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Abstract 
As online discussion boards become a popular medium for 
collaborative problem solving, we would like to understand 
patterns of group interactions that lead to collaborative 
learning and better performance. In this paper, we present an 
approach for assessing collaboration in online discussion, by 
profiling student-group participation. We use a modularity 
function to compute optimal discussion group partitions and 
then examine usage patterns with respect to high-versus 
low-participating students, and high- versus low-performing 
students as measured by grades. We apply the profiling 
technique to a discussion board of an undergraduate com-
puter science course with three semesters of discussion data, 
comprising 142 users and 1620 messages.  Several patterns 
are identified, and in particular, we show that high achievers 
tend to act as ‘bridges’, engaging in more diverse discus-
sions with a wider group of peers.   
 
Keywords: Student online discussions, group detection in 
discussions 

Introduction 

Online discussion boards play an important role in distance 
education and web enhanced courses. Studies have shown 
online discussion to be a promising strategy for promoting 
collaborative problem solving and discovery-oriented ac-
tivities, however, student participation can vary highly; 
some students post only one or two messages during the 
whole semester, while others participate more often and 
interact with many other students. Some students commu-
nicate with only a limited number of peers, while others 
interact with a wider group of students and participate in 
more varied discussion topics. It is difficult to understand 
the many different types of group interactions that occur in 
online discussions and even more difficult to understand 
how they affect collaborative learning. 

We would like to identify and understand patterns 
of group interactions that lead to collaborative learning and 
better performance. The patterns might be used to develop 
pedagogical strategies for promoting more desirable inte-
ractions and increasing student learning.  Most of the exist-
ing computational work on qualitative discussion analysis 
has focused on analyzing dialogue patterns in individual 
discussion threads (McLaren et al., 2008; Scheuer O.& 

McLaren, 2008, Ravi & Kim 2007; Cakir et al., 2005; Feng, 
Kim, Shaw & Hovy, 2005) or analyzing the impact of tu-
tors in student discussions (Light et al., 2000; Shaw 2005). 
Although these results provide good hints about student 
behavior within online discussions, they have not yet 
yielded insightful information about collaborative learning, 
such as how groups form during online interactions over 
multiple discussion threads, and how group interactions 
affect student learning.  

In this paper we present our first steps towards 
analyzing group activities in online discussions using 
community modeling algorithms. For each discussion fo-
rum, we identify a set of communities based on connec-
tions between students and the threads they contribute to. 
We compare high-participating and low-participating stu-
dents with respect to their participation patterns within their 
groups or across different groups.  High performing and 
low-performing students are determined based their project 
grades. We found that high-participating students who par-
ticipate in a greater number of discussions don’t necessarily 
get better grades. However, we see that high performing 
students tend to act as bridges among several different 
community groups. That is, their participation is not limited 
to discussions by one or two groups; they appear to engage 
in more diverse discussions with a wider group of peers. 

Our work takes place in the context of an under-
graduate course discussion board that is an integral compo-
nent of an Operating Systems course in the Computer 
Science department at the University of Southern Califor-
nia. The course is offered every semester, and always 
taught by the same lecturer. Each semester, there are four 
projects based assignments, which remain consistent across 
semesters, and a final exam. Students use a discussion 
board, most commonly, to seek help on the project assign-
ments. There is a discussion forum for each of the four 
projects every semester. There are also administrative, lec-
ture and humor forums. The discussion board is an ex-
tended version of phpBB, an open source bulletin board 
application. Discussion data and project grades from the 
2008 spring, summer and fall semesters were used for the 
presented work. 

The paper first present our framework for model-
ing groups in online discussions, and then presents the re-



sults of analyzing three semesters of data and relating stu-
dent participation to grades. We report on typical behavior 
patterns found. 

The main contributions of the paper are: 
1. Presenting a novel approach for assessing collabora-

tion in online discussion, based on student-group par-
ticipation profiling. 

