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Abstract Educational data mining (EDM) is a
broader term that focuses on analyzing, exploring,
predicting, clustering, and classification of data in
educational institutions. EDM grows faster and
covers many interdisciplinary such as education, e-
learning, data mining, data analysis, intelligent
system etc... The paper presents most relevant work
in the area of EDM in higher education it covers
course management systems, student behaviors,
decision support system, and student retention and
attrition. The paper also provide a comparison

study between some of research work in such areas.

Because of the growth in the interdisciplinary
nature of EDM the paper, also try to provide
boundary scope and definitions for EDM.
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I. EDUCATIONAL DATA MINING
DEFININTION

Several definitions of educational data mining has
been used. Most of these definitions has been
concentrated on the relation of data mining with
education, and some of them oriented to the
analytical processing of the educational data, while
EDM is grows faster and have been merge with
several areas such as education, e-learning, data
mining, data analysis, intelligent system and etc.,
boundary scope and definitions of EDM is needed.
This section provides an over view of some
difference definition of EDM in some related work,
and finally try to provide scope and definitions of
EDM

The Educational Data Mining community website,
[1] defines educational data mining as:
“Educational Data Mining is an emerging
discipline, concerned with developing methods for
exploring the unique types of data that come from
educational settings, and using those methods to
better understand students, and the settings which
they learn in.”

Barnes and other [two] define education data
mining as the application of data mining techniques
for educational data to analyze this type of data in
order to resolve issues of educational research.
Campbell and Oblinger [3] concede red the
academic analytics as a sub-field of educational

data mining, because they considered the academic
analytics as the used of the statistical techniques
and data mining in ways that will help faculty and
advisors become more proactive in identifying at-
risk students and responding accordingly. In this
way, the results of data mining can be used to
improve student retention. Academic analytics
focuses on processes that occur at the department,
unit, or college and university level. This type of
analysis does not focus on the details of each
individual course, so it can be said that academic
analytics has a macro perspective.

Baker and Yacef [4] defined educational data
mining as “an emerging discipline, concerned with
developing methods for exploring the unique types
of data that come from educational settings, and
using those methods to better understand students,
and the settings which they learn in”. Their
definition does not mention data mining, leaving
researchers open to exploring and developing other
analytical methods that can be applied to
educationally related data. Also, many educators
would not know how to use data mining tools, thus
there is a need to make it easy for educators to
conduct advanced analytics against data that
pertains to them (such as online CMS data, etc.).
From these definitions, we can conclude that
educational data mining is a broader term that
focuses on nearly any type of data in educational
institutions, while academic analytics is specific to
data related to institutional effectiveness and
student retention issues. The discipline relies on
several reference disciplines and in the future, there
will be additional growth in the interdisciplinary
nature of EDM. As the discipline grows,
researchers will need to refine the scope and
definitions of EDM.

As a conclusion, we can scope and define EDM as
the process and the implementation of data mining
concepts and techniques in educational data.

Il. HISTORY OF EDUCATIONAL DATA
MINING

The EDM literature draws from several reference
disciplines including data mining, learning theory,
data  visualization, machine learning and
psychometrics. Some of the earliest works are
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coming under the umbrella of Artificial
Intelligence in Education

While educational data analysis itself is not a new
practice, recent advances in  educational
technology, including the increase in energy
account and the ability to record detailed data on
the use of students to an environment-based
learning on the computer, has led to increased
interest in developing technologies

This interest appeared into a series of EDM
workshops held from 2000-2007 as part of several
international research conferences.[1] In 2008, a
group of researchers established what has become
an annual international research conference on
EDM, the first of which took place in Montreal,
Canada.[5]

Academic journal in 2009 and reached the attention
of the administrative organization to increase,
researchers EDM. In 2011, the researchers
established the EDM "educational data mining of
the International Society" to link researchers and
the EDM continues to grow in the field.

In 2008 , public data sets made educational extract
more data exists and feasible, to contribute to the
growth, the introduction of public educational data
warehouses, such as the Pittsburgh Science of
Learning Center (PSLC) replaced the data and the
National Center for Education Statistics (NCES).
[4]

Recent literature on educational data mining is an
emerging discipline that focuses on the application
of tools and techniques for educationally relevant
data and data extraction. Researchers within EDM
focus on topics ranging from use of data mining to
improve institutional effectiveness of application of
data mining to improve learning for students for
example [6], [7], [8], [9], [10], and [11]

11. EDUCATIONAL DATA MINING
AND HIGHER EDUCATION

This section presents some related studies on
educational data mining in higher education, the
section categorized these studies in according to the
educational areas, providing an over view of each
application and techniques used in these areas.

A number of publications about EDM in higher
education has grown exponentially over the past
few years.

Romero & Ventura [12] mentioned the
compression, in higher educational institutions to
provide up — to date information on institutional
effectiveness.  Institutions are also increasingly
held accountable for student success It also
increases the responsibility of educational
institutions for the success of the student [3].

One response to this pressure is to find new ways
of applying the methods of analysis and data
mining to educationally relevant data.

At an early stage, Baker & Yacef [4] mentioned
that it would be helpful to have a more thorough

taxonomy of the different areas of study within
EDM even though researchers have already
established a basic taxonomy. One drawback to
Baker and Yacef’s taxonomy is that it does not
address aspects of the clustering data-mining task.
There are different ways that educational data
mining can be used in higher education institutes.
Such as Course management systems, Student
behaviours, decision support system in higher
education student retention and attrition

A. Course management systems

A large number of researchers within EDM focus
directly on course management systems and how
they can be improved to support student learning
outcomes and student success.

In this area, educational data mining (EDM) has
been used for utilizing data mining techniques and
research approaches for understanding how
students learn. Interactive e-learning methods and
tools have opened up opportunities to collect and
scrutinize student data, to ascertain patterns and
trends in these data, and to formulate new
discoveries and test assumptions about how
students learn. Technology enhanced learning
relies heavily on learning management systems
(LMS) or course management systems (CMS).
These LMS/CMS automatically record the
keystrokes of individual users as server logs.
Mining these logs provide patterns for teachers to
identify slow learners and can adjust teaching
strategies.

Rabbany, Reihaneh, Mansoureh Takaffoli, and
Osmar R. Zaiane [13] suggests an application for
data mining, to study participation on-line courses.
This article proposes and visualization EDM’s
toolbox influential to the formation of the
community.

Course management systems (CMSs) can tender a
great variety of procedure and workspaces to
facilitate information sharing and communication
among participants in a course.

The Course management systems (CMSs) also let
educators distribute information to students,
produce content material, prepare assignments and
tests, engage in discussions, manage distance
classes and enable collaborative learning with
forums, chats, file storage areas, news services, etc.
Some examples of commercial systems are
Blackboard, WebCT and Top-class while some
examples of free systems are Moodle, llias and
Claroline. The most commonly used one is Moodle
(modular object oriented developmental learning
environment), a free learning management system,
enabling the creation of powerful, flexible and
charming online courses and experiences. These e-
learning systems accumulate a large amount of
information, which is very valuable for analyzing
students’ behaviour, and could create a goldmine of
education data. Record any student activities
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involved, such as reading, writing, taking tests,
performing various tasks, and even communicating
with peers, they provide a database that stores all
the system’s information: personal information
about the users (profile), academic results and
users’ interaction data. However, due to the vast
quantities of data, these systems can generate daily,
it is very difficult to manage manually. Instructors
and course authors require tools to assist them in
this task, ideally on a continual basis. Although
some podium offers some reporting tools, it
becomes hard for a tutor to extract useful
information when there are a great number of
students. They do not provide specific tools
allowing educators to thoroughly track and assess
all learners’ activities while evaluating the structure
and contents of the course and its effectiveness for
the learning process [13], [14].

In the last few years, researchers have begun to
investigate various data mining methods to help
instructors and administrators to improve e-
learning systems. Data mining or knowledge
discovery in databases (KDD) is the automatic
extraction of implicit and interesting patterns from
large data collections. Data mining is a
multidisciplinary area applying to many different
branches of education in which several computing
patterns converge: decision tree construction, rule
induction, neural networks, instance-based learning,
bayesian learning, logic programming, statistical
algorithms, etc. In addition, some of the most
useful data mining tasks and methods are statistics,
visualization,  clustering, classification and
association rule mining. These methods uncover
new, interesting and useful knowledge based on
students’ usage data. Some of the mains e-learning
problems or subjects to which data mining
techniques have been applied are dealing with the
assessment of students learning performance,
provide course adaptation and learning
recommendations based on the students’ learning
behaviour, dealing with the evaluation of learning
material and educational web-based courses,
provide feedback to both teachers and students of
e-learning courses, and detection of atypical
student’s learning behavior. [17]

Most of the current data mining tools are too
complex for educators to use and their features go
further away the scope of what an educator might
require. As a result, the CMS administrator is more
likely to apply data mining techniques in order to
produce reports for instructors who then use these
reports to make decisions about how to improve the
student’s learning and the online courses. This
knowledge, however, can be useful not only to the
providers (educators) but also to the users
themselves (students), as it can be oriented towards
different ends for different partakers in the process
[17]. It could be oriented towards students in order
to recommend learners’ activities, resources,

suggest path pruning and shortening or simply links
that would favour and improve their learning or to
educators in order to get more objective feedback
for instruction. Instructors can evaluate the
structure of course content and its effectiveness in
the learning process and classify learners into
groups based on their needs for guidance and
monitoring. Learners’ regular and irregular patterns
could be determined allowing the most frequently
made mistakes to be identified and more effective
activities to be elaborated. There could be more
trends towards obtaining parameters and measures
to improve site efficiency and adapt it to the
behaviour of the users (optimal server size,
network traffic distribution, etc.) and to organize
better institutional resources (human and material)
and educational offer. [17, 14]

Data mining has been applied to data coming from
different types of educational systems. On one
hand, there are traditional face-to-face classroom
environments such as special education [39] and
higher education [34]. On the other, there is
computer-based education as well as web based
education, such as  well-known learning
management systems [40], web-based adaptive
hypermedia systems [41] and intelligent tutoring
systems [42]. The main difference between one and
the other is the data available in each system.
Traditional classrooms only have information about
student attendance, course information, curriculum
goals and customized plan data. However,
computer and web-based education has much more
information available because these systems can
record all the information about students’ actions
and interactions onto log files and databases.

One research team developed a simplified data
mining toolkit that operates within the course
management system and allows non-expert users to
get data mining information for their courses [14].
In addition, a toolkit allows teachers to collaborate
with each other and share results. This research is
important because most data mining tools are
complicated and require deep expertise in data
mining tools, methods and processes, statistics, and
machine learning algorithms. This study follows a
typical data mining process, thus it is quantitative.
The data mining process usually follows a pre-
processing phase, then an application of specific
data mining techniques, and then a post -processing
phase. The research and application contributions
will allow non- technical faculty to engage in
educational data mining activities. It is clear that
additional is needed in this area to make
educational data mining tools more accessible to
non-technical users. [14], [16]

Course management systems such as open source
Moodle can be mined for usage data to find
interesting patterns and trends in student online
behaviour. A systematic method for applying data
mining techniques to Moodle usage data was
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established [14]. The benefit to mining usage data
is that it contains data about every user activity,
such as testing, quizzes, reading, and discussion
posts. The authors discuss the importance of pre-
processing the data and then discuss specifics on
how to apply data mining techniques to Moodle
data. Their research results demonstrated how
straightforward, it is to mine data, even if a reader
does not have much experience in this area. The
authors also use both Keel and Weka as their data
mining software packages. These software
programs are open source and build on the Java
language, so they are extendable as well.

Y.-h. Wang & Liao, [18] mentioned that data
mining can be used in such a way as to customize
learning activities for each individual student. Data
mining was used to adapt learning exercises based
on students’ progress through a course on English
language instruction Instead of having static course
content, the course adapts to student learning,
taking him or her through the course at his or her
own pace. This was an effort to create significant
and optimal learning experiences for each student,
and was a success. This research could be applied
to other types of courses where students begin a
course with varying levels of competency, e.g., a
computer programming course. [18]

B. Student behaviours

Beck and Woolf [19] cited in their article, how
educational data mining prediction methods can be
used to develop student models. They use a variety
of variables to predict whether a student will make
a correct answer. This work has inspired a great
deal of later educational data mining work —
student modelling is a key theme in modern
educational data mining, and the paradigm of
testing EDM models’ ability to predict future
correctness

Data mining was used to assess complex student
behaviours with respect to a three —week
programming assignment. Blikstein [20] found
results that showed different types of student
programming behaviours in an online course.
These log files contained different types of events
as each student completed them. The events
included coding and non - coding activities in the
online course. This quantitative data mining
research helped discover different programming
strategies used by students, and developed three
programming behaviour profiles: copy-and- pasters,
mixed-mode, and self-sufficient [20].

In many online courses, discussion board posts are
an important part of the learning experience. One
research team used data mining as a strategy for
assessing asynchronous discussion forums because
it was challenging to manually assess the quality of
the postings by each student [15]. Their research
attempts to answer the question of what kind of
information is embedded in online discussion

groups. The data mining results were used to assess
student progress in an online course. One drawback
with this approach is that non-technical faculty
would not know how to apply data mining to get
results for their students, thus there is a need to
create tools that are accessible to non-technical
faculty members.

Like Blikstein [20], Dringus and Ellis [15] analyze
student behaviour by applying data mining
techniques. While the former examines
programming activity, behaviour, the latter
examines discussion board behaviour. The analysis
is different based upon the type of task or activity.
For example, the DM analysis programming tasks
in a course management system is going to be
different than the DM analysis for discussion
boards. Each data mining task is usually very
specific and is used with a specific data set
However, may be more important to find ways of
applying data mining to examine students’
behaviour in a broader sense, rather than analyzing
a single aspect of their behaviour within the CMS.
In other cases, the data is less fine-grained. For
example, a student's university transcript may
contain a temporally ordered list of courses taken
by the student, the grade that the student earned in
each course, and when the student selected or
changed his or her academic major. EDM,
influence both types of data to discover meaningful
information about different types of learners and
how they learn, the structure of domain knowledge,
and the effect of instructional strategies embedded
within various learning environments. These
analyses provide new information that would be
difficult to discern by looking at the raw data. For
example, analyzing data from an LMS may reveal a
relationship between the learning objects that a
student accessed during the course and their final
course grade. Similarly, analyzing student
transcript data may reveal a relationship between a
student's grade in a particular course and their
decision to change their academic major. Such
information provides insight into the design of
learning environments, which allows students,
teachers, university administrators, and educational
policy makers to make informed decisions about
how to interact with, provide, and manage
educational resources.

C. Decision support system in higher education

Other areas within EDM include analysis of
educational processes including admissions, alumni
relations, and course selections. Furthermore,
applications of specific data mining techniques
such as web mining, classification, association rule
mining, and multivariate statistics are also key
techniques applied to educationally related data
[22]. These data mining methods are largely
investigation techniques that can be used for
prediction and forecasting of learning and
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institutional improvement needs. Also, the
techniques can be used for modelling individual
differences in students and provide a way to
respond to those differences thus improve student
learning. Although, one question is how institutions
do adopt educational data mining to improve
institutional effectiveness?

In order for educational data mining to be
successful, it is critical to have a solid data
warehousing strategy. Guan et al. [23] discussed
how important it is to have meaningful information
available for decision- makers within higher
educational institutions. It is a defiance to get the
information that decision makers need quickly and
efficiently. Some of the primary drivers of
initiating data warehouse projects include increased
competitive landscape, and increased
responsibilities  of  reporting to  external
stakeholders such as parents, board members,
legislators and community leaders [23].

Many researchers also have contributed to the field
of educational data mining and decision support
system in higher education.

Chau and Phung [24] in their study stated that
education always plays an important role in
building up every country around the world.
According to them, educational decision making
support is significant for students, educators, and
educational organizations and the support will be
more valuable if a lot of relevant data and
knowledge mined from data are available for
educational managers in their decision making
process. They proposed a knowledge-driven
educational  decision support system. The
knowledge-driven decision support is helpful for
educational managers to make more appropriate
and reasonable decisions about the student's study
and further give support to students for their
graduation.

A waste of effort, time, and money can be avoided
accordingly for both students and educators
through the proposed system.

Deniz and Ersan [25] presented different ways in
which student performance data can be analyzed
and presented for academic decision making. They
demonstrated the usefulness of an academic
decision-support system (ADSS) in evaluating
huge amounts of student-course related data. In
addition, they presented the basic concepts used in
the analysis and design of a specific DSS software
package called the Performance based Academic
Decision Support System (PADSS).

The study conducted by Feghali, Zbib and Hallal
[26] attempts to solve a technology-based “last
mile” problem by developing and evaluating a
web-based decision support tool — the Online
Advisor, that helps advisors and students make
better use of an already present university
information. Their study showed that 79% of users
stated that they were satisfied with the Online

Advisor, 90% rated the Online Advisor as effective
and efficient and more than 75% rated the Online
Advisor as useful and helpful.

According to Kotsiantis [27], the use of machine
learning techniques for educational purposes or
educational data mining is an emerging field aimed
at developing methods of exploring data from
computational educational settings and discovering
meaningful patterns. The stored data can be useful
for machine learning algorithms. Students’ key
demographic characteristics and their marks in a
small number of written assignments can constitute
the training set for a regression method in order to
predict the student’s performance. A prototype
version of software support tool for tutors has been
constructed.

Nagy, Aly and Hegazy [28] proposed a “Student
Advisory Framework” that utilizes classification
and clustering to build an intelligent system. The
system can be wused to provide pieces of
consultations to a first year university student to
pursue certain education track where he/she will
likely to succeed in. According to them, one of the
main reasons for the high failure rate is the
incorrect selection of the student’s
department/section. The framework acquires
information from the datasets that stores the
academic achievements of students before enrolling
in a certain department. After acquiring all the
relevant information, a new student can challenge
the intelligent system to receive a recommendation
of a certain department in which he/she would
likely succeed.

Vinnik and Scholl [29] proposed a methodology for
assessing educational capacity and planning its
distribution and utilization in universities. They
integrated educational data mining and knowledge
discovery in their proposed method. The DSS
supports the administrative task of planning the
university’s educational capacity in terms of the
number of students its courses can accommodate
under the specified constraints. Decision-makers
were able to evaluate various strategies and
generate forecasts by means of simulating with the
input data. According to them, when the policy
makers applied the system, it has resulted in
significant acceleration in planning procedures,
raised the overall awareness with respect to the
underlying methodology and ultimately enabled
more efficient academic administration.

Some decision support systems that use data
mining have already been developed and
introduced in the literature. The system was
designed to support tactical decisions of a
basketball coach during a basketball match through
suggesting tactical solutions based on the data of
the past games. The decision support system only
supports the association rule data mining method
and uses the association rule algorithm called
Apriori algorithm combined with the Decision
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query algorithm. The decision support system
enables the coach to submit data about his tactical
strategies and data about the game and the rival
team. After that, the system provides the coach
with an opinion about the chosen strategies and
with suggestions. The system is not designed to
support other domains; it only supports the
basketball domain.

Bose and Sugumaran introduced the Intelligent
Data Miner (IDM) decision support system [30].
IDM is a Web-based application system intended to
provide organization-wide  decision  support
capability for business users. Besides data, mining
it also supports some other function categories to
enable decision support: data inquiry and
multidimensional analysis through enabling OLAP
views of multidimensional data. In the data mining
part of IDM it supports the creation of models,
manipulation of models and presentation of models
in various presentation techniques of, among others,
the following data mining methods: association
rules, clustering and classifiers (classification). The
system also performs data cleaning and data
preparation and provides necessary parameters data
mining algorithms. An interesting characteristic of
IDM is that it makes a connection to an external
data mining software tool, which performs data
mining model creation. The system enables
predefined and ad-hoc data mining model creation.
The authors state that the disadvantage of IDM is
the fact that nontechnical users (business users)
need to have a fair amount of understanding of data
mining and that the use of data mining and the
creation of data mining models still needs to be
clearly directed by the user, especially with ad-hoc
model creation.

Lee and Park presented the Customized Sampling
Decision Support System (CSDSS), which uses
data mining [31]. CSDSS is a web-based system
that enables the user to select a process sampling
method that is most suitable according to his needs
at purchasing semiconductor products. The system
enables the autonomous generation of the available
customized sampling methods and provides the
performance information for those methods.
CSDSS using a clustering data mining method
within the generation of sampling methods. The
system is not designed to support other domains; it
only supports the domain mentioned.

D. Student Retention and Attrition

Some of educational data mining focuses on how
data mining is used for improving student success
and processes directly related to student learning.
Here are some applications that covered in some
research

Luan [34] applied data mining as a way to predict
what types of students would drop out of school,
and then return to school later on. He lapplied
classification and regression trees (C&RT) — a

specific data mining technique — to educational
data in order to predict which students are unlikely
to return to school. In this case, study, Luan applied
both  quantitative and qualitative research
techniques to uncover student success factors. This
research is important because it demonstrated the
successful application of data mining tools to assist
in student retention efforts. As noted earlier, the
case study method for EDM may often produce
results that are not generalizable. However, the
process by which researchers apply the data mining
can be generalized and used in other contexts. It is
simply the results of the data mining models that
may not be generalized. [34]

In a related study, Lin (2012) applied data mining
as a way to improve student retention efforts. Lin
(2012) was able to generate predictive models
based on incoming students’ data. The models were
able to provide short -term accuracy for predicting
which types of students would benefit from student
retention programs on campus. He found that
certain machine learning algorithms could provide
useful predictions of student retention Lin (2012).
Researchers at Bowie State University developed a
system based on data mining that supports and
improves retention [35]. Their system helps the
institution identify and respond to at - risk students.
Their research contributes meaningfully to the
EDM literature because it demonstrates a
successful implementation and use of data mining.
Their work is highly representative of the discipline
in that it follows a strict data mining process and is
quantitative. Chacon et al.’s (2012) research
supports other work done in applying data mining
to student retention issues, such as Lin (2012) and
Luan [34], all with successful results. The work by
Chacon et al. goes one-step further than Lin and
Luan, because the researchers were able to develop
and implement their solution in a production
environment. [34]

Yeats, Reddy, Wheeler, Senior, & Murray, [36],
mentioned that Data mining was used to assess the
efficacy of a writing centre in an effort to analyze
student achievement and student progress to the
next grade. Their work demonstrated the ability to
assess a specific educational support process, i.e.,
the writing centre, in an effort to improve
institutional effectiveness. Their research approach
used a combination of quantitative work and case
study analysis. The mixed- methods approach to
data mining was helpful in understanding much
more about the ways data mining can be used in an
actual implementation. Their research results were
not surprising in that it found students who attend
writing centres tend to do better in their classes.
The drawback of this study did not make the link to
student retention issues.

In another study, three different data mining
techniques were used to determine predictors of
student retention. Yu, DiGangi, Jannesch-Pennell
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and Kaprolet [37] applied classification trees,
multivariate adaptive regression splines (MARS),
and neural networks to educational data, which
resulted in finding transferred hours, residency, and
ethnicity as critical elements in retention efforts.
The data mining clustering technique was used to
place students into four main groups based on their
preferences and computer experience [32]. Data
mining was used in this study as a way to analyze
users’ preferences in interactive multimedia
learning systems. Although the researchers used
student preferences as a variable and determined
that computer experience as a factor that influences
preferences, it is unknown what other types of
factors might influence preferences in an online
learning environment

Data mining was used in another study to provide
learners with many recommendations to help them
learn more effectively and efficiently. A
methodology called frequent itemset mining was
used to mine learner behavior patterns in an online
course and subsequently, provide learners with
different levels of recommendations rather than
single ones that are produced from other
recommender systems [21]. This system assisted
learners by providing them with highly
individualized recommend decisions for improved
learning efficiency.

Su, Tseng, Lin, and Chen [38] present a newer
stream of research focuses on mobile learning
environments. the study applied data mining to
help provide fast, dynamic, personalized learning
content to mobile users Mobile devices have very
different requirements for managing content than
standard PCs and web browsers (Su, et all, 2011).
They use data such as network conditions,
hardware capabilities, and the user’s preferences
from their device. While this particular study is
extremely technical, it demonstrates how mobile
learning environments can benefit from data
mining.

There are many applications or tasks in educational
environments that have been resolved through DM.
For example, Baker [4] suggests four key areas of
application for EDM: improving student models,
improving domain  models, studying the
pedagogical support provided by learning software,
scientific research into learning and learners; and
five approaches/methods: prediction, clustering,
relationship mining, distillation of data for human
judgment and discovery with models. Castro [14]
suggests the following EDM subjects/tasks:
applications dealing with the assessment of the
student’s learning performance, applications that
provide course adaptation and learning
recommendations based on the student’s learning
behaviour, approaches dealing with the evaluation
of learning material and educational web based
courses, applications that involve feedback to both
teacher and students in e-learning courses, and

developments for detection of atypical students’
learning behaviours.

ISSN: 2231-2803

http://www.ijcttjournal.org Page 52



http://www.ijcttjournal.org/

International Journal of Computer Trends and Technology (IJCTT) — Volume 31 Number 1- January 2016

Table 1: Comparative studies of techniques and applications used in EDM

Algorithm
Task Author EDM tech- app. and DM tech. Result
Garcia, Romero, | Authors established systematic method for applying data | Association This research results demonstrated how
Ventura, & de | mining techniques to Moodle usage data. The advantage of | rule, straightforward, it is to mine data, even if a

Course management systems

Castro [14]

mining usage data is that it contains data about every user
activity, such as testing, quizzes, reading, and discussion
posts.

classification,
and clustering

reader does not have much experience in this
area. The authors also use both Keel and
Weka as their data mining software packages.

Rabbany et al., | The researcher suggests an application for data mining, | Generating Provide a visualization toolbox  for
[13] using it to study online courses. their won | discovering relevant structures in social
toolbox networks.

Dringus & Ellis | They used data mining in representations of the data | Text mining They do not provide specific tools allowing
[15] underlying asynchronous discussion forums. educators to thoroughly track and assess all
learners’ activities while evaluating the

structure and contents of the course
Castro, Authors mentioned that, some of the most useful data | Fuzzy Authors are dealing with treating the issue of
Vellido,Nebot, & | mining tasks and methods are statistics, visualization, | Inductive the assessment of a student’s learning
Mugica [16] clustering, classification and association rule mining. These | Reasoning performance, provide course adaptation and
methods uncover new, interesting and useful knowledge | methodology learning recommendations based on the

based on students’ usage data. Some of the mains e-
learning problems or subjects to which data mining
techniques have been applied.

students’ learning behaviour, dealing with the
evaluation of learning material and
educational web-based courses, provide
feedback to both teachers and students.

Zorrilla et al.,

The researchers found that CMS administrator is more

Classification

Instructors can evaluate the structure of

2005 [17] likely to apply data mining techniques in order to produce course content and its effectiveness in the
reports for instructors who then use these reports to make learning process and classify learners into
decisions about how to improve the student’s learning and groups based on their needs for guidance and
the online courses. This knowledge, however, can be useful monitoring Learners’ regular and irregular
not only to the providers (educators) but also to the users patterns
themselves (students).

Y.-h. Wang & | Data mining was used to adapt conform learning exercises | Avrtificial This was an effort to create significant and

Liao [18] based on students” Progress through a course on English | neural optimal learning experiences for each student,
language instruction Instead of having static course | network and was a success. This research could be
content, the course adapts to student learning, taking him or | (ANN) applied to other types of courses.
her through the course at his or her own pace.

Beck and Woolf | cited in their article , how educational data mining | Machine This work has inspired a great deal of later

[19] prediction methods can be used to develop student models. | learning educational data mining work with ability to

They use a variety of variables to predict whether a student

predict future correctness.

g will make a correct answer.
g Blikstein [20] Author provide an automated technique to assess, analyze | Quantitative The author found results that showed
8 and visualize students learning computer programming. | | techniques different types of student programming
8 logged hundreds of snapshots of students' code during a | (clustering) behaviours in an online course.
e programming assignment, and | employ different.
§ Huang, Chen, & | The authors present methodology called frequent itemset Mining This system assisted learners by providing
B Cheng [21] mining was used to mine learner behaviour patterns in an frequent them with highly individualized
online course and subsequently, provide learners with itemsets recommendations for improved learning
different levels of recommendations rather than single ones efficiency.
that are produced from other recommender systems
Calders & | The researchers mentioned Other areas within EDM | Classification, EDM information system
Pechenizkiy [22] | include analysis of educational processes, including | @ssociation and
admissions, alumni relations, and course selections. rule mining.
Guan, Nunez, & | The authors discussed how important it is to have | Data They find that some of the primary drivers of
Welsh [23] meaningful information available for decision- makers | warehouse initiating data warehouse projects include
within higher educational institutions. It is a defines to get increased  competitive  landscape, and
the information that decision makers need quickly and increased responsibilities of reporting to
efficiently. external stakeholders such as parents, board
£ members, legislators and community leaders
2 Chau and Phung | According to them, educational decision making support is | knowledge- They  proposed a  knowledge-driven
> [24] significant for students, educators, and educational | driven educational decision support system. The
= organizations and the support will be more valuable if a lot | decision knowledge-driven decision support is helpful
§ of relevant data and knowledge mined from data are | support for educational managers to make more
3 available for educational managers in their decision making appropriate and reasonable decisions about
c process. the student's study and further give support to
o - .
‘B students for their graduation.
3 Deniz and Ersan | Researchers presented different ways in which student | Performance The Researchers demonstrated the usefulness
e [25] performance data can be analyzed and presented for | based of an academic decision-support system
academic decision making. They demonstrated the | Academic (ADSS) in evaluating huge amounts of
usefulness of an academic decision-support system (ADSS) | Decision student-course related data. Then they present
in evaluating huge amounts of student-course related data. | Support specific DSS software package which is
In addition, they presented the basic concepts used in the | System called the Performance based Academic
analysis and design of a specific DSS software package, Decision Support System (PADSS
which is called the Performance, based Academic Decision
Support System (PADSS).
Feghali, Zbib and | The authors conducted study by attempts to solve a | Technology- Their study showed that 79% of users stated
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Hallal [26]

technology-based “last mile” problem by developing and
evaluating a web-based decision support tool — the Online
Advisor, that helps advisors and students make better use
of an already present university information.

based “last
mile” problem

that they were satisfied with the Online
Advisor, 90% rated the Online Advisor as
effective and efficient and more than 75%
rated the Online Advisor as useful and
helpful.

Kotsiantis [27]

As the author, the use of machine learning techniques for
educational purposes or educational data mining is an
emerging field aimed at developing methods of exploring
data from computational educational settings and
discovering meaningful patterns. The stored data can be
useful for machine learning algorithms. Students’ key
demographic characteristics and their marks in a small
number of written assignments can constitute the training
set for a regression method in order to predict the student’s
performance

Machine
learning

The author constructed A prototype version
of software support tool for tutors.

Nagy, Aly and | The researchers proposed a “Student Advisory Framework” | Classification Results have proven the efficiency of the
Hegazy [28] that utilizes classification and clustering to build an | and clustering | suggested framework.
intelligent system. The system can be used to provide
pieces of consultations to a first year university student to
pursue certain education track where he/she will likely to
succeed in.
Vinnik and | Authors proposed a methodology for assessing educational | Integrated As a result of this study, Decision-makers
Scholl [29] capacity and planning its distribution and utilization in | educational were able to evaluate various strategies and
universities. They integrated educational data mining and | data mining | generate forecasts by means of simulating
knowledge discovery in their proposed method. The DSS | and with the input data. According to them, when
supports the administrative task of planning the | knowledge the policy makers applied the system, it has
university’s educational capacity in terms of the number of | discovery resulted in significant acceleration in
students its courses can accommodate under the specified planning procedures, raised the overall
constraints. awareness.
Bose and | Introduced the Intelligent Data Miner (IDM) decision | Association .The authors state that the disadvantage of
Sugumaran [30] support system. IDM is a Web-based application system | rules, IDM is the fact that nontechnical users
intended to provide organization-wide decision support | clustering and | (business users) need to have a fair amount of
capability for business users. Besides data, mining it also | classifiers understanding of data mining and that the use
supports some other function categories to enable decision of data mining and the creation of data
support: data inquiry and multidimensional analysis mining models still needs to be clearly
through enabling OLAP views of multidimensional data. In directed by the user, especially with ad-hoc
the data mining part of IDM it supports the creation of model creation.
models, manipulation of models and presentation of models
in various presentation techniques of, among others, the
following data mining methods: association rules,
clustering and classifiers (classification). The system also
performs data cleansing and data preparation and provides
necessary parameters data mining algorithms.
Lee and Park | Presented the Customized Sampling Decision Support | Clustering Internet-based prototype of CSDSS which

[31]

System (CSDSS), which uses data mining. CSDSS is a
web-based system that enables the user to select a process
sampling method that is most suitable according to his

had an architecture based on intelligent agent
technology and also the successful integration
of data mining process for the generation of

& Murray, [36]

achievement and student progress to the next grade. Their
work demonstrated the ability to assess a specific
educational support process, i.e., the writing centre, in an
effort to improve institutional effectiveness. Their research
approach used a combination of quantitative work and case
study analysis..

needs at purchasing semiconductor products. The system optimal  sampling method into DSS
enables the autonomous generation of the available framework

customized sampling methods and provides the

performance information for those methods.

Luan [34] Author applied data mining as a way to predict what types | Classification | This research is important because it
of students would drop out of school, and then return to | and regression | demonstrated the successful application of
school later on. He lapplied classification and regression | trees data mining tools to assist in student retention
trees (C&RT) — a specific data mining technique — to efforts, the case study method for EDM may
educational data in order to predict which students are often  produce results that are not

s unlikely to return to school. In this case study, Luan generalizable. However, the process by which
£ applied both quantitative and qualitative research researchers apply the data mining can be
=1 technigues to uncover student success factors. generalized and used in other contexts.

g Chacon, Spicer, | Researchers at Bowie State University developed a system | Data-Driven Their work is highly representative of the
S & Valbuena [35] based on data mining that supports and improves retention. discipline in that it follows a strict data
s Their system helps the institution identify and respond to at mining process and is quantitative.

=l - risk students. Their research contributes meaningfully to

% the EDM literature because it demonstrates a successful

14 implementation and use of data mining.

% Yeats, Reddy, | Mentioned that Data mining was used to assess the efficacy | Most of DM | Their research results were not surprising in
g Wheeler, Senior, | of a writing centre in an effort to analyze student | algorithms that it found students who attend writing
w

centers tend to do better in their classes. The
drawback of this study did not make the link
to student retention issues.
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Yu, DiGangi, | The research team use three different data mining | Classification The use of these techniques resulted in
Jannesch-Pennell | techniques to determine predictors of student retention, | trees, finding transferred hours, residency, and
and Kaprolet [37] | they applied classification trees, multivariate adaptive | multivariate ethnicity as critical elements in retention
regression splines (MARS), and neural networks to | adaptive efforts.
educational data . regression
Chrysostomou, The atauthors used data mining clustering technique to | Clustering The drawback of this study is unknown what
Chen, & Liu [32] | place students into four main groups based on their other types of factors might influence
preferences and computer experience. Data mining was preferences in an online learning environment
used in this study as a way to analyze users’ preferences in
interactive multimedia learning systems. Although the
researchers used student preferences as a variable and
determined that computer experience as a factor that
influences preferences,
Huang, Chen, & | In this study Data mining was used to provide learners with | Mining This system assisted learners by providing
Cheng [21] many recommendations to help them learn more effectively | frequent them with highly individualized
and efficiently. A methodology called frequent itemset | itemsets recommendations for improved learning
mining was used to mine learner behaviour patterns in an efficiency.
online course and subsequently, provide learners with
different levels of recommendations rather than single ones
that are produced from other recommender systems.
Su,Tseng, Lin, | Authors Present A newer stream of research focuses on | Clustering and | This particular study is extremely technical; it

and Chen [38]

mobile learning environments. the study applied data
mining to help provide fast, dynamic, personalized learning
content to mobile users. They use data such as network

decision tree

demonstrates  how  mobile  learning
environments can benefit from data mining.

conditions, hardware capabilities, and the user’s
preferences from their device.
[2] Barnes, T., Desmarais, M., Romero, C., Ventura, S. (2009).
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