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Abstract - In today’s world virtual online educational
platforms emerge literally on daily bases and many offer
MOOC-based courses. With the appearance of MOOC,
educational platforms have gained an additional boost, a
new aspect in their evolutionary process, which has opened
a new field of research thanking to the extraction of logging
information within the frames of data mining. It has become
clear that educators will be able to tailor their courses by
merging the two previously mentioned fields and by
carrying out MOOC-based data mining, targeting
pedagogical aspects. This field of research seems promising
and important, thus a faculty at the University of Szeged has
created its own MOOC educational platform which has
been set to facilitate data mining by implementing a wide
range of logging algorithms. The data would be processed
through a complex Artificial Intelligence program, which, in
the short term, could reveal new and exciting pedagogical
findings, while in the long run, the supervisors could put
together a platform that would help and notify educators
about relevant information. It would become possible to
create adaptive educational materials, as well. This work
aims at clarifying how such platforms function and what the
steps of data collection and evaluation are.

I. INTRODUCTION

In today’s world virtual online educational platforms
emerge literally on daily bases and many offer MOOC-
based courses. Mushrooming as a scalable lifelong
learning paradigm, Massive Open Online Courses
(MOOCs) have enjoyed significant limelight in recent
years, both in industry and academia [10]. With the
appearance of MOOC, educational platforms have gained
an additional boost, a new aspect in their evolutionary
process, which has opened a new field of research thanks
to the extraction of logging information within the frames
of data mining. Plenty of research at various institutions in
the last 8 years seem more than promising with a
significant breakthrough. Its origin dates back to the
Educational Data Mining conference in 2008, where the
idea of educational data mining of MOOC courses first
emerged. All the findings since then have been published
in the form of research papers and scientific journals
underpinning that it is worth digging even deeper.

It might be asked what the reasons are that brought
this interdisciplinary field of sciences to life. The main
reason is that MOOCs are open education platforms, in
which the participants are self-motivated to complete
courses [24]. However, learning outside the framework of
an educational institution and the supervision of a teacher
may bring about certain obstacles. Learning in a MOOC
requires that students apply self-regulation [23]. Among
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the most debatable issues are the high drop-out rates, this
has been proven by dozens of researches.
[BI[71[91[11][13][23][25]. From this standpoint, one could
easily question the existence of MOOC courses;
nevertheless, there is pressure in higher educational
institutions to provide up-to-date information to achieve
institutional effectiveness [20]. Online platforms are
among the most important tools to gain insight into how
online education functions.

Ironically, the problem can be solved through the
online platform itself because its structure allows all
around logging of student activities, which may lead us to
some so far unknown tools of pedagogical research. This
idea has been grounded in the investigation of Romero &
Ventura who think that learning management systems
accumulate a great deal of log data about students’
activities [20]. The system can automatically record
whatever student activities are involved, such as reading,
writing, taking tests, performing various tasks, and even
communicating with peers [26]. In short, MOOC big data
is a gold mine for analytics [18]. On the other hand, data
mining technology has been proved effective in CMS
pedagogical research as well [13].

Science that deals with verifying such data is called
EDM (Educational Data Mining), with many prominent
names of the field and outstanding research achievements.
Berland et. al suggest that EDM may have the potential to
support research that is meaningful and useful both to
researchers working actively in the constructionist
tradition but also to wider communities [16]. Data
collected from learning systems can be aggregated over
large numbers of students and can contain many variables
that data mining algorithms and techniques can explore
for model building. [22] Working from student data can
help educators both track academic progress and
understand which instructional practices are effective [5].

Educational data mining (EDM) is a research area
which utilizes data mining techniques and research
approaches for understanding how students learn [22]. In
recent years, there has been an increasing interest in the
use of data mining to investigate scientific questions
within educational research, an area of inquiry termed
educational data mining [2]. The scope of educational data
mining includes areas that directly impact students [19].
The emerging field of educational data mining (EDM)
examines the unique ways of applying data mining
methods to solve educationally related problems [19].