2.  Analyzing how high- and low-performing students 
from computer science courses interact in groups, and 
identifies several behavior patterns. 

Modeling Discussion Community 

The discussion community is modeled based on informa-
tion about its students and the discussion threads in which 
they participate. The relationship can be represented as a 
directed graph, where nodes are either users or threads, and 
edges connect users who participate in threads (Figure 1). 
Thus, a discussion graph has T+U nodes and E edges, 
where T is the number of discussion threads and U is the 
number of discussants (users), and E represents user partic-
ipation in a thread. For example, if user i participates in 
thread j, we generate edge eij from node i to j (Figure 1).  

 
Figure 1. Users u1 and u2 contribute to thread t1, along 

edges e1,1 and e1,2 in a discussion graph. 
The graph is then partitioned to detect optimal communities 
of discussants. For example, if two students are connected 
together through many threads, we say they belong to the 
same group, or community. This is done by first 
representing the graph as a discussion (student-thread) ma-
trix, and then finding a partitioning that maximizes the 
strength of the connections within a group, called the mod-
ularity (Newman, 2006). Once an ideal partitioning is 
found, we study patterns between and within groups. 

 
Figure 2. Distribution of number of threads per student 

discussants (Y axis) in the dataset. 
To profile discussion participation, we first identify high- 
and low-participating students. High-participating students 
are defined as those who participate in many discussion 
threads, where low-participating students post only small 
numbers of messages in one or two threads. Thus, high and 
low are with respect to threads as well as messages. To set 

the threshold for high-participating vs. low-participating 
students, we analyzed the degree of participation by indi-
vidual students in our largest dataset, in which 50 discus-
sants participated in 100 discussion threads (Figure 2). 
Since 80% of the messages were written by 20% of the 
students, we labeled the top 20% students high-
participating, and the rest low-participating. In the dataset 
for this work, the top 20% students participate in at least 
five discussion threads. We applied the power-law to set 
the threshold. 

Matrix Construction 

Within the discussion graph, nodes represent both users 
and threads, with the first n nodes being users and next k 
being threads, and an edge e=(i,j) denotes user i contribut-
ing to thread j, where contributing to (or participating in) 
means posting a message to a thread for the purpose of 
either initiating a thread or posting a reply. 

An adjacency matrix A is then constructed from 
the discussion graph, where entry i,j is 1 if and only if there 
is an edge from node i to node j, and 0 otherwise. If we 
sum the column values for row i, we get the number of 
threads in which student i participated. Similarly, the num-
ber of users participating in thread j can be calculated by 
adding up the row values for j column. Sub-matrix TU is 
the transpose of UT. The values of user i to user i in sub-
matrix UU and thread j to thread j in sub-matrix TT are all 
zero. So all diagonal values of matrix A are zero. 
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In this paper, we consider only the relationship from 
threads to users and users to threads, so sub-matrices UU 
and TT are zero matrices, however in the future, we plan to 
include additional group information such as project part-
ners in the sub-matrix UU, and thread relation information 
such as threads with related topics in the sub-matrix TT. 

Community Detection 

We apply Newman’s (2006) concepts of modularity to 
generate student groups. The modularity (Q) measures how 
good the given partition is. 

( )
( ).

Q connectivity of community
expected connectivity of community

=
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where connectivity of community represents the number of 
edges that lie within groups in the given community, and 
expected connectivity of community is the same quantity 
when the edges are placed randomly and the vertices have 
the same degrees. We wish to find community which max-



imizes Q, because positive (higher) modularity values indi-
cate the existence of the community. 
The modularity is represented by 
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where m is the total number of edges, A is our adjacency 
matrix from the previous section, P is the expected connec-
tivity matrix, which is the expected number of edges in an 
equivalent network where ki and kj are degrees of the nodes. 
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and gi is the group that i belongs to. If gi and gj belong to 
the same group, ( , )gi gjδ =1, otherwise ( , )gi gjδ = 0. The 
problem of maximizing Q is NP-Complete, so a heuristic 
algorithm from Girvan and Newman (2002) was used. 
Thus, we transformed the problem to an Eigen value prob-
lem, and then iteratively divided existing nodes into two 
groups, while there was a valid division.   

