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Abstract. Data mining methods are successful in educational environments to
discover new knowledge or learner skills or features. Unfortunately, they have
not been used in depth with collaboration. We have developed a scalable data
mining method, whose objective is to infer information on the collaboration
during the collaboration process in a domain-independent way and to improve
collaboration process management and learning in an open collaborative
educational web environment. Thus, we used statistical indicators of learner’s
interactions in forums as the data source and a clustering algorithm to classify
the data according to learner’s collaboration. We showed the information on
learner’s collaboration to the tutor and learners to help them with collaboration
process management. The experimental results support this method.

1

Introduction

Collaborative learning is a useful strategy to solve the lack of social interaction in most elearning environments. However, the collaboration process has not been researched in
depth [19]. We propose a data mining approach to reveal learner`s collaboration in open
collaboration frameworks. We hypothesize that showing information on the collaboration
process improves management and teaching in an open collaboration-learning
environment.
The educational context of our research is suitable for e-learning and collaborative
learning because of the nature of students at UNED (The National Distance Learning
University in Spain). These students are mainly adults with responsibilities other than
learning. For this reason UNED’s students cannot be forced to collaborate in a typical
CSCL (Computer Support Collaborative Learning) environment because of the time
restrictions of these environments [8]. However, the collaboration learning is very
suitable in the UNED’s educational context due to the isolation of these students. We
solved the problems by providing learners with an open collaborative learning
experience, where students could manage their own collaborative learning process. We
designed a long-term collaborative learning experience with fourth-year Artificial
Intelligence (AI) and Engineering Based Knowledge students. This experience consisted
of two main phases within a step-wise approach: the first phase was 3 weeks and the
second phase was 10 weeks. It was enough time for students to complete the
collaborative work and manage their collaborative process.
Although collaboration environments have been researched, some works have focused on
monitoring learner interaction and showing this to learners [10, 5], but they have not used
any inferring method to reveal learner collaboration. Others have concentrated on
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inferring information about the collaboration process [15], but the method used is not
domain independent. We argue the need for inferring methods and the domain
independence of these methods to be able to transfer the approach to other collaborative
learning environments.
Given our educational context and our proposed open collaborative learning
environment, we needed to simplify and reduce conceptual problems in order to improve
collaboration process management and transfer the ideas to other environments. We
achieved this by developing an inferring method that aimed to: 1) reveal learner’s
collaboration, 2) be domain independent, and 3) offer the information immediately after
the process had finished. We applied the proposed approach to help students and tutors to
manage the collaboration process by providing information on learner’s interaction and
learner’s collaboration levels.
We covered the objective by using the statistics of interactions in forums as the data
source and a clustering algorithm as the inferring method. Forums are a very common
service in a collaborative learning environment and the statistics from forums can be
obtained just after the interaction has happened. Since the statistics from forums do not
give any semantic information, they are domain independent. [6] researched the forums
messages in an educational environment and they concluded that the forums analysis can
reveal the collaboration of the learners and an analysis by data mining is advisable. The
statistical indicators were selected in relation to the learners’ activity, initiative, regularity
and promoting team-work [17]. That show, the method can be automated and the results
are ready before the collaboration experience has finished. Those results provide
information on the collaboration process to the tutor of the collaborative environment so
that the tutor improved the teaching. Moreover, the same idea could be applied to
learners. Thus we showed learner’s collaboration levels to both the tutor and learners.
During the academic years 2006-07 and 2007-08 we researched the inferring method to
reveal learner’s collaboration [1]. During the collaborative learning experience of the
year 2008-09 we showed learners the results of the inferring method. We concluded that
the inferring method reveals learner’s collaboration (more collaborative learners are more
active and their activity encourages others to be more active) and the inferred
representative collaboration indicators can be measured automatically.
A short overview of methods already used in evaluating the collaboration process is
given below. We describe the collaborative learning experience and the inferring method.
Next we show the results obtained after applying the inferring method and we explain in
detail how the inferring information was shown to learners. Finally, we conclude with the
discussion and future works.