It must be stated that the primary goal of research is
not just to obtain information but to keep as many students
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as possible signed up to our courses. Through his
investigation into the relevant papers, Huebner reveals
works that suggest how learners can be kept in the
learning environment, efficient educational techniques,
and better course books in the future which may help
reducing the drop-out rate in a predictive way [19]. Along
this line of thought, researchers at Bowie State University
have assigned risk factor points to each learner which
demonstrated who would have difficulties [6].

The authors’ research takes this route to test e-learning
platforms by putting together two MOOC courses
(Conscious and Safe Internet Usage - TEBIA, Database
Management) a logging platform to register online
activities. This paper has been written to investigate EDM
opportunities and to develop the authors’ own logging
system dealing with how the steps of data recording,
cleaning, and pre-processing are done.

II.  WHAT IS EDM AND WHY IS IT IMPORTANT?

While thousands of students have been attracted to
large online classes, keeping them motivated has become
a challenging endeavor [13]. Thus, it is of paramount
importance to understand student motivation or why it is
lost. A tool to gain access to such answers in Data Mining.
In order to find out what this notion is one may quote
Baker who states that Data mining, also called Knowledge
Discovery in Databases (KDD), is the field of discovering
novel and potentially useful information from large
amounts of data [2]. Knowing that EDM has existed for
only a decade, it is advisable to take a close look at it to
reveal what it really means. Its meaning depends on how it
is defined, however a common meeting point has been
established, which seems to be digital education.
Educational data mining is a research area which utilizes
data mining techniques and research approaches for
understanding how students learn [22]. EDM is an
emerging tool and technique used to comprehend and
represent educationally related data [19]. Furthermore,
data mining is a series of tools and techniques for
uncovering hidden patterns and relationships among data
[27]. Data mining is a multidisciplinary area in which
several computing paradigms converge: decision tree
construction, rule induction, artificial neural networks,
instance-based learning, Bayesian learning, logic
programming, statistical algorithms, etc. And some of the
most useful data mining tasks and methods are: statistics,
visualization, clustering, classification, association rule
mining, sequential pattern mining, text mining, etc. [21].
Educational data mining is an emerging discipline that
focuses on applying data mining tools and techniques to
educationally related data [1]. 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
[19]. Data mining is the process of efficient discovery of
non-obvious valuable patterns from a large collection of
data [12].

Interactive e-learning methods and tools have opened
up opportunities to collect and scrutinize student data, to
ascertain patterns and trends in those data, and to
formulate new discoveries and test assumptions about how
students learn [22]. Researchers have found that they can
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apply data mining to rich educational data sets that come
from course management systems such as Angel,
Blackboard, WebCT, and Moodle. Numerous studies have
shown that data mining can be used to discover at-risk
students and help institutions become much more
proactive in identifying and responding to those students
[14]. Educational data mining is defined as the area of
scientific inquiry centered around the development of
methods for making discoveries within the unique kinds
of data that come from educational settings, and using
those methods to better understand students and the
settings which they learn in [2]. Online learning systems
log student data that can be mined to detect student
behaviors that correlate with learning [22].

Four main axes can be identified along which EDM
methods may be helpful for constructionist research:

e  EDM methods do not require constructionists to
abandon deep qualitative analysis for simplistic
summative or confirmatory quantitative analysis;

e EDM methods can generate different and
complementary new analyses to support
qualitative research;

e By enabling precise formative assessments of
complex constructs, EDM methods can support
an increase in methodological rigor and
replicability;

e  EDM can be used to present comprehensible and
actionable data to learners and teachers in situ.

e In order to investigate those axes, the first step is
to describe one’s perspective on compatibilities
and incompatibilities between constructionism
and EDM [16].

The strengths of EDM systems can be traced back to
their tools, primarily logging methods that provide
information to researchers, who would in turn reveal so
far unknown pedagogical conclusions. Baker sums up
(Table 1.) what is known about those tools and result [2].