Preliminary Results 

‘Project 2’ discussion communities were modeled as a first 
test. These communities comprised all participating users 
and threads from three semesters of Project 2 discussion 
forums.  Project 2 was chosen because its forums had the 
highest number of participants. Descriptive statistics for the 
Project 2 communities are shown in Table 1. In Table 2, we 
see that 47-48% of total discussion board users participated 
in Project 2 discussions in each semester. 

 
Table 1: Discussion data from three courses 

 
Table 2: Project 2 forum data only 

Table 3 shows the average grades over three seme-
sters for students who participated in discussions compared 
to those who didn’t, during the three semesters. Participat-
ing students have higher average grades and the averages 
are consistent across different semesters. The differences in 

the degree of participation or the number of users do not 
appear to affect scores. 

 
Table 3: Average grades: discussion board users vs. non users 

Groups Identified in Discussions 

Figures 3-5 show groups found in the discussions from the 
three courses. The light blue boxes compass the different 
groups, ellipses represent students and small yellow rectan-
gles represent threads. Students with lower grades have red 
ellipses and students with higher grades have blue ellipses. 
The fall 2008 discussions show more groups and heavier 
interactions among students. 

 
Figure 3: Group distribution in spring 2008 semester. 

 
Figure 4: Group distribution in summer 2008 semester. 



 
Figure 5: Group distribution in fall 2008 semester. 

Profiling Students with Identified Groups 

 

 
Table 4: High- verse low- participating students. 

We compared the grades of high- and low-participating 
students. High-participating students were defined as those 
who contributed to at least five threads as described above. 
As shown in Table 4, there was no difference in the average 
grades of high- and low-participating students. 

Active group participants (AGP) are students who 
participated in at least five different discussion threads in 
any given group. The AGP in our data received lower aver-
age grades than either high- or low-participating students.  
This is consistent with our earlier findings that sometimes 
high participating students are help seekers and not neces-
sarily high performers. A full understanding will require an 
in-depth investigation of thread features, taking into ac-
count the technical quality of messages, dialogue patterns, 
technical terms used, and discussion topics. We describe 
our study of individual student interactions below.  

 

 
Table 5: Bridge students vs. others 

Some students participated in multiple discussion threads 
across several different groups. We call these students 
bridge students. A bridge student participates in more than 
three threads which belong to more than three different 
groups. We have three bridge students in spring 2008 (stu-
dents 1119, 1212, and 943) and four students in fall 2008 
semester (students 1289, 1294, 1435, and 1371). These 
students are higher-performing students than their peers. 
The average score of our bridge students is 38.4 out of 40.  

Additional Group Interaction Patterns 

Spring 2008 Semester  
Two AGP of Group 1 and Group 2 are the instructor and 
the teaching assistance; another two AGP are student 1207 
and student 1122. We found that these two students interact 
with each other across many threads, and both received 
poor grades. In particular, student 1122 tends to ask about 
technical concepts taught in the class or ask questions 
about other students’ messages. This could indicate that 
he/she didn’t have a good background in the project area or 
didn’t have the language skills to understand messages 
posted by other students. Student 1207 also participated in 
many threads by posting replies or answers but more often 
he/she just provided wrong answers. For some replies, the 
instructor sent messages that corrected his/her answers. In 
contrast to these two students, student number 1119, 1212, 
and 943 received good grades and participated in several 
different discussion groups as a bridge. For example, stu-
dent 1212 participated in three threads across three differ-
ent groups. 
Spring 2008 Semester  
When we compare students’ behaviors and patterns of 
summer 2008 to spring 2008, the average number of 
threads per students in summer 2008 is higher than that in 
spring 2008 semester. In this semester, often a question and 
an answer were paired a student asks a question and the 
instructor provides an answer. There were only two threads 
where more than three users participated. The instructor’s 
frequent replies may have limited opportunities for other 
students to answer. Unlike in other semesters, no one re-
ceived a perfect score (40/40). Finally, there were no 
bridge students this semester.  
 



