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ABSTRACT

PROFILING YOUNG LEARNERS BASED ON THEIR DAILY STUDY
HOURS IN A SUPPLEMENTARY E-LEARNING PLATFORM

G¢nay, Abdul kadir
Master of SciengeComputerEducation, and Instructional Technology
SupervisorAssist.Prof. Dr.Erkan Er

April 2023 62 pages

Online learning platforms (OLPs) are widely used as supplementary toold2n K
education. Integration methods of these platforms into traditional learning
environments are diverse, and they impact how students engage and learn with them.
The goal of thisstudy is to utilize cluster analysis as a learning analytics (LA)
approach to reveal distinct profiles of students from grades 4 to 8 based on the hours
they interact with an-&earning platform (ELP). In particular, four variables were
created thatindidkae st udentsd frequency of interac
the OLP during irschool and oubf-school time. The analysis yielded three distinct
profiles: low engagers (the most prevalent profile);suitool active learners, and
in-school activedarners. To examine how these profiles differed from each other in
terms of their engagement, the Kruskal Wallis test was applied to compare using 18
evaluativevariablesas measurements of student engagement. The results showed
that in almost all compagis, outof-school and irschool active learners exhibited
similar engagement levels, but these were much higher than low engagers. In
addition, the implications of the findings for the enhancement and effective

integration of OLPs were presented.

Keywords Learning Analytics, Online LearninBlatforns, K-Means Clustering

YoungLearners
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CHAPTER 1

INTRODUCTION

Integral parts of instructional design and technology as a field concern analyzing
learning and performance probie as wellhs designingnd managing instructional
processes and resources to facilitate learning and performance in educational settings
(Reiser, 2007). According to Januszewski & Moler2izl @, p4), facilitating covers

fithe design of the environmemtiorganizing resourced  a pravidirfg toolso

Thus, educational technology focuses on the elements mentioned to create effective
learning environments so that learning can occur easily. In this regard, since the
beginning of the Internet era, advances in information and communications
technologies CT) have changed and enriched the possible opportunities to facilitate

learning.

As learning resources are increasingly digitized, learning now occurs not only in
faceto-face but also in online environments. Although teachers12 i€ontexts are
unwilling to change their teaching practice in facdace environments (Cubaat

al., 2001), teachers and school administrators leverage the improvements in
technology to provide effective and more engaging learning environments (Godzicki
et al, 2013) ot only within the schools but also beyond the borders of traditional
school environments (Watson, 2008; Powell et al., 2015; Chatti et al., 2014).
Therefore, limited classroom time does not limit essential activities to support
students' learning (Fergal., 2009). It has become more common to use technology
enhanced learning (TEL) tools to support and complemenitéafzee classroom
learning with online activities (Thomsen et al., 2022). Thus, Gunawardena (2017)
asserts, TEL tools can change how wacteand learn. In this way, students and

teachers can perform online activities, including reading additional learning



resources, performing some exercises, or taking quizzes and revision tests, both in

and out of the classroom.

However, new instructionahodels aiming to provide the best and most effective
integration of the aforementioned TEL tools into fa@dace instruction continue to
emerge. That is why selecting and adopting appropriate technology is crucial to
support learning. Tools and instruetal methods should be suitable for learners and
learning environments (Januszewski Molenda, 2013) to create effective and
efficient learning settings. One approach to enhance student learniriRigd€tings

has been the use ofl@arning platforms (EBS) that provide animation or video
based explanations of the subjects along with opportunities for further practice and
testing. AlthoughELP are commonly used in-K2 settings in Turkey, schools and
teachers vary in the way they integrate these platfamtostheir instructions. For
example, while some teachers integrate them into theirtéef@®e teaching to
reinforce student learning during the class, some others use them to provide
supplementary learning activities outside the classroom, such asdsieacning
activities (Kang, 2016). The ways of integrating such online learning platforms into
the K-12 curriculum may have different effects on student behavior, learning, and

performance, and thus deserves further investigation.