2

Related Works

[16] said that the knowledge extraction process is divided into three phases: preprocessing, data mining and post-processing. In this section we describe research works
that focus on collaboration process analysis and we explain the data acquisition method,
the inferring or data mining method and the use of the results.
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There have been various experiments to measure or identify the collaboration that takes
place between system users. These experiments can be classified firstly the data
acquisition method. We can identify three methods: 1) Qualitative [12]: where
participants or experts are asked to evaluate the activities of the participants. 2)
Quantitative [20, 15, 9, 3], which collects statistical information on the activities of the
participants. 3) Mixed [4, 5, 10, 14]: where both methods are used simultaneously.
When we talk about data mining, these systems can be characterized by the inferring
method used to derive the value of certain features, such as the collaboration that has
occurred or is occurring. The methods may include: a) analysis by an expert [12], b)
comparison with a pre-existing model using machine learning methods [15], c) Different
statistical techniques [7] or machine learning, such as clustering [20, 14], fuzzy logic
[15], sequential pattern mining [14], and d) the systems can be characterized even by not
using any inference system [3, 4, 5, 10].
Finally, the systems can be characterized by the data post-processing method, or by what
they do with the results. According to [18], CSCL systems, and in this case the systems
that we are analyzing can be characterized by what they do with the results: I) monitoring
tools that automatically collect data from students on the interaction, and they show this
information [12, 3, 4, 5, 10], II) metacognitive tools that show the information inferred in
the mining process, as well as interactions [15, 20, 14], and III) guidance system that
proposes remedial measures to help the student, once the right information has been
inferred. [6] proved the analysis of the forums by data mining and text mining techniques
provide with meaningful feedback about student’s performance and a view of the
historical progress of a community of learners. We have followed the ideas but in a
domain independence way.
We propose the data mining method, whose acquisition method is quantitative because
the data source is statistical indicators of learner interaction in forums. As an inferring
method we use the clustering algorithm, whose objective is to classify learners according
to their collaboration, which is disclosed from learner’s interaction. Finally, the proposed
data mining method provides learners and tutors with metacognitive information on
collaboration. The proposed data mining method is a metacognitive tool, which covers
the research objectives.

3

Collaboration experience

We offered a collaborative learning experience to our learners with the objective of
solving the common problems of distance learning and e-learning [10]. This research was
carried out at UNED, where students are not typical university students. These students
are mainly adults with responsibilities other than learning, who fit into the Lifelong
Learning Paradigm, which supports the idea that learning should occur throughout a
person’s lifetime, enabling the integration of education and work in a continuous process.
This impacts on the time that students can use to learn, study or take part in a typical
CSCL system.

212

Educational Data Mining 2009

Figure 1 shows the schema of the collaboration learning experience. It was offered at the
beginning of the academic years 2006-07, 2007-08 and 2008-09, lasted around 3 months,
and was divided into two phases. The 1st phase lasted 3 weeks and learners had to answer
an initial questionnaire and do a mandatory task. The 2nd phase grouped learners who had
done the mandatory task into three-member teams, and the teams had to follow 6 tasks.
Figure 1 shows the number of learners that started the 1st phase and finished it, and
finished the 2nd phase. The Figure 1 show the schema of the collaborative learning
experience, where there were two phases and some tasks had to be done in a sequential
order.

Figure 1. Schema of the collaborative learning experience

We provided a learning platform dotLRN (http://dotlrn.org/), which supports all learning
experience activities, provides communications services such as forums, and stores all the
interactions that take place on the platform in a relation database. During the 1st phase a
general virtual environment was opened for all learners of the subject with common
services (FAQs, news, surveys, calendar and forums). During the 2nd phase virtual
spaces for each three-member team were opened, where the teams could perform the
tasks. The specific virtual spaces include documents, surveys, news, a task manager and
forums.