Fall 2008 Semester  
There were seven groups for the project 2 discussions in 
the fall 2008 semester. Each group has more than one AGP. 
Students 1289, 1435, and 1371 were bridge students and all 
of them received the perfect project assignment score 
(40/40). Although students 1425 and 1320 were AGP stu-
dents for the group, only student 1425 received a good 
grade. Interestingly, these two students contributed to dis-
cussions in very different ways. In five out of six threads, 
student 1425 provided an answer peer queries. In contrast, 
student 1320 questions were all about basic programming 
details or easy code debugging problems. Even when stu-
dents participate in discussions with similar quantitative 
characteristics, the qualitative characteristics of the mes-
sage content is necessary to differentiate student intentions. 
In future work, we plan to include technical quality of mes-
sages, dialogue patterns in threads, and discussion topics in 
the analysis.  

Related Work 

There has been much prior work on tutorial dialogue (e.g. 
Graesser et al., 2001, Tetreault et al., 2008). Although 
some of the techniques are closely related, most of them 
focus on spoken dialogue or conversation in tutoring sys-
tems rather than threaded discussions. Recently, some re-
searchers worked on qualitative assessment of discussions 
including student reasoning (McLaren et al., 2007). Our 
work provides complementary capability by providing a 
group-based interaction assessment framework. 

There has been increasing interest in online dialo-
gue including email message analysis (Lampert et al. 2008) 
and effort to analyze interactions in on-line communities. 
For example, Talk-to-me (Arguello et al., 2006) can predict 
the likelihood that a message will receive a reply based on 
the content of the message and the message sender. How-
ever, student discussions tend to focus on problem solving 
rather than task request and commitment common in email 
message threads in project management applications. 

There have been significant advances in under-
standing networks using community detection algorithms. 
Detecting communities is based on the idea that if there are 
more edges among group of vertices than those from re-
mainders of network, that group of vertices can be a com-
munity. Recently, community modeling techniques have 
been applied to email messages (Diehl et al., 2008) and 
discussion. For example, Park and Maurer (2009) applied 
clustering to identify consensus and consensus facilitators. 
Although the techniques may be used to determine if stu-
dent discussions reach a conclusion, in assessing student 
activities, we need to additionally incorporate inter-group 
activities, as our results indicate. Topic, joint group and 
role discovery in social networks were also presented by 
McCallum et al. (2005) using Latent Dirichlet Allocation 

however their work focuses on sender and receiver roles 
only and does not use community modeling techniques. 

Discussion and Future Work 

For modeling social structure in discussion board discus-
sions, community detection algorithms are not sufficient. 
Clustering algorithms may need to be merged to identify 
similarity between threads and users. Most of the work was 
based on un-weighted node to node connections; however 
some discussion topics are more important than others, and 
users might be weighted based on their roles or expertise 
(e.g., instructors, mentors). Additionally, we might weight 
threads based on the number of technical-terms, the num-
ber of replies or the quality of a discussion. We plan to 
incorporate these factors to strengthen our community de-
tection algorithm. On discussion boards, user-to-user rela-
tions and thread-to-thread relations may be as important as 
user-to-thread relations. By adding more edges between 
users and threads, we expect to find more interesting com-
munity groups.   

Moreover, there are message-level features that 
we can potentially incorporate in our model; for example, 
speech acts represent roles that individual messages play 
(questions, answers, objections, elaborations, etc.) (Ravi 
and Kim 2007). Students who send questions can be 
represented differently than students who send elaborate 
answers.  The technical quality of the messages also seems 
to be an important factor in deciding the role of the student. 
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