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Abstract. In the past few years, Iranian universities have embarked to use
e-learning tools and technologies to extend and improve their educational
services. After a few years of conducting e-learning programs a debate took
place within the executives and managers of the e-learning institutes concerning
which activities are of the most influence on the learning progress of online
students. This research is aimed to investigate the impact of a number of
e-learning activities on the students’ learning development. The results show
that participation in virtual classroom sessions has the most substantial impact
on the students’ final grades. This paper presents the process of applying data
mining methods to the web usage records of students’ activities in a virtual
learning environment. The main idea is to rank the learning activities based on
their importance in order to improve students’ performance by focusing on the
most important ones.

1

Introduction

During the past decades, because of the significant benefits it brings for all participants,
the use of information and communication technologies in the educational domain has
become widespread all around the world. Particularly in Iran, according to the effective
role of education in the national development plan, these types of training drew more
attention from the major and prestigious universities. Thus, they began to set up
e-learning departments one after another. Due to the shortcomings and deficiencies of the
e-learning platforms in the early years, there were lots of unresolved problems which
affecting both students and teachers performance. First of all, lack of collaboration and
communication facilities caused students to feel lonely and unsupported. In addition,
their educational tendency to instructor-led learning caused them face new challenges
understanding self-paced learning materials. These problems inspired e-learning
departments to use web conferencing and virtual collaboration tools to satisfy the
students’ demands. This paper presents the major findings that resulted from studying the
e-learning activities and their impacts on students’ final grades. The structure of the paper
is organized as follows: Section 2 outlines a literature review and the related works.
Section 3 presents a background of the e-learning platform and the students’ learning
activities. Section 4 describes the methodology used to conduct the study and analyses
the results using a decision tree. Finally, conclusions and future works are presented in
Section 5.

2

Related Work

Sometimes the term Virtual Classroom is referred as the whole e-learning process or all
the teacher-student interactions. However, in this paper the term is used for online
synchronous virtual meetings which are conducted by the participation of the teacher and
students using audio and video conferencing technologies. There is a limited amount of
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research concentrating on the impact of these technologies upon the learning
effectiveness. In contrast, there are a significant numbers of studies which have examined
the role of other activities in the process of learning using data mining methods. In what
follows a review on the most prominent studies is presented.
Bower and Richards [3] studied the impact of virtual classroom laboratories in computer
science education. The main purpose of this research was to study the pedagogical
aspects of these technologies; as a result they showed that such virtual laboratories are
helpful particularly in the field of computer science. Also, another research by Redferm
and Naughton [11] discusses and approves the positive role of video conferencing
technologies in online education. This study particularly concentrates on the creation of
brainstorming style-discussions and small group meeting which are fundamental to many
of modern educational techniques.
From another perspective, some researchers have used web usage mining to look into
students’ activities in online learning environments. One of the leading studies conducted
by Zaïane and Lou [18], employed these methods to improve the features of an e-learning
environment. In [16], web usage data of students is used to cluster them based on
‘Expectation Maximization’ (EM) algorithm. Each cluster represents a group of students
with similar behavior. Moreover, the results are used to give the students suitable advices
according to their group. The EM algorithm is also used in [15] to extract similar
behavioral pattern of students in a collaborative unstructured e-learning environment.
Minaei-Bidgoli and Punch [8], used genetic algorithms and a combination of multiple
classifiers to predict students’ final grades. In [5] and [9], several machine learning and
classification techniques were applied in order to predict the students’ final score; the
relevance of each feature is also assessed. This work was extended in [4] and Artificial
Neural Networks were used to predict students’ final grades. Beck and Mostow [2], had a
different approach toward studying the students’ performance data. They used a method
called ‘Learning Decomposition’ to evaluate students’ success ratio based on the amount
of pedagogical support they received. The most important point in all the studies is that
predicting students’ final score based on their online activities is the leading approach to
examine the effectiveness of e-learning.