4

Method

We developed the inferring method with these objectives in mind: 1) the method should
obtain information on learner’s collaboration; 2) the method should be domain
independent; 3) the method should provide information on collaboration before the
collaboration process finished. Thus, it is possible reusing and applying the approach in
other e-learning environments. We were looking approaches that could be applied to
others at UNED, where there are 4000 curses and over 190000 students enrolled.
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The learners of the collaborative learning experience were encouraged to use the forums
on the dotLRN platform as the main communication media. The platform stores the
forum messages giving information on what thread the messages are in and what message
the message has replied to. We focused on forum interactions, because they are a very
common service in a collaborative learning environment and the statistics from forums
can be obtained just after the interaction has happened and data mining analysis is
possible with these indicators [6, 8]. Since the statistics from forums do not give any
semantic information, they are domain independent.
In line with the objectives explained above, we used statistical indicators of learner
interaction in forums as a data source. According to [17], the features of collaborative
learners in these environments are: activity, initiative, regularity and promoting teamwork. We proposed these attributes as indicators of the above features: number of threads
or conversations that the learner started (num_thrd), and their average, square variance
and the number of threads divided by their variance; the number of messages sent
(num_msg), and their average, square variance and the number of messages divided by
their variance; the number of replies in the thread started by the user (num_reply_thrd),
and divided by the number of user threads; the number of replies to messages sent by the
user (num_reply_msg), and divided by the number of user messages. The number of
threads started and their associated indicators are related to learner initiative. The square
variance of the number of threads is related to the regularity of the initiative. The number
of messages sent and their associated indicators are related to learner activity and
regularity of activity. The number of replies to messages sent and their associated
indicators are related to the activity caused by the learner.
We built datasets with the above statistical indicators from every year (2006-07, 2007-08
and 2008-09). The characteristics of the datasets were: Dataset-06-07, 117 instances;
Dataset-07-08, 122 instances; Dataset-08-09, 112 instances. Every instance is the
statistical indicators of the interactions of one learner. We focused our research on the
collaborative period, which started at the end of November and finished at the end of
January. We collected the values of these statistical indicators in datasets during the
whole collaborative period.
We used a clustering algorithm as the data mining method. We used a clustering method
because it classifies data collection without help from any expert, which delays the
inferring process. We employed the EM clustering algorithm because of its good results
when the method is applied in the learning environment to reveal collaboration. [20, 14,
13].
We obtained a classification of the instances with the EM clustering algorithm. We used
the WEKA data mining software [21] and the EM clustering algorithm [7]. We checked
the relation of the classification obtained with collaboration.
We needed to know student collaboration from another source to be able to compare their
results and validate the approach as a collaborative inferring method. For this reason an
expert identified student collaboration in the experiences. The expert read all the forum
messages and labeled students according to their collaboration levels. Thus, we obtained
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a list of most of the students labeled according to their collaboration level. The expert
used a scale of 8 values (1, low collaboration level; 9, high collaboration level).
Finally, the method finished by comparing the clustering classification of the learners
with the labeled list of learner’s collaboration levels. The objective was to measure the
average collaboration level of each cluster and to realize that the average collaboration
level is different in each cluster.

5

Results

We have conducted this research during the last three years. In 2006-07 and 2007-08 we
focused on the aforementioned inferring method in order to prove the usefulness of the
method as a collaboration inferring method. During 2008-09 we applied the method to
improve collaborative process management and learning. We proved that the clusters
obtained from statistical indicators were related to learner collaboration in the last two
years [1] and the data for 2008-09 support these conclusions.
We classified the learners into 3 clusters, because the meaning of the classification is
easier to understand in relation to collaboration. One cluster represents the low
collaboration level, another cluster the medium collaboration level and the third cluster
the high collaboration level. Then we run the clustering algorithm EM to obtain 3 cluster
and we supplied with the datasets of every year (D-06-07, D-07-08 and D-08-09). These
datasets collected the above statistical indicators for every learner.
First of all, we note that the cluster algorithm classifies according to the interaction. One
cluster (cluster-0 in the next table) collects learners with low interaction (low values in
the statistical indicators), another (cluster-1) collects learners with a medium level of
interaction, and the third (cluster-2) collects learners with high interaction (high values of
statistical indicators). Then we measured the average collaboration level in each cluster
(column “Level” of the next table).
Table 1. Cluster collaboration level average
Dataset

Cluster-0

Cluster-1

Cluster-2

N_msg

N_reply_
msg

Level

N_msg

N_reply_
msg

Level

N_msg

N_reply
_msg

Level

D-06-07

17.12

10.65

4.38

32.46

26.92

6.15

46.06

38.71

6.74

D-07-08

8.86

6.03

4.79

22.45

17.63

5.61

44.78

39.38

6.11

D-08-09

14.05

11.10

5.14

33.55

26.61

5.75

48.26

44.89

6.74

Table 1 shows the average of the statistical indicator “num_msg” (number of messages
sent to the forums), “num_reply_msg” (number of replies to the messages sent to the
forums), and the average collaboration level (Level), which was supplied by the expert, in
every cluster. The table shows just two statistical indicators because they define the
clusters better, although the clustering algorithm EM used datasets with the 12 statistical
indicators, which were explained above.
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We concluded that the relation between collaboration (collaboration level supplied by the
expert) and the clusters, and the statistical indicators is clear. Therefore, the most active
learners (cluster-2), i.e., who sent more messages and whose statistical indicator
“num_msg” is higher, and who caused more activity (statistical indicator
“num_reply_msg” is higher) are the most collaborative learners. From this we can label
learners according to their collaboration. Clusters-0 learners are labeled with low
collaboration level, cluster-1 learners are labeled with medium collaboration level, and
cluster-2 learners are labeled with high collaboration level. Considering the coverage of
the evaluations performed over three consecutive academic years and the number of
students involved, we can conclude that the relation between the collaboration level and
the inferred representative collaboration indicators can be measured automatically, which
was done this 2008-09.