Nowadays, many onlineérning platforms (includinghrning management systems

and ELP$ gather trace data left by students during their interactions, and such data

can be used to monitor and identify student
2021). According to Chatti edl. (2014), in the TEL community, it is recently

highlighted that there is a promising potential of learning analytics for exploiting big

educational data to understand and support distinct learning processes. Learning

anal ytics 1 s d arent cadlettiory analysis, Anel repodirgofudatae

about learners and their contexts, for purposes of understanding and optimizing

|l earning and the environments in which it
Learning analytics has a crucial roleinagalyng st udent sdé trace dat a
into how learning occurs (Johnson et al.,, 2011), to predict student academic
performance (Huang et al ., 2020; Lu et al .,



engagement and learning outcomes (Lu et al., 20@7jnprove learning design
(Mangaroska & Giannakos, 2019), to monit
2019), to identify learner profiles based on their engagement patterns (Moubayed, et

al., 2020; Yen, & Lee, 2011), and to achieve datarmed deci®ns in educational
settings (Chattd.i et al ., 2014) . I n this
specificELP can be analyzed using learning analytics techniques to explore how
young students use and interact with this platform and to ideetiynér profiles

based on interaction patterns.

Learning is a complex process occurring across space, time, and media (Chatti et al.,
2014). One of its distinct characteristics is that it occurs over time and is highly
affected by when and how frequentlydaregularly learners study. The trace data

emerging from student interactions wilLPs are stored with timestamps, which

all ows the analysis of |l earning in the tc¢
learning activities has been an important tapidearning analyticsHel, 2018).

However, it has not been studied sufficiently on its own (Rotelli, 2022).

Teachers and institutions may choose to integrate OLP into their traditional
instructions at different times (school hours or after school) wimaip somehow
determine which hours during a day students access and use OLPs. The hour when
students interact with these platforms may result in different engagement
characteristics. For exampléeacherguided use during class time may affect
students' ermgement differently than when students use them at home alone or with
parentsLAs can be harnessed to identify student profiles based on the time they use
these platforms and their consequent engagement characteristics. However, Du et al.
(2021) exploredhat most of the LA research has been conducted at higher education
levels, and there is a lack of LA research on thE?Kevel because of privacy issues
(Gunawardena, 2017) and data security (Dellinger, 2019). Despite the concerns
mentioned above, Bienkski et al. (2012) notehat K-12 schools should embrace

LA to improve teaching, set policies, and measure outcomes.



When engagement is defined as involvement in learning tasks and environments, it

is named as behavioral engagement by Freddtks. (2004). Student engagement

can help examine students' learning activities and give an idea regarding the effect

of interventions (Baker et al., 2012), and evaluate the quality of teaching and learning

(Maetal, 2015). Dat a ¢ aterhotionwith OfPs ecambesisediad e nt s 6
indicators of students' efforts which could also be considered as indicators of
studentsd6 engagement (Baker et al ., 2012) .
engagement within the emerging profiles could be usedalo@e the quality of the

instruction for each cluster. In addition, this comparison could be used to measure

the studentsd behavior in terms of the diff

faceto-face instruction.

1.1  Purpose of the Study

Although OLPs a& used to support instruction in thelR context, consideration
must be given to how these platforms can be integrated to meet the needs of students
by utilizing LA. However, LA harnesses various methods to discover the patterns
students follow as they t@ract with OLPs that provide more authentic data than
traditional survey methods. Some usage statistics are provided by online learning
tools, such as time spent online and the total number of visits (Chatti et al., 2014).
This research focuses on the g¢istudents spend online, particularly during or after
school, and the duration of time students engage in the OLRyathered dat&s

used to uncover the temporal profile of grae® gtudents among various schools in
Turkey. Thus, the findings are expedto assistteachers and institutions design,
implement, and review courses (Lockydral, 2013) based on emerging student

profiles.

1.2 Research Questions

This study addresses the following reseaygbstions.



T What profiles emer gestudydhguesdn the mnlinet ud e n't

learning platform?