3

The Platform

The E-Learning Department of Iran University of Science and Technology (IUST) started
its services in the spring semester of 2004 with about 700 students and is currently
serving about 1,800 students in two Bachelors’ and three Masters’ programs. The
instructional plan in this department is designed in a way that the learning materials are
mainly developed in the form of multimedia courseware which can be accessed by
students in a weekly manner. In addition, the teacher can add supplementary resources to
the learning content and evaluate the process of learning by providing the students with
assignments and online quizzes. Having gained proper perception about the course
concepts, the students participate in a virtual classroom session so as to discuss the
lessons with the teacher and other students. The teacher can also present complementary
information and gain feedback about the students’ learning progress.
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After the three years of using commercial products as virtual learning environment, the
E-Learning Department of IUST started to build its own e-learning platform based on
Moodle, a free open-source Learning Management System (LMS). Moodle is designed to
support the learning style of Social Constructivism, in which the process of learning is
performed by a set of interactions between students, teacher, and learning materials [12].
This style is not mandatory in Moodle but is what it supports best. There are several
kinds of activities which students can perform in a course such as: viewing courseware,
uploading assignments, posting messages in forums, writing messages to teachers and
other students, etc. The system keeps detailed information about the way students interact
with the system which have inspired lots of researchers to use these data to apply
knowledge discovery and data mining methods to extract useful information about the
students learning behavior [7,13,14].
Although there are several activities such as messaging, forums, and text chat to support
collaboration of teachers and students, a sophisticated synchronous collaboration tools in
Moodle is still missing. Consequently, the e-learning center of IUST added a new module
to its Moodle to conduct virtual classrooms. The module was developed based on Adobe
Flash Platform [1] considering its attractive interface and low bandwidth requirements,
making it suitable for students connecting from small towns in different parts of the
country. For each course there are 16 two-hour online sessions in a semester which are
conducted on the specified time every week. During the session, different levels of
interaction such as using video, audio, document sharing, whiteboard, and text chat can
be used depending on the requirements of the lesson. For example, the teachers can share
a power point slide or simply use a virtual whiteboard to present the content as well as
broadcasting their own voice and video. Students primarily use text chat to interact with
the teacher and ask questions. It is also possible for teachers to permit the students send
their voices. To support the “any-time, any-where” promise of e-learning, all the sessions
are recorded and archived for the students who cannot participate online sessions. The
students who attend the class can also review the parts of lessen they didn’t follow or
understand. In fact, these recorded sessions can be used as a permanent learning resource
and the students can review them as many times they want.

4

Methodology Design

4.1 Main Idea
Although Moodle presents several reports on the students’ activities, they are not flexible
enough to satisfy the instructors’ needs for observing their interactions with the system
[6]. Additionally, there is no way for educational technologists and training managers to
indicate the value of each activity in success of students. As it was mentioned before, this
research aims to rank online learning activities based on their impact on the students’
final grades. For this reason, some variables have been defined as key performance
indicators (KPIs) of students. Then the impact of each variable has been evaluated based
on its influence on the score of students in the final exams. Particularly, data mining
techniques have been employed to analyze the web usage logs of the virtual learning
environment to infer some rules about the importance of each activity in the performance
of students.
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4.2 Participants
The current study have been conducted on the web usage logs of the system in Fall
Semester 2008, when about 1,300 students were enrolled in almost 100 courses.
However, the research is limited to 824 students in 11 courses; the instructors used most
of the learning activities; and, the final grades of students were also available. The total
population of students under investigation for this research is larger than similar studies.
In addition, the students were completely remote from the university and had to learn
most of the concepts and practices just by using the system via the Internet. In previous
studies [8,13,14] the e-learning platform was used to facilitate teacher-student
interactions and the online activities of students were not assumed as the most essential
part of the learning process.

4.3 Procedure
The general process of educational data mining consists of four steps: Collecting Data,
Preprocessing, Applying data mining, and Interpreting the results [13]. Here, a similar
process has been used which follows slightly different methods in data collection and
preprocessing steps. The two steps are integrated into a single extended stage of building
a data warehouse from the activity logs of students. This approach makes it possible to
monitor and study the learning behavior of the students and its relevant trends more in
depth. The use of Data Warehouse and On-Line Analytical Processing (OLAP) tools in
e-learning is gaining popularity among educational institutes and virtual universities [19].
In this section the whole process of applying data mining methods on the students’ usage
information is described.
4.3.1

Building the Data Warehouse

As it was mentioned before, Moodle keeps detailed records of students’ activities. The
teacher has access to summarized reports about students such as the date of their first and
last logins, and the number of pages visited by them. The information about each learning
activity is also available according to the categories specified by the system, not by the
professor. Consequently, we designed a model and built a data warehouse to monitor the
students’ activities in precise detail. The activities are classified into nine categories:
resource view, virtual classroom participation, archive view, assignment view,
assignment upload, forum read, forum post, discussion read, and discussion post. In
addition, according to our interviews with instructional technologists and training
managers of IUST, a list of data elements and analytical dimensions along with the
students’ KIPs have been defined. Then, corresponding information was extracted from
the Moodle database to answer their questions. Anyhow, the details of the dimensional
modeling are beyond the scope of this paper.
For this study an information model is being used which gathers the information about
the identified business requirements in the form of a summary table. Each column of the
table represents a dimension important according to our objectives. Table 1 shows the
design of the summarized table. A brief description of each dimension is also included.
The structure is quite similar to the one which was used in [13] but it contains some other
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attributes based on the KPIs extracted. To promote the level of interpretation and to
facilitate the comprehensibility, the grades are stored in a discrete format. There are four
categories of grades: A, if the value is equal or above 16.6; B, if the value is between 13.3
and 16.6; C, if the value is between 10 and 13.3; and F, if the value is less than 10.
Name
UserName
CourseName
ResourceView
VirtualClassroom
ArchiveView
ForumRead
ForumPost
DiscussionRead
DiscussionPost
AssignmentView
AssignmentUpload
FinalGrade

4.3.2

Table 1: Summarization table of students activities
Description
Name of User
Name of the Course
Number of Coursware and Other Supporting Materials Views
Number of Virtual Classroom Participations
Number of Archive Views
Number of Forum Reads
Number of Forum Posts
Number of Discussion Reads
Number of Discussion Responses
Number of Assignments Views
Number of Assignment Answer Uploads
Final Grade

Applying Data Mining Methods
1B

The main group of data mining algorithms used in this study is ‘Feature Selection’. These
methods, also known as ‘Attribute Evaluation’ algorithms, try to select the most relevant
features according to a target concept. Several feature ranking and attribute selection
methods have been proposed in the machine learning literature which use different
metrics to discard irrelevant features and select the important ones including: information
gain, gain ratio, symmetrical uncertainty, relief-F, one-R, and chi-squared. Each metric
has its own bias. For example, the information gain measure is biased toward attributes
with many values. Here, we use gain ratio [10] as the main evaluation metric since there
are various number of records in the table regarding to each activity. The results of
ranking based on the other methods are also presented and can be compared.
In this project, the data mining software package used to rank the attributes is Weka [17].
The reasons are that it is a free open-source application which implements several
methods for attribute evaluation. Table 2 presents the results obtained from applying gain
ratio attribute evaluation method on the summarized table of students’ activities. As the
table shows the virtual classroom participation plays the most prominent role in this
ranking while the second place belongs to the archive views.
Table 2: The results of ranking activities based on gain ratio metric
Attribute
Gain Ratio
0.0839
Virtual Classroom
0.0694
Archive View
0.052
Forum Read
0.0517
Assignment View
0.0497
Assignment Upload
0.0364
Discussion Read
0.0324
Resource View
0
Forum Post
0
Discussion Post
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To confirm the results obtained from this evaluation some other methods are applied on
the dataset and the attributes are ranked using other metrics. The results are outlined in
Table 3. It can be perceived from the table that virtual classroom participation is the most
influential feature affecting students’ final grades among all other attribute evaluation
methods.
Table 3: The The results of ranking activities based on other methods
χ2 Info-Gain Symmetric
One-R
Relief-F
Uncertainty
1
1
1
2
2
Virtual Classroom
3
3
2
1
3
Archive View
2
2
3
4
7
Forum Read
7
7
6
5
4
Assignment View
4
4
4
3
5
Assignment Upload
5
5
5
7
6
Discussion Read
6
6
7
8
1
Resource View
8
8
8
9
9
Forum Post
9
9
9
6
8
Discussion Post
Attribute

4.3.3
12B

SVM
2
7
1
6
5
4
9
8
3

Interpreting the Results

To illustrate and explain the results obtained from the research, a decision tree was
created based on the C4.5 algorithm [10]. This algorithm uses the gain ratio metric to
select the attributes and to build the tree. Figure 1 shows the first two levels of the tree.
As depicted, the number of virtual classroom participation comes in the first level
separating the students into two groups. Students who have participated fewer than 11
virtual classroom sessions, will probably (with the probability of about %55) fail in their
exam. In contrast, Students with more than 11 participations might (with the probability
of about %42) pass the exam with a C.
In addition, each node of the tree can be used to extract a rule to predict students’ final
grades based on their activities. For example, as highlighted in the figure, students with
more than 11 virtual classroom participation and 17 archive views would get an A in the
final exam. The coverage of this rule is about %25 and the accuracy is almost %41. These
rules may help the teachers to identify the most important activities to focus on in order
to improve their teaching style. The rules can also be employed by training managers and
executives to provide with helpful information in resource planning and decision making.
Students Final Grades
(Coverage, Accuracy)

Virtual Classroom <= 11
Mode: F
(0.796, 0.544)

Forum Read <= 14
Mode : F
(0.669, 0.603)

Virtual Classroom > 11
Mode : C
(0.489, 0.416)

Forum Read > 14
Mode : C
(0.171, 0.423)

Archive View <= 17
Mode : C
(0.455, 0.444)

Archive View > 17
Mode : A
(0.257, 0.409)

Figure 1: The first two levels of the decision tree model generated to predict students’ final grades
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5

Conclusions and Future Work

In this work we described the process of applying data mining methods in order to rank
the students activities based on their impact on the performance of students in final
exams. We used a number of ‘Feature Selection’ and ‘Attribute Evaluation’ methods
together with real usage data of students picked up from the Moodle LMS in order to
perform the case study. The results indicated that participation in virtual classroom
sessions has the greatest impact on the effectiveness of learning in the particular settings
of the IUST e-learning center. As a result, this fact motivated the managers and
instructors to pay more attention to virtual classrooms and encourage the students to
participate in these sessions. In the future, the effect of virtual classroom will be studied
more profoundly considering some variables other than just the number of participation
and archive views. It is also possible to analyze the students’ behavior in virtual
classrooms more deeply considering the activities performed by students. Finally, the
teachers’ instructional model in the virtual classroom will be studied in order to find the
best methods that fulfill students’ demands which might have a great impact on their
learning performance.
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