6

Result Management

The year 2008-09 we used this method and learner collaboration levels were calculated
during the collaborative period. The objective was not to calculate the exactly
collaboration level. We argue that calculating the exact value of one variable in an
environment, which is in imperfect scientific conditions, is very complicated. The method
used offers rough information on the collaboration level, which can be used to improve
learning.
We thought that we could show the collaboration level to the tutor of the collaborative
environment so that the tutor improved the teaching. The same idea, however, could be
applied to learners. Thus we showed learner’s collaboration levels to the tutor and
learners.
We prepared different ways of showing the information to learners.
• Statistical indicator portlet. We prepared a tool displaying the value of only 4
statistical indicators (num_thrd, num_msg, num_reply_thrd and num_reply_msg)
of every week during the collaboration period. The objective was to give
information on the interaction during the collaborative process to team-members.
• Collaboration level portlet. We proved that our data mining method reveals the
rough learner collaboration level. This tool displays the collaboration level of
team-members and the information was updated every week until the end of the
collaboration process. The objective was to give information on the collaboration
behavior of team-members.
We offered these tools to 2008-09 students. The statistical indicator portlet was offered to
6 teams (18 learners), the collaboration level portlet was offered to 8 teams (24 learners),
and both portlets were offered to 6 teams (18 learners). The collaborative learning
experience finished, but the academic year has not finished. We are currently analyzing
learners’ answers to an opinion questionnaire and the collaboration learning experience
results to prove the usefulness of the portlets. We offered these questionnaires to teams
who had used some tool. The results are explained in the next table.
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Table 2. Evaluation of tools
Tools

No. of learners who
could use the tool

No. of answers

Average rank
[0, 5]

Statistical indicators

18

9

3.33

Collaboration level

24

13

3

Statistical indicators and
collaboration level

18

12

3.08

Half of the learners or more, to whom some tool was offered, answered the questionnaire
and they had to rank the tools between 5 (highest value) and 0 (lowest). The average rank
of every tool is not really high but it is always over half values (2.5). The results are
positive but the poor number of answers means that we should be cautions on their
analysis. To improve the analysis of the questionnaire we are comparing the above results
with the marks and the collaboration period evaluation by the tutor. The aforementioned
questionnaire will be contrasted with students' marks from tutors' evaluations and final
exams. The latter will be available next June.

7

Conclusion and Future Work

In this paper we have proposed a data mining approach to improve teaching and learning
awareness on collaboration features in open collaborative learning frameworks. It infers
learner collaboration levels and shows this information to tutors and learners. We thought
that the data mining method covers the objective needed to improve the collaboration
process. The objectives are: obtaining information on learner collaboration just after
collaboration interactions have finished and guarantee domain independency. These
objectives guarantee the data mining method can apply to others.
This research focused on obtaining information on the collaboration process using
statistical indicators of learner interaction in forums, machine learning technology as the
inferring method, and showing the inferred information to tutors as the approach to
improve the collaboration process. We have proposed statistical indicators, which are
related to the activity: initiative, regularity of the learners and the activity caused by the
learners. We think the above features explain the collaborative work [17]. An EM
clustering algorithm classified the learner statistical indicators and learner collaboration
levels, which were provided by an expert, were used to validate the clustering
classification as a collaboration level classification. This research took place over three
academic years 2006-07, 2007-08 and 2008-09, and more than 100 students took part in
the collaborative learning experience each year (125 in 2006-07, 140 in 2007-08 and 115
in 2008-09). During 2006-07 and 2007-08 the research focused on the inferring method
[1] and this 2008-09 the results inferred were shown to learners and their usefulness
measured.
The results have proved that the data mining method could reveal representative
collaboration indicators and help learners to improve collaboration learning management.
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We have proved the clustering approach infers information on the learners’ collaboration,
but we do not have any empirical conclusion claim that the clustering method is better
than other machine learning methods, which can adapt itself to the problem. To clarify
this issue we are carrying out parallel research where the inferring method relies on
decision tree algorithms [2]. We are currently collecting results from the datasets so that
we can subsequently compare the new results from the application of decision tree
algorithms with the results reported in this paper. Another open issue is evaluating the
tools offered. To date the evaluation has given satisfactions, but the tools could be
improved. However, we must be cautions and wait until the results from the opinion
questionnaire and the results from the exams and collaboration experience evaluation by
the tutor are compared and analyzed.
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