TABLE L THE PRIMARY CATEGORIES OF EDUCATIONAL DATA
MINING
Category of Goal of Method Key applications
Method
Prediction Develop a model Detecting student behaviors
which can infer a (e.g. gaming the system, off-
single aspect of the task behavior, slipping);
data (predicted Developing domain models;
variable) from some Predicting and understanding
combination of other student educational outcomes
aspects of the data
(predictor variables)
Clustering Find data points that Discovery of new student
naturally group behavior patterns;
together, splitting the Investigating similarities and
full data set into a set differences between schools
of categories
Relationship Discover relationships Discovery of curricular
Mining between variables associations in course
sequences; Discovering
which pedagogical strategies
lead to more effective/robust
learning
Discovery A model of a Discovery of relationships
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with Models between student behaviors,

and student characteristics or
contextual variables;

Analysis of research question
across wide variety of

contexts

phenomenon
developed with

prediction, clustering,

or knowledge
engineering, is used as
a component in further

prediction or

relationship mining.

Distillation of Data is distilled to Human identification of

Data for enable a human to patterns in student learning,
Human quickly identify or behavior, or collaboration;
Judgment classify features of the | Labeling data for use in later
data. development of prediction

model

III. E-LEARNING LOGGER MODULE

The system presented in this paper was built on the
basis of Moodle which is an open-source, free, well
supported, popular e-learning platform. It has a long
history, given that the first version came out in 2002. The
platform is known for its robustness, though its user
interface is little less modern than it is expected in these
days. This is the underlying reason for completely
replacing its font-end and develop a new one, which calls
the Moodle’s back-end. One module of its front-end is
responsible for logging, which is the focus of this article.

Front-end Javaseript
event
Main front-end |—>| Logger front-end
I
\HWP HTTP
Back-end |
PHP Node)S
Moodle Logger
¥F 3 L e
Filesystem PostgreSQL MongoDB

Figure 1. Front-end logging system

This logger front-end collects and process events, and
calls its back-end part via HTTP to store them. This back-
end part — which is completely independent from the
back-end of the Moodle - is developed in NodeJS and
uses MongoDB to store events (Figure 1.).

Every log entry is an event. Each of the events
classified the system into different types, and depending
on the type, they store different parameters for it. For
example, a “textinput” event has a parameter, which stores
the typed text, called text:

{
type: "textinput",
data: {
target: "search-target",
text: "database"
¥s
time: "2017.01.23. 16:01:28.242",
page: "https://...",
userid: 1876
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}

There are some parameters, which are stored for all
events:

e  userid: the ID of the user, who has executed the
operation, or 0, if there was an anonymous user

. time: the date of the event

e  page: the URL of the page, where the event was
happened

e type: the type of the event (see below)

The type of the events, and their parameters can be the
following ones:

. load, unload, focus, blur: they are generated in
the case of loading or unloading of the page, and
getting and losing the focus.

e  resize: it means resizing the browser window. It
has two parameters: X, y (the new size of the
windows).

e  click: it represents a mouse click. Its parameters
arex and y.

o testClick: it signifies a mouse click to an answer
of a quiz. It is a preprocessed event: this
javascript event handler automatically recognizes
if the mouse click happened over an answer, and
generates a testClick event, not a simple click
event. Its parameters are: question, answer,
correct, choiceCleared.

e download: it is generated in the case of
downloading a file. Parameter: filename.

e textinput: this event represents a change of a text
input field. Parameters: target (id of the text
element), text (actual value of the text element).

e textinput focus, textinput blur: they are
generated when a text input gains or loses the
focus. Parameters: target (id of the text element),
text (actual value of the text element).

e passwordinput, passwordinput_focus,
passwordinput_blur: similar to the previous ones,
but because of security consideration, the value
of the password text input is not stored.
Parameters: target (id of the text element), and
length (of the text element).

e mousemove: mouse moving event. Parameters: X,
y, xDistance, yDistance, realDistance. The
system stores only two mouse events in a second.

e  scroll: means scrolling the page. Parameter: top.
The system stores only two mouse events in a
second.