1 How do these profiles differ from each other in terms of their engagement in
the online learning platform?

1.3 Significance of the Study

LA researchers mainly employ clustering as a traditional analytic methaghierh

education, and there needs to be more research in-i2eckintext (Papamitsiou &
Economides, 2014; Du et al., 2021). While researchers iredooational fields,

such ascomputer sciengeonly find patterns or report analytic results (Du et al.,

2021), researchers in the fietd educationcould suggest interventions that can

i mprove the process of teadranaret@l. (20a7g | ear r
pointed out that optimizinthe learning environment by using tracking data from the

learning tools is the minority of the LA studies. Furthermore, LA studies have mainly
focused on single school subjects, such as matheflahh 2016) or scienc
2021). In order to fill thee gapall the analyss andevaluations made in this study

are carried out by researchers in the field of education by using data from more than

one school subject. It is aimed (i) to profile young learners based ontingattudy

by following temporablata from an OLP in the context of R, and (ii) to compare

the behavioral engagement of these emerging student clusters by using LA. Thus, it

aims to provide suggestions to teachers and institutions on how these platforms could

be integrated into thedening and teaching process at th@ Xlevel to promote the

quality of instruction.

1.4  Limitations of the Study

This research study has several limitations as listed below.

1 The research data were gathered fronotieemonth online activity logs.



Thestudents were chosen by convenience sampling fromf'tHa"46", 7,

and 8" grades.

Data for profiling student clusters were obtained, particularly in the average
number of logs for the lesson and exercise parts of tHé dbdking school

days.

Demographic information about the students was not available in the data.
Data for profiling was further anonymized in order to protect the privacy of
the students as well as prevent any student from being identified or
identifiable.

As for the students' performances, the scores of the exams in each module on
the platforms on the first attempt were accepted. Besides, we assume that
students answer the test on their own.

It is assumed that the students and the teachers used the Olsitext de



CHAPTER 2

LITERATURE REVIEW

In this sectionponline learning platforms, learning analytics (LA) and thwarent

statusof LA will be explained.Objectives of LA, andapplication of LA will be

discussed. In addition, methods of LAnd challenges of LAvill be mentioned.
Furthermore, the related research about the study and practicel2nvill be

covered. Finallyclustering and profiling learnemwill be explained, aneéngagement
will be defined with its indicatorand interpretationf them inLA studies

2.1  Online Learning Platforms

There has yet to be a consensus on the name of such systems. It is defined by different
names in the literature, duas a welbased tutoring platform (Pardos et al., 2014),

an educational software system, an online tutoring system (Crossley et al., 2020), the
educational p&oYrétl adl ésr e(nkK é r2e0klk9a)y,a onl i ne edu
et al, 2019), wekbased sytems (Nacu et al., 2016). In this study, we prefer to use
e-learning platforms or online learning platforms hereafter for systems because
learning is basically a broad definition of activities students do to learn. Tutoring is

often domairspecific and linted to the context of a course (Chatti et al., 2014).

One approach to enhance student learning-it2 Kealms has been usi@j_P that
provide animations and viddmased explanations of the subjects along with
opportunities for further practice and assemstnSchools and teachers vary in the
way they integrate OLPs into their instructions. According to Chatti et al. (2014),
OLPs are often used to enhance traditionalfadace instruction methods in formal
learning settings. However, Johnson et al. (2@Hed that OLPs not only support

traditional faceto-face teaching content but also enable learning to take place outside



of school time. Furthermore, OLPs are also used as supplementary tools to promote
independent learning (Cakrawati, 2017). The walysntegrating such learning

plattormsinkl 2 and their I mpacts on studentsOo behe
need to be investigated to understand the learning process.

In this study, one of the popul&lLPs was used as a supplementary tool for
traditional faceto-face instruction. It consists of school subjects, each school subject
is divided into units, and each unit is made of modules. A module includes (i) lessons
including short video animations that introduce and explain relevant cousptan

(ii) exercises including multiptehoice questions (MCQs) that follow and cover the
concepts discussed in the video; and (iii) exams/tests with medtipliee questions
(MCQs) to access the students learning as summative assessments, and (iv) games
Moreover, while working on these activities, the system records, and stores all the
student's interactions with the system. The timestamped data includes many activities
such as entering/exiting the system, viewing a learning material, playing a game,
doing an exercise, and navigating different pages. In addition to timestamps, test
scores, and tesaking frequencies are also recorded in the system. Therefore, data
on how students study and learn can be recorded at a very detailed level to explain

the canplexity of the learning process (Siemens, 2013).

A number of studies investigating the effectEifPs on academic achievement
(Karatak, 2021) and st uetlag 2019)weredondueteic her = at t
in Turkish K-12 settings, but these studidgl not take advantage dfA to

understand how students use and learn through OLPs. These studies depended on
surveybased methodologies rather than benefiting from log data provided By

which provide more authentic indicators of student engagement.

2.2  Learning Analytics

Currently, it is possible to create more engaging, efficient, and suocgessed

learning environments by utilizing advanced technology in educational settings



(Powell et al., 2015). Technological advances led to new instructionaleahgwoin
learning environments, especially ugiihe nternet as a delivery method. As the use

of OLPs becomes widespread, it becomes challenging to observe the students’
behaviors in dearning environments to make decisions about the instructional
proces (Romero & Ventura, 2007). Howevéneseplatforms enable to track most

of the activities students do during the learning process and can record and produce
large amounts of data related to learning. In this regard, providing data alone is
insufficient b support teachers in enhancing instruction (vaeuwen et al., 2022)

As Ostrowet al.(2017) highlighted that big data can be manipulated or combined to

consider different perspectives, and finally, arrive at different conclusions.

Analyzing and intergting big data exceeds organizations' ability in terms of
instruction (Siemens & Long, 2011). Hence, Siemens (2013) declaredAthaas

a separate educational research field that enables deriving meaningful insights from
big data to improve teaching and learning (Sclateal, 2016). In other word4,A

has emerged with increasing opportunities to collect and leverage data regarding
learning and learning settings called trace or log data (Gasevic et al., 2017).
Moreover, thee has been a growing interest in LA in technoleghanced learning
(TEL) (Chatti et al.,, 2014) as LA emerged from technoleghanced learning
(Ferguson, 2012).

LA interpret the big data to understand how learning unfolds, assess the academic
processesand predict future performance (Johnson et al., 2011). The broader
adoption of educational technologies in primary and secondary education has
resulted in growing awareness of the potentidlAfto support student learning and
understand their learning qaress and engagementherefore, LA must be
leveraged in ways that both recognize and draw on exisiidg Kducation research
(Monroy et al., 2014) because Phillips & Ozogul (2020) highlight th#t is
currently not often studied at the R level, partularly comparing to the higher

education (Lowest al, 2015).



2.2.1 Objectivesof LA

The goal of LA, according to the Society of Learning Analytits,understanding

and optimizing learning and the environments in which it oco&s Clow (2013a)

puts it: iLearning analytics is first and foremost concerned with leadr(ing687).

The purpose of learning analytics is to enable teachers and schools to tailor
instruction to student's needs and skill levels so that it could improve instruction
(Johnson et al.,®.1); howeverLA in higher education has primarily focused on
identifying atrisk students who can then gain attention to prevent failure in a

particular subject (Johnson et al., 2011).
According toChatti et al. (2014), LA might cover thesbjectives below,

1 Monitoring and Analysis aim to collect student interaction data within
learning environments and generate reports to support deoisikimg by
teachers and by the educational institution.

1 Prediction and Intervention refers to predicting learndrsfuture
performance based on thecurrent activities and performance so that
teachers can provide proactive intervention to students who may need
additional assistance.

1 Tutoring and Mentoring have different meanings in educational settings.
Tutoring is mainly focused on helping studemigh their learning. In
contrast, Mentoring is mainly concerned with guiding learners to achieve
their goals.

1 Assessment and Feedbackim to apply the (self assessment to examine
the efficiency and effectiveness of the learning process so that boémtstud
and teachers get intelligent feedback related to the learning process.

1 Adaptation, Personalization, and Recommendationrefer to guiding
learners on what to do next by adaptively organizing learning resources and
instructional activities recommendedsied on the needs of the individual

learner.

10



A recent literature review (Phillips & Ozogul, 2020) has also revealed that LA
studies focus on predicting student success or failure, providing information about

instructional design, and applying LA systemgezsively.

2.2.2 Applications of LA

The most common LA applications in the literature are identifyingsktstudents
(Johnson et al., 2011), tracking and predicting leadpendormance within online
settings (Avella et al., 2016), designing systems andappes to measure student
performance and teacher development better (Johnson et al., 2011), detecting and
analyzing the patterns of studemgtivities (Johnson et al., 2018nd spotting

potential problematic issues during the instruction (Johnson et al., 2011).

2.2.3 Methods of LA

The core emphasis of LA is transforming massive instructional data into useful

actions to promote learning (Chatti et al., 2014).is a kind of datalriven approach
because LA focuses on data regarding | ec
other students, and instructors (Avella et al., 2016). Although LA uses various
methods to improve learning and support performance (Chatti et al., 2014), Avella

et al. (2019 statethat the most common LA methods include social network

analysis, visual data analysis techniques, prediction, semantics, clustering, discovery

with models, and relationship mining.

Social network analysigefers to the analysis of relatiships between learners, and

between learners and instructors (Avella et al., 2016).

Visual data analysis techniquesre used to uncover patterns and trends in large,

complex data (Avella et al., 2016).

Prediction refers to developing a model that makdsriences using both a predicted

variable and predictor variables (Avella et al., 2016addition, accordingo Baker
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(2010, decisiortrees, logistic regression, and support vector machine regression are

three categories of classification methods.

Clustering aims to detect data points that naturally group together by dividing the

entire data set into a series of clusters (Baker, 2010),

Discovery with modelsrefers to designing a model using predication, or clustering
methods (Avella et al., 2016).

Relationship mining discovers the relationships between variables in a dataset
containing many variables (Baker, 2010).

2.2.4 Challenges of LA

LA alsofaces some challenges including,

1 The data can be gathered from different sources and formats (Johnson et al.,
2011).
Ethical (Ferguson, 2012) and privacy issues (Avella et al., 2016).
The reduction of students to numbers and information (Johnson et al., 2011).
Lack of connection to learning sciences (Ferguson, 2012; Avella et al., 2016;
Joksi movi i, DaWsow, 208%.vi | &

2.3 Learning analytics studiesin K-12 level

LA studies generally focus on monitoring/analysis of the factors of academic
performance (Kew & Tasir, 2021). With this regard, Liu & Cavanaugh (2012)

investigated the factors influencing student academic performance in online high

school algebra and indieat that the time spent in OLP and teachers' feedback are
indicators of academic performance. Nal - a (
science exam scores of secondary school students supported by online practices, and

it was found that the most imgant variables related to the exam performance of

the students were the number of tests completed and the number of questions
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answered. Furthermore, Lét al.(2016) integrateeén OLPinto traditional faceo-

face instruction in 7tgrade mathematics ca@s. The study indicated that this
integration improved course achievement and positively affected attitudes toward
studying mathematics.

LA can provide teachers and institutions with information on the effectiveness of
technologyenriched instruction. Mawoy et al.(2014) searched to develop a strategy
for incorporatind-A into designing and evaluating & K2 science curriculum. They
concluded that LA data was insufficient to understand what teachers did in their
classrooms with the curriculum. They recoemded using data visualization tools

to translate the data into information. Moreover, access to technology and lack of
time to integrate technology into regular instruction were common challenges. Van
Leeuwen et al. (2021) examined how teacher charaateriglate to how teachers

use dashboards, a specific applicatiobAf and revealed that teacher characteristics

were not associated with dashboard use.

In conclusion, although some issues like the ethics and privacy of LA witiia K
are mentioned, these of digital learning platforms and benefits from LA are
currently very common (Aguerrebere et al., 2022). In this context, as Beerwinkle
(2021) notedI A can help prevent further harm to students using the online academic
setting. Moreover, LA can befiestudents who need to be more successful within

new digital environments.

There are several areas that need further consideration in LA studies. First, although
LA approaches in primary and secondary school settings provide the possibility of
making da&-driven decisions to improve student learning (Kovanetial, 2021),

more studies need to be carried out. Second, existing studies have mostly been done
for a certain school subject, such as science or mathematics (Hillmayr et al., 2020).
Third, previaus studies have utilized selported data such as traditional survey or
guestionnaire data collection methods. For ¢he=sasons, this study adopts a LA
approach to gain greater insight from a large amount of data automatically

accumulated by an OLP. Rhermore, although OLPs are prevalently used to
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support traditional instruction within-K2, there has yet to be a study in the scope

of LA on how to integrate these systems into fimetace education.

2.4  Clustering and Profiling Learners

One of thantegral uses of LA is to identify student learning behavior, which can be

used to create interventions that promote student learning (Kew & Tasir, 2021). In

the literature, diverse data obtained from the online learning platform are used to

uncover studes’ learning activity patterns based on various purposes. For example,

based on activity sequences in an OLP, Borowebiillenbourg (2019) conducted

a study to understand students' study patterns. Rettall(2022) studied to discover

student tempotdearning behavior patterns by using whether and when students
usually work in an online | earning environ
interaction with video lectures (play, pause, download, seek, change speed),
assignments (submit), and discussforums (read, write, vote a message). Sher,

Hatala & Gagevi l (2020) attempted to ident
online work habits based on log records including session number, start time, and

end time. Tangt al.(2019) investigated to dek longitudinal participation patterns

of learners in an OLP according to activities related to steps of process while

producing a common video such as adding a new video file, chatting via private
messages, deleting a file, and updating a profile. Shli €2020) studied to profile

the studentsd engagement patterns based on
comments. Bouchet al.(2013) profiled learners to foster sedfgulated learning by

using OLP interaction data, including visiting numk@ne spent on the page, and

time spent for taking notes. Antonendaal.(2012) utilized cluster analysis to profile

students in terms of problesolving strategies by using time allocation for writing

tasks, visiting relevant resources, and visitingl@vant resources. Pereira et al.

(2020) conducted research to profile students' behavior in introductory programming

according to domatspecific variables such as keystrokes.
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2.5 Engagement

Engagement is essential to learning (Bergdahl et al., 2020;e#¢rai, 2015), and

it contributes to students' learning processes and performance (Fresiriaks

2016). It can also be an indicator of students' attitudes toward learning activities
(Fredrickset al 2016). Fredrick®t al. (2004) defined three kindsf engagement:
behavioral, cognitive, and emotional engagement. Behavioral engagement refers to
effort or involvement in learning activities, such as tiometasks and attendance.
Emotional engagement is associated with feelings such as a sense ofrigelongi
Cognitive engagement is related to the learning process's psychological side, such as
using learning strategies (Fredricks et al., 2004). However, Appé&ttah (2008)
discovered that cognitive engagement is considered less observable and has more
internal indicators. On the other hand, behavioral engagement includes explicit and
observable student's specific behaviors in the learning process. Therefore, this study

focusesonthestudend behavi or al engagement in an |

Technologyenhanced learningools are increasingly integrated into traditional
education, so understanding how students interact with such technologies has
become vital (Nkomo & Nat, 2021) to build effective online learning (Dixson, 2010).
Engagement could be a valuable factor foopohg learning technology (Cruz

Benito et al., 2015) or an indicator of the quality of a course, learning activity, or
teaching tool (Hu & Li, 2017). Even though sedports such as surveys are mostly

used to measure student engagement in the lite(&nadricks et al., 2016), big data
captured by OLP can be used to measure student engagement (Sagqr et al.,2017). The
challenge arises about how to measure student engagement based on their behaviors
in OLP. Active participation in the learning process &g spent on a task have a
positive correlation with effective learning and positive outcome (Berato et al.,

2015) That is why, Wang2017) asserts that behavior engagement takes into
account the counts and times that the learners spend on each adlivity.
Therefore, the log data based on students' online activities can be used (Baker et al.,

2012; Ma et al., 2015) to measure engagement.
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In short,OLPsprovide vast amounts of information related to the learning processes,

which can be exploiteby <c¢cl ustering algorithms to pro:
behavior. However, the studies mentioned above mostly focus on lifelong learning

(e.g., MOOC:Ss), higher education, or a specific grade level12KTo the best of

our knowledge, no previous researgaminedgrade8 st udent sé6 daily stu
in an online learning platform to identify their engagement profiles. Accordingly,

this thesis research investigates the study habits of gr@detutents in terms of

their interaction time with an online leang environment to identify students’

engagement profiles based on their study patterns, thus filling a critical gap in the

literature.

16



CHAPTER 3

METHOD

This isan exploratory quantitative researehich involves the cluster analysis of
students6é activity |l ogs to identify st uct
description othe dataand participantse-learning platform, and the data analysis are

described.

3.1 Description of the Data andthe Participants

The research data were composed obtiemonth (2021 September) online activity

logs from theELP pertaining to 1,207 students from #eto 8"grades from 1054
different schools in Turkey. The data set was categorized undegrtmyps, each of

which corresponds to a specific component of the platform: lessons (around 11,000
logs from around 950 students), practices (around 6,600 logs from around 800
students), exams (around 5,100 logs from around 638 students), and games (around

2,100 logs from around 300 students).

Although theELP used in the study is comprised fofur major components as
mentioned above, this research particularly aims to profile students based on the day
and time of their engagement with lessons and praaticeshooldays, assuming

that the primary learning and teaching occur due to students interaction with lesson
and exercise components present in the learning platform. The process entailed
several filtering steps on the data. First, logs pertaining tacteties performed

on weekends were excluded to keep only the data from school days (i.e., Monday to
Friday). Second, some filtering was performed based on the hour of the engagement
with the platform. Specifically, from 9 am to 3 pm was determined szheol time
(in-school time), and from 5 pm to 12 am was considered to besaftenl time

(out-of- school time). Any logs pertaining to other hours were discarded. These hours
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were decided according to regular school hours in Turkey, which is typicadty

around 89 am to around-& pm.

After the filtering process, the resulting data set contained 906 individual students
from 819 schools with different distributions to the grades, as shown in Table 3.1.
However, demographic information about the stésleras not available in the data.
The resulting data is also further anonymized in order to prevent any student from
being identified or being identifiable.

Table3.1 Distribution of theStudents in th&inal Data Set Across Grades

Grades 4 5 6 7 8
Student count 309 208 150 102 137

As shown in Table 3.1, out of 809 participar®@9 arefrom grade 4, 20&re from
grade 5, 150 are fromrade 6, 102are from grade ,Awhile 137 of them are from
grade 8.

3.2  The E-Learning Platform

The elearning platform is a@LP prepared to support primary and secondary school
students and teachers. This platform teaches various school subjects with rich content
in |ine with the Republadna EdachtionT(MEBK i y e

curriculum, as shown in Figure 3.1.
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Figure3.1. Student interface dhe elearning platform

Besides lessons about school subjects, this platform provides practices, exams,
educational games, and student activity reports for each one. The platform organizes
online education content according to grade level and contains all school subjects
except those that are skilhsed, such as art and physical education. Each school
subject is divided into units, and each unit is made of modules. The number of
modules varies based on the content of the unit. Every module, as shown in Figure
3.2, includes (i) lessons that are made of short videos or animations that introduce
and explain ravant course concepts, (ii) activities including solved problems, and
printable worksheets that follow and cover the concepts discussed in the lesson, and
(i) tests include multiplechoice questionsMCQs) that serve as summative
assessments. Althoughetie is little nuance according to the subject, each module

follows the same instruction pattern.
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Figure3.2. A module ofmath

3.2.1 Lessons

In each module, the lesson is the first step of the instruction. It is divided into some
parts as videos and animations, and each one presents the distinct course objectives.
During an animatio#based lesson, key information appears on the screen as a note
Students can control the lessons by pausing, forwarding, and backwarding as they
need. In addition, each lesson does not take more than 1.50 minutes, as shown in
Figure 3.3. The format of the lesson can change according to the subject. For
example, lessts can be like fac®-face classroom instruction fonathor can be
interactive animation to encourage active student participation in science with

examples from daily life.
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Moreover, while taking the lessons, the system records and stores all the student's
interactions with the system, as shown in Figure 3.4. The interaction information
contains the entrance and exit time, completeness of the lesson, time spent for the
lesson, and number of taking the lesson. Therefore, thanks to this information,

students have some statistical information related to the lesson.

B= Esitim Materyali Bilgileri

[S)ersf Adi : :eg B"f'm'e" Giris Zamani - 4.03.2023 18:54:13
2 . = RN Cikis Zamani : 4.03.2023 19:06:44

Materyal Tara: Konu Anlatimlarn Katihm - 100%

Materyal Adi ©  Maddelerin Katlesi ve Hacmi il

Aciklama 3 Maddelerin Kutlesi ve Hacmi

Mo deterin KOTies! ve KOfienin Ok Olre s Toplam Giris Sayisi A1

Toplam Gegcirilen Zaman :12 dk

Katilim : %100

“Tum girislerdeki en yuksek katlim oranidir.

=X DX

Gozat” butonu ile giris yaptiginizda performans ve katiim
oranlarninizda herