other hand, 
Agent_7, Agent_6, Agent_5, Agent_3 and Agent_10 receive high indegree values. This mean that the Wiki 
page that being edited by these students have been edited by the most users. 
 
 

Table 2. Degree Centrality measure for Wiki data 
Name Indegree Outdegree  Name Indegree Outdegree 

Agent_1 1.00 26.00  Agent_20 1.00 0 
Agent_2 3.00 0  Agent_21 1.00 11.00 
Agent_3 5.00 0  Agent_22 1.00 0 
Agent_4 3.00 0  Agent_23 1.00 0 
Agent_5 4.00 0  Agent_24 1.00 0 
Agent_6 4.00 0  Agent_25 1.00 0 
Agent_7 6.00 0  Agent_26 1.00 0 
Agent_8 2.00 0  Agent_ 27 1.00 0 
Agent_9 3.00 0  Agent_ 28 1.00 0 
Agent_10 4.00 0  Agent_ 29 1.00 0 
Agent_11 1.00 0  Agent_ 30 1.00 0 
Agent_12 1.00 29.00  Agent_31 1.00 0 
Agent_13 2.00 0  Agent_ 32 1.00 0 
Agent_14 1.00 2.00  Agent_ 33 1.00 0 
Agent_15 1.00 0  Agent_ 34 1.00 0 
Agent_16 1.00 0  Agent_ 35 1.00 0 
Agent_17 1.00 0  Agent_ 36 1.00 0 
Agent_18 1.00 0  Agent_ 37 1.00 0 
Agent_19 1.00 0  Agent_ 38 1.00 0 

    Agent_ 39 1.00 0 
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Table 3 shows the closeness and betweenness centrality.  Within a graph, the betweenness is the 
centrality measure of a vertex.  Vertices have high betweenness value when they occur on many shortest 

paths. For the graph   that has vertices   then the betweenness   for vertex  can be 

measured using several steps below: 
1.  For each pair of  , calculate all shortest paths between them. 

2.  For each pair of , determine the fraction of shortest paths that pass through the vertex in      

. 

3.  Sum this fraction over all pairs of , refer to Equation 2. 

 

  (2) 
 

where    is the number of shortest paths from   and  is the number of shortest paths from

that go by .  

Furthermore, the closeness  for a vertex  is the reciprocal of the sum of geodesic distances to 

all other vertices of V(Sabidussi, 1966). Instead of using geodesic distance  to measure closeness, Noh and 
Rieger (2003) proposed  the random-walk centrality that is a measure of the speed with which randomly 
walking messages reach a vertex from elsewhere in the network a sort of random-walk version of closeness 
centrality (Noh and Rieger, 2004). In essence, it measures the harmonic mean length of paths ending at a 
vertex .  is small when there are many short paths connecting it to other vertices (Stephenson and Zelen, 
1989). he equation of closeness has been improved  to overcome network vulnerability.  This condition is 
useful and makes closeness computation  for disconnected graph 3 become easy. 
 

 (3) 

 
 Table 3 presents the findings of the betweenness and the closeness calculation based on the 

adjacency matrix in Table 1. Agent_1 (Student_1) and Agent_12 (Student_12) have the highest closeness 
values which mean that these students are particularly important because their distances are closest to other 
students in the network. In other words, the closest student distance, the fastest information will be delivered. 
Furthermore, betweenness also show a compelling result where Agent_12 and Agent_21 become the main 
actor hub who connect some nodes to other nodes.  The role of actor hub is crucial for the information flow 
inside the network.  

 
 

Table 3. Closeness and Betweenness Centrality measure for Wiki data 
Name Closeness Betwenness  Name Closeness Betwenness 

Agent_1 0.011 5.000  Agent_20 0.000 0.000 
Agent_2 0.00 0.000  Agent_21 0.001 12.000 
Agent_3 0.00 0.000  Agent_22 0.000 0.000 
Agent_4 0.000 0.000  Agent_23 0.000 0.000 
Agent_5 0.000 0.000  Agent_24 0.000 0.000 
Agent_6 0.000 0.000  Agent_25 0.000 0.000 
Agent_7 0.000 0.000  Agent_26 0.000 0.000 
Agent_8 0.000 0.000  Agent_ 27 0.000 0.000 
Agent_9 0.000 0.000  Agent_ 28 0.000 0.000 

Agent_10 0.000 0.000  Agent_ 29 0.000 0.000 
Agent_11 0.000 0.000  Agent_ 30 0.000 0.000 
Agent_12 0.016 31.000  Agent_31 0.000 0.000 
Agent_13 0.000 0.000  Agent_ 32 0.000 0.000 
Agent_14 0.001 1.500  Agent_ 33 0.000 0.000 
Agent_15 0.000 0.000  Agent_ 34 0.000 0.000 
Agent_16 0.000 0.000  Agent_ 35 0.000 0.000 
Agent_17 0.000 0.000  Agent_ 36 0.000 0.000 
Agent_18 0.000 0.000  Agent_ 37 0.000 0.000 
Agent_19 0.000 0.000  Agent_ 38 0.000 0.000 

    Agent_ 39 0.000 0.000 
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In addition, this section intends to reveal more the behaviour of collaborative work of student by 
measuring the popularity of student using eigenvector centrality. Eigenvector centrality is able to measure 
"How well is this person connected to other well connected people", so the highest eigenvector can be 
considered as the attractive person inside the network(Cheliotis, 2006). Symmetrize is a method to change  
"directed" or "asymmetric" network data into "undirected" or "symmetric" data. There are various methods to 
symmetrize data.  In this study, all symmetrize data are to cover the evaluation of collaborative work inside 
Moodle Wiki.  The data is obtained from the Wiki interaction presented in Table 1. The measurement of 
eigenvector centrality can be referred to the Equation 4. 

 
ݒ	ߣ  ൌ  ݒ	ܣ
ሺܣ െ ݒሻܫ	ߣ	 ൌ 0 (4) 

 
where A is adjacency matrix from graph,  

       λ is eigen value and v is eigen vector.   
The symmetrize method is described as follow: 

 Maximum  
If there are two actors A and B, then the strongest tie among them is chosen to be representative of a 

tie for A and B. The data of wiki that has been adjusted into matrix adjacency on Table1 is analyzed through 
Eigenvector centrality using symmetrize maximum. The distribution of Eigenvector centrality scores is 
presented in Table 4 with mean 0.102. 

 
Table 4. Distribution score for Eigenvector centrality-MAX 

Measures Value 
Mean 0.102 

Std.Dev. 0.123 
Min. 0.017 
Max. 0.624 

 
 

The relationship between Agent through Eigenvector centrality was illustrated clearly through 
Concentric Diagram as shown in Figure 1. Agent_1 becomes centre of other Agent. This means that Agent_1 
can be considered as well-connected people in the real world. This kind of person is particularly essential to 
make sure that the collaborative work become a success or not. 

 
 

 
 

Figure 1. Concentric diagram for Eigenvector centrality with Maximum Symmetrize 
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 Minimum  
 Exemplifies the power of the symmetric tie among A and B as being the feeble of the ties AB or BA 

or generally is known as weakest link. The second evaluation of the collaborative work inside Moodle wiki is 
through Eigenvector with Minimum Symmetrize. The distribution of Eigenvector centrality score is 
described in Table 5 with mean 0.036. 

 
 

Table 5. Score for Eigenvector centrality vector with Minimum Symmetrize 
Measures Value 

Mean 0.036 
Std.Dev. 0.156 

Min. 0 
Max. 0.814 

  
 

This Eigenvector concentric is described clearly in Figure 2. In this figure, Agent_12 becomes the 
center of the others agent and acts as the most well connected people. 

 
 

 
 

Figure 2. Concentric diagram for Eigenvector centrality with Minimum Symmetrize 
 
 

 Average  
Demonstrates  the power of the symmetric tie among A and B as the plain average of the ties AB 

and BA.  The third evaluation of the collaborative work inside Moodle wiki is through Eigenvector with 
Average Symmetrize. The distribution of Eigenvector centrality score is described in Table 6 with mean 
0.103. 

 
 

Table 6. Score for Eigenvector centrality vector with Average Symmetrize 
Measures Value 

Mean 0.103 
Std.Dev. 0.123 

Min. 0.016 
Max. 0.617 

 
  

Figure 3 presents the positions of the agent among other agents.  Agent_1 is located at the centre of 
the concentric diagram, and Agent_3 is placed in the third layer.  Meanwhile, Agent_7 is positioned in the 
fourth layer.  
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Figure 3. Concentric diagram of the Eigenvector centrality with Average Symmetrize 
 
 

 Lower Half  
 Utilizes one half values of the matrix from the other half.  If  the "senders"  become the focus of the 

network  properties, then it will set the lower half equals to the upper half. However, if the focus of the 
network has changed to "receiver", then the upper half equals to the lower half. The fourth symmetrize of 
Eigenvector centrality is the Lower half. Table 7 displays the measurement values for the Eigenvector 
distribution and Figure 4 illustrates the agent behaviour inside the concentric diagram. 

  
 

Table 7. Score for Eigenvector centrality with Lower half Symmetrize 
Measures Value 

Mean 0.067 
Std.Dev. 0.145 

Min. 0 
Max. 0.623 

 
  

 
 

Figure 4. Concentric diagram for Eigenvector centrality with Lower half Symmetrize 
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 Upper Half 
 Evaluates the values in unit AB and BA, and returns a value based on the test function. For example, 

if Upper > Lower and AB = 2, BA = 6, then the application would select value "6," since upper value (AB) 
was not larger than the lower value (BA). The last symmetrize that will be used in this evaluation is upper 
half. The result of Eigenvector using this mode is presented in Table 8. The details of the interaction among 
agents are portrayed in Figure 5 and 6. 

  
 

Table 8. Score for Eigenvector centrality with Upper half Symmetrize 
Measures Value 

Mean 0.085 
Std.Dev. 0.136 

Min. 0.004 
Max. 0.701 

 
  

Figure 5 portrays the layered diagram in which Agent_1 is at the centre, followed by Agent_7, 
Agent4, Agent_3, Agent_5, Agent_6 and so on. The position of the agent is determined according to the 
Eigenvector value. 

 
 

 
 

Figure 5. Concentric diagram for Eigenvector centrality with Upper half Symmetrize 
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Figure 6. Spring diagram for Eigenvector centrality with Upper half Symmetrize 
 
  

Figure 6 shows the spring model of Eigenvector value through Upper symmetrize. From Figure 6, 
Agent_1 is seen as the most well connected node that able to maintain relationships with Agent_12 and 
Agent_21. Moreover, the second biggest Eigenvector value in this symmetrize mode is Agent_7. This is due 
to the fact that it ables to connect with Agent_1 and Agent_12. 
 
 
3. RESULTS AND CONCLUSION 

This section summarizes the analyzes result of the evaluations conducted on the collaborative work 
inside Moodle wiki.  The measurement approaches being considered are the Degree Centrality, Betweenness, 
Closeness, and Eigenvector centrality.   The result and analysis of these approaches are presented in Table 9. 
In this table, the symbol "Agent" is used to represent the student's name. The data for the Degree centrality, 
Closeness, and Betweenness are obtained from Table 1 and 2. 

 
 

Table 9. The result and analysis of the approaches used to evaluate the collaborative work in Wiki Moodle 
Eigenvector Centrality Degree Centrality Closeness Betweenness 

In the Eigenvector centrality, 
Agent_1 and Agent_12 are 
recognized as the most well 
connected to other well 
connected node inside network 

Agent_12 leading the 
outdegree values by 29 and 
followed by Agent_1 and 
Agent_21. 

Agent_12 obtains the highest 
score for closeness with 
0.016 and then pursued by 
Agent_1. 

Agent_12 receives the highest 
score by 31.  Next is Agent_21 
with the score 15 and finally, 
Agent_1 with the score 5 

  
 
Table 9 illustrates the results from different SNA method to analyze the interaction inside Wiki 

Moodle.   From overall observation, Agent_1 and Agent_12 have played a vital role for the network. Based 
on their Eigenvector value, these two agents are the most well connected node. This means that these two 
students are popular and are able to manage the collaborative work. Furthermore, Agent_1 and Agent_12 
also obtain high outdegree value, which mean that these two students are acting as the source provider who 
supply information and knowledge through the network. These results also strengthened by the value of 
closeness and betweenness where Agent_1 and Agent_12 also leading on this measurement. The high 
closeness value of Agent_1 and Agent_12 lead into fast spreading information since they have fastest route 
and have the most direct route to the other node inside the network. The analysis result of the Eigenvector 
centrality has relations with the social learning network analysis for identifying collaborative work inside 
Moodle Wiki. According to Cheliotis, G. (2010), "How well is this person connected to other well connected 
people?" is the fundamental of Eigenvector centrality measurement. With this principle, the analysis result 
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also recognized that Agent_1 and Agent_12 become the key point on information distribution since they are 
the most well connected node. Finally, the results from the Degree centrality, Closeness, Betweenness, 
Hierarchical and MST clustering also support the principle, in which we can claim that Agent_1 and 
Agent_12 are the central nodes inside the network that hold a vital role for information circulation among the 
nodes. 
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