There are video events, as well. The system supports
two kinds of video: html5 video element and embedded
YouTube video. Events:

e  videoSeek: means seeking in the html5 video
element.  Parameters: seekTime, videold,
totalTime, src.
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. videoPlay, videoPause, fullscreenOn,
fullscreenOff: html5 video playing events.
Parameters: actualTime, videold, totalTime, src

e  volumeChange: html5 video element volume

change. Parameters: actualTime, videold,
totalTime, src, newVolume.
e  youtubePlay, youtubeEnd, youtubePause,

youtubeBuffering: youtube video playing events.
Parameters: actualTime, videold, totalTime, src.

e  youtubeQuality. changing youtube video quality
settings. Parameters actualTime, videold,
totalTime, src, quality

e  youtubeRate. parameters: actualTime, videold,

totalTime, src, rate

IV. DATA

Two courses have been created in order to test the
logging platform.. In the first part of the research, a pilot

study was conducted between the dates of March 1 and
May 30, 2016, while the second study was recorded in the
interval of October 1 to December 10, 2016. Altogether
163 students took part in the pilot study and 347 student
signed up for the two courses in the Autumn semester.
The details about the course are presented in Table II
below. The learning material for both courses comprised a
three week study period. One of the courses, which ran
under the name ‘TEBIA,” included 4 + 1 (embedded)
videos, while the other course, with the name ‘Databases’
had 7 (embedded/Youtube links) videos with attached
embedded texts, or external links.

The primary point of interest for the researchers lay
not in the drop-out rate, instead the aim was to discern
how the platform functioned and how the learners would
behave. It can thus be concluded that 99.8% of the
learners who had signed up for the course, had also
completed it.

TABLE II. COURSE CONTENTS
Course name TEBIA Databases
Content Basics of Conscious and Safe Internet Usage Basics of Databases
Time frame 3 weeks 3 weeks
Introduction: The concepts of databases:
Video (3.37 min., Embed); Video ( 2.12 min, Embed); Video ( 2.12 min,
Youtube link); HTML embedded text;
Digital footprint: Database handling systems:
Video (14.04 min, Embed); Video ( 3.52 min, Embed); Video ( 3.52 min,
HTML embedded text; Youtube link); HTML embedded text;
HTML embedded text;
Conscious and Safe Internet Usage: Transaction, closing methods:
Video ( 13.07 min, Embed); Video ( 3.28 min, Embed); Video ( 3.28 min,
Parts of the HTML embedded text; External link; Youtube link); HTML embedded text;
Learning Online bullying: Basics of handling databases:
Material

Video( 13.31 min, Embed);
HTML embedded text;;
Extra video (11.55 min, Embed);

Video ( 3.24 min, Embed); Video ( 3.24 min,
Youtube link); HTML embedded text;
Database models:

Video ( 2.51 min, Embed); Video ( 2.51 min,
Youtube link); Video (4.11 min, Embed);
Video (4.11 min, Youtube link);
HTML embedded text;

Relational database models:

Video ( 3.17 min, Embed); Video ( 3.17 min,
Youtube link); HTML embedded text;;

The logging system during the two courses registered
4.663.120 logs, out of which 26 variables were generated
and assigned to the users. These were the following:

Data, Page, Pid, Time, Type, User, Data.realDistance,
Data.x, Data.xDistance, Data.y, Data.yDistance,

Data.Text, Data.Top, Data.Target, Data.Filename,
Data.Length, Data.ActualTime, Data.Scr, Data.TotalTime,
Data.Videold, Data.SeekTime, Data.NewVolume, Data.Ip
Adress, Data.Quality, IP
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V.  PRE-PROCESSING

The e-learning platform of the University of Szeged is
a website which provides a wide variety of services,
including video lessons to every courses, however it does
not have a complex platform such as Coursera or edX.
This is the reason why is was not possible to close the e-
learning portal after the pilot study and the two courses.
Thus, as a consequence, the platform used for this
research could not only be accessed by those students who
had signed up, but it was accessible to but external users,
as well. This led to the recording of 1,443,817 (404 Mb)
logs, while during the second time the system had
3.219.303 (936 MB) recorded logs. The portal recorded
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1229 students and lecturers, out of which only 513 were
relevant. The contaminated raw data had to be put to
serious data cleaning procedures. The file was cleaned and
sorted out by examining students’ IDs, user behavior, and
sign-in tendencies. Table III demonstrates a simple but
effective algorithm that filters relevant and usable data:

TABLE III. USER BEHAVIOUR, AND SIGN-IN TENDENCIES
=
&0
B s 8 e | 3 =
3 g 28 8= N 14 % g
s 2 3= 3 ‘g = 2 = 2
A - = > > = o =) om
Pilot 11 11 65.74 3 163 1,443,817
Autum 11 11 65.74 1 347 3.219.303
n

A deeper study of this JSON file revealed further
important information. This includes the user activities
showing that 54% of the logs were generated by 10% of
the users. The comprehensive diagram of user activities
shows the distribution of active and passive participants

(Figure 2).

800000

= 600000

w

+ 400000

o 200000

o J

[= 0

=

= f o TOE 5 T o N T T O e O N T T T e R

= [ T N I T S Ty T B Vo= T v+ L
ﬂNMTT-’UQHOOO‘\O‘\aS

User

Figure 2. Number of clicks by user

This fact is not surprising since one of the side effects
of a MOOC course is the uneven distribution of active and
passive students. Anderson et al. created 5 categories [28]:

e  Viewers, in the left mode of the plot, primarily
watch lectures, handing in few if any
assignments.

e  Solvers, in the right mode, primarily hand in
assignments for a grade, viewing few if any
lectures.

e All-rounders, in the middle mode, balance the
watching of lectures with the handing in of
assignments.

. Collectors, also in the left mode of the plot,
primarily download lectures, handing in few
assignments, if any. Unlike the Viewers, they
may or may not be actually watching the lectures.

e  Bystanders registered for the course but their
total activity is below a very low threshold.

If the student activities and other data are converted to
percentages, one would gain deeper knowledge in this
topic. Figure 3 shows these findings. In order to complete
a test, an average user generates approximately 400-2000
log files, which demonstrates that 58% of the learners do
not aim at having a thorough understanding of the material
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but want to complete to course as soon as possible, while
only 10% can be categorized as superusers according to
Zhu et al.[24].

Percent

50000-60000

|
|
1
20000-30000 =
—
5000-10000
I

<2000

0% 20% 40% 60% 80%

2000- 5000- 10000- 20000- 30000~ 50000- 60000~
5000 10000 20000 30000 40000 60000 70000
14% 8.30% 5.70% 1.63% 0.49% 0.24% 0.24%

<2000

M Percent 58%

Figure 3. Student activities/ logging data

VI. CONLUSION

At this stage of the studies, the authors were able to
add a functioning logging system to a Moodle platform
with weak tools of analyses, which would serve well for

similar portals to live up to current measuring
requirements. The data obtained and analyzed from
students’ logging could reveal some unexpected

pedagogical aspects thus helping educators and learners in
the process of course planning and learning. The analysis
of the pile of data amounting to millions of logs recorded
during the pilot studies and the autumn courses could help
the authors design an artificial intelligence (machine
learning) that would automatically process input data
without human intervention and which could intervene if
extreme values emerge.

The aim of the redesigned and modified website is to
enhance student motivation, learning achievements, and
output results. After examining the relevant literature, the
authors were able to sort out errors and potential
opportunities that were unknown to them, like predictive
analysis through clickstream [4], [7], [8], [15], [17] or
feedback buttons by Chang et al. [11] which improved
student concentration in the long run. A total of 1.2 GB of
data was collected, enabling the authors to make the next
step of designing a suitable mathematical model to their
MOOC system. This would help to provide a full-scale
predictive background support to educators who would
upload their learning materials, and would help learners
who sign up to a course. It is expected that the spring
semester of 2017 will bring more users to this platform,
which would double the amount of collected data. After
quantitative and qualitative data analysis the new findings
will also be published in a research paper.
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