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Abstract
Social network analysis (SNA) is often employed by educators to analyze online discussion in web based
learning to serve various purposes regarding the communication structure of the group and other
structural characteristics of a discussion forum. However, current learning management system provide
limited information for analyzing interactions among participants. Usually, educators use SNA
independently and construct adjacency matrix manually before being analyzed. Therefore, this paper
proposes a tool to generate automated social network analysis that is embedded into Moodle as the
learning management systems. This system allows educators to analyze online interaction dynamically
and simultaneously for the purpose of activity assessment. The tool provides visual representation of the
result in map and graphical form. This paper also describes the use of network indicators of social
network analysis to assess the level of participation and communication structures through online
discussion. Degree centrality, density, map and graph theory were applied to quantitatively define the
network interaction. The finding shows that automated social network is useful in simplifying the analysis
process efficiently and comprehensibly.
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1. Introduction
Online discussions have gained significant
popularity and provide an opportunity to study the
characteristic of communication structures of the
group. From the perspective of social network
analysis, communication structure may be put
through an objective analysis process to infer the
outcome of the communication. In a teaching and
learning context, the communication structure able
to reflect the learning process, the learners'
characteristics and the learning outcome.
Understanding the nature of relationships and
connections between participants is the building
block of social network analysis. Wasserman &
Faust (1994) stated that social network analysis
(SNA) is the study of the structure of social
interactions. In educational setting, social network
maps and graphs are employed to represent the
structure of interactions/relationships among
participants. It’s based on the tenet that the
structure of communication contains information
about the level of participation, identifying who are
central actors and other structural characteristics of
the online discussion.
Social network analysis is often employed in
formal social, economic, educational research work

and other fields. The peculiarity of this perspective
is that it focuses not only on individuals or other
social units, but also on the relationship between
them.
SNA is an active research area, and its
application in learning management system (LMS)
particularly in online discussion analysis is
challenging. Moodle as the most known LMS
generically provide online discussion for interaction
among participants and able to give information on
the number of messages that posted by participants
(Alvaro & Joanne, 2007). Unfortunately, it unable
to provide a comprehensive evaluation on the level
of interaction in online discussions. The data
obtained from the collected interaction is analyzed
manually. However, it is very tedious and likely to
make mistake.
This paper proposes a tool to analyze
communication structures of online discussion
automatically and visualized them in graph form
and map that educators easily understood. This
system is expected to be beneficial to the educators
as well as the researchers in assessing the students’
participation in online discussion. Besides that,
employing automated social network analysis in
routine day-to-day teaching would become more
practical and viable.
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2. Background
Studying the social network analysis (SNA) of
online interaction can serve several of purposes. In
general, the purpose of social network analysis is to
understand the communication structures of online
discussion in e-learning environment. Previous
research, study on SNA to identify students’
interactions in online discussion. For Example, de
Laat, et al., (2007) investigated the pattern of
interaction in networked learning and computer
supported collaborative learning; and Pena-Shaff &
Nicholls (2004) studied the students’ interaction
and meaning construction in computer bulletin
board discussion. Another purpose of social
network analysis is to assist in online learning
discussion where the quantity of interaction is
considered prominent (Suh & Lee, 2006).
Social network analysis has also been applied in
monitoring the learning progress of students. For
example, Willging (2005); Erlin, et al., (2009)
applied centrality and density to identify who are
central actors in the network and the level of
engagement among participants, and from it
inferred the learning progress of the cohort.
Unfortunately, most of them used SNA
independently. Currently, LMS does not provided
information
regarding
the
communication
structures since it is not embedded with SNA. The
educators of an online class are not supported with
structural indicators that would allow them to
evaluate the participation and interaction among
students in their classes. In many instances, only
statistical information, such as frequency of
postings is provided. However, it is not a very
useful measurement for the interaction activity.
Traditionally, educators or researchers calculate
the quantity of interaction manually and then
convert them in adjacency matrix before being
analyzed by SNA. Furthermore, educator will rebuild a new adjacency matrix for each different
session from the same online interaction. It is
labour-intensive task, time consuming and low
accuracy. Therefore, this study proposes an
automated SNA tool that can be embedded into
LMS in order to provide a dynamic picture of
online interaction. The following section will
describe how the automated tool work and show the
automation changes occur in every session.
3. Creating Adjacency Matrix
In the first step, the tool will create an adjacency
matrix. It depicts the current state of the activity in
online interaction. The educators can learn and
monitor to detect the less active student at early
stage and encourage them to participate actively in
the next session.

Table 1,2 and 3 shows three sessions of the
online discussion in the adjacency matrix form. The
data presented in this matrix is captured
automatically from online discussion. The
adjacency matrix dynamically adjusts to the new
data according to any changes post and reply that
have been made by each participant. This is as basis
for further processing by the tool to determine the
network indicators of SNA.
Table 1. Adjacency Matrix of Session 1

Table 2. Adjacency Matrix of Session 2

Table 1 show the total number of interactions
that occurs in the first session is 16. In the second
session that is shown in table 2, total number of
interactions increased to 24. Admin, student Lili
and student Erlin make one additional interaction
while student Susan and student Rani, make two
and three additional interaction respectively. Other
students make no changes. Moreover, in the third
session (table 3), a total of interaction becomes 43
which is almost double the number of interaction in
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session 2. Meaning that student are more active in
posting their ideas or suggestions in the last session.
Table 3. Adjacency Matrix of Session 3

do(Mo) is the participant’s out-degree centrality,
do is the sum of messages that the participant
sends toward others and g is the number of
participants in the group.
Secondly, a density that provides a measure of
the overall connections between the participants.
This gives an indication of the level of engagement
in the network (Scott, 2000). The formula to
calculate density can be expressed as:

W 
 Density =

n(n − 1 

(3)
In (3), W is the number of communicative link
and n is the maximum number of possible link.

It is clearly illustrated the temporal of online
class discussion at any session and also showed
which participants responded and posts to each
other and how often they did so.
4. Creating Current Network
In order to measure the current network the tool
will calculate four network indicators of SNA.
There are degree, degree centrality, density and
network degree centralization index. Saltz, et al.,
(2004) argued that the simplest and most intuitive,
within a student-focused online discussion, is
degree centrality. This is the measure of interaction
regardless of the send/receive directionality (i.e. it
measures the volume of activity/messages). Degree
centrality is presented by in-degree centralitycounting the number of replies to the messages
posted by the student and out-degree centralitycounting the number of messages sent by the
student. The formulas of degree centrality included
in-degree centrality and out-degree centrality are as
follows:

(1)

(2)


di 
 di ( Mi) =

g − 1 


do 
 do( Mo) =

g
− 1 


In (1), di(Mi) is a participant’s in-degree
centrality, di is the sum of messages received by
the participant from other participants. In (2),

Lastly, network degree centralization index is
an indicator for analyzing the network as a whole
based on actor’s degree centrality. It gives an idea
about the dependency of the network on the activity
of small group of participants (Martinez et al.,
2003).
More
precisely,
network
degree
centralization index is defined as
Sum over node a of (max centr. In G – centr. of node a)
-------------------------------------------------------------------Max value of the sum in all graphs on the same # of node

All the above formulas are used as the basis for
making automated algorithm in network density,
degree centrality and network degree centralization
index of the online discussion.
Table 4, 5 and 6 shows the output summary
from three network indicators; network density, indegree and out-degree. This picture is derived from
the adjacency matrix tables that have been
generated in the previous process. From session 1,
2 and 3 we can see and assess the degree and the
network density, which occurs in the online class
discussion dynamically.
Table 4. Network Density, In-degree and OutDegree at Session 1
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From report on table 4, 5, and 6, it is clear that
the tool can give a dynamic illustration of each
degree value changes that appears during a certain
period of discussion forums. In session 1 (table 4)
student Lili received the most reply with the value
of 6 (in-degree), while student Citra received the
least (she did not get any replies, in-degree is 0).
For temporal state, in the session 1, the highest
participation rate in posting the message are admin
and student Rika with values of out-degree
centrality of 3 and the lowest is student Rani with 1
as the values of out-degree.
It looks different in the second session (table 5).
Student Rani who was previously a student of the
lowest participation rate (out-degree is 1), in the
second session, occupied the highest position with
the admin (out-degree is 4). In the last session
(table 6) student Rani achieved the first position in
the number of posting message with the value of
out-degree 7. Student Lili was at top position levels
in receiving replies from others with value of outdegree 9.
Table 5. Network Density, In-degree and OutDegree at Session 2

Table 4, 5 and 6 also shows the network density
values that indicate how active the participants in
the online discussion and can show how dense is
the overall participation. The network density
values increased from one session to the next
session. In session 1, the value of network density
is 0.286 which means that few participants
connected to other participants. In the second
session density values have increased to 0.429
while the third session network density value is
0.768 which means that more than 50% participant
connected to each others. When the density is 0, the
network is without any connection; and when the
density is 100% or 1, all the participants of a
network are connected to one another. Based on the
network density value in the three tables (0.286,
0.429, 0.768), it shows that the participation
become more active at every next session. Thus,
educators can then analyze the interaction pattern of
the group during discussion.
Table 6. Network Density, In-degree and OutDegree at Session 3
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Table 4, 5 and 6 also shows the network density
values that indicate how active the participants in
the online discussion and can show how dense is
the overall participation. The network density
values increased from one session to the next
session. In session 1, the value of network density
is 0.286 which means that few participants
connected to other participants. In the second
session density values have increased to 0.429
while the third session network density value is
0.768 which means that more than 50% participant
connected to each others. When the density is 0, the
network is without any connection; and when the
density is 100% or 1, all the participants of a
network are connected to one another. Based on the
network density value in the three tables (0.286,
0.429, 0.768), it shows that the participation
become more active at every next session. Thus,
educators can then analyze the interaction pattern of
the group during discussion.
Table 7 shows the output summary of the
degree centrality and network degree centralization
index in the last session. Participant in-degree
centrality varied between 0.2857 and 1.2857 and
out-degree centrality varied between 0.4286 and 1.
It shows that all participants play even role in
sending messages, while some participants
receiving more messages than the others.
Table 7. Degree Centrality and Network Degree
Centralization Index at Session 3

This table also shows the network degree
centralization score for in-degree is 59.18% means
that few students who have score high in-degree
centrality (student Lili and student Rani). The high
score shows the uneven interaction in receiving the
messages. Most of the student score is low in indegree centrality (student Citra, student Susan and
student Erlin) and the other three are medium
(Admin, Student Nilda and student Rika). Different
conditions shown in the network degree
centralization for the out-degree centrality is
26.53%. This value is low, means that overall
participants is even in sending the messages, not
only dominated by few participants. Moong (2007)
argued that when the measure of network degree
centralization is large, it means that few
participants are highly central and the remaining
participants occupy much less central positions in
the network. Conversely, if the network
centralization is low, it means that the network is
populated. Compare these two values, it shows that
these groups involved more better in sending
messages.
5. Map and Graph
As a way to address the visualization of online
discussion, we presented graph in figure 1-3 and
map in figure 4-6 for marking up the rhetorical
structure of online interaction in threaded forum.
The SNA tool enable automatically analysis level
of participation and visualization them in graph and
map.
This graph is set up using 5 layers. The
limitation value of each layer depends on the
maximum and minimum value of degree centrality.
The formula for the difference in the value of max
and min values can be express as:
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D = ( N max − N min) / 5
(3)
List 1 is drawing algorithm for graphical of degree
centrality.
-------------------------------------------------------------a. Layer detection: identify the number of layers;
L=1…5
b. Boundary detection: identify the boundary value
of each layer; L5 = Min of degree centrality, L4
= L5 + D,…, L1=L2+D
c. Display: arrange the nodes in a clockwise
d. Permutation of node: for each layer find the
permutation of each node according to its
degree centrality value
-------------------------------------------------------------List 1. Graph Algorithm
The placement of each student that represent as
a node in the layer depends on its degree centrality.
The greater the degree centrality will be closer to
the center of the circle. Conversely, the smaller the
degree centrality will be far away from the center of
the circle (located at the outermost layer).
In the first session student Rani and student
Susan in the position farthest from the center of the
circle (at fifth layer) which means that they have
the lowest degree centrality value (out-degree=1).
Striking changes seen in the second session where
student Rani at the position closer to the center of
the circle which means that she is the most active
student in posting a message to another student.
Different circumstances presented by the student
Citra, which at the end of the whole session he was
in the lowest position with out-degree value of the
lowest, so that her position was at fifth layer.

Figure 2. Graph of Out-Degree Centrality at
Session 2

Figure 3. Graph of Out-Degree Centrality at
Session 3

Figure 1. Graph of Out-Degree Centrality at
Session 1

Moreover, there is vast literature and research in
concerning automatic map drawing. Maps are
represented by symbols such as circle or boxes for
every node and drawing an arc between two nodes
if they are connected by an edge. If the edge is
directed, the direction is indicated by drawing an
arrow.
According to Cruz (2009), there are five general
styles of maps drawing; polyline drawing, planar
straight-line drawing, orthogonal drawing, planar
orthogonal straight-line drawing and visibility
representation. Some drawings are better than
others in conveying information on the map.
Aesthetic criteria attempt to characterize readability
by means of general optimization goals. This
research employed planar straight-line drawing in
angular resolution.
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Algorithm drawing map
Finding a realization of a map M= (V, E) where
V={v1, v2, v3, v4} and E= {{ v1, v2}, { v3, v4},{ v1,
v4}, {v1, v3},{ v3, v2}, {v2, v4}} and given an abstract
planar graph M= (V, E) find a map drawing of it
using straight-line segments for edges. Two edge
segments may intersect in (at most) one common
endpoint.
Based on the algorithm above, a map was
created for analyzing link interaction as shown in
figure 4, 5 and 6. The graph below presents the link
relations among students at session 1,2 and 3 of
discussion. The map shows that, as time goes on,
the scope of linkage expands from one student to
others, and that the degree among students
intensifies. The map provides a meaningful analysis
on factors such as who is active in online
discussion, who is central participant, whom the
participant interacted with and who the leader of
interaction.

Figure 6. Map of Out-Degree Centrality at
Session 3
Fig. 4, 5 and 6 illustrates the interaction patterns
between eight students in a directed graph. From
figure 4 it can be said that student Lili get many
replies and highest in term of in-degree centrality
while Admin and student Rika highest in outdegree centrality meaning that they active in
posting a message to other student. Student Rani,
student Susan and student Citra interact only with
student Lili. Moreover, student Citra interact in one
way, meaning that they had been isolate from
others. Also from this graph educators can detect
who is involved with the discussion, who is active
participant and who is lurker.
5. Conclusion

Figure 4. Map of Out-Degree Centrality at
Session 1

This research proposed an automated tool for
social network analysis that embedded into LMS. It
is a possible solution for automatically depicting
and analyzing relations that are established between
participants in online interactions. It provides the
visualization of online discussion in graph form and
map presentation. The tool is found to be helpful
for educators to analyze interaction dynamically. It
enables educators to monitor students’ interaction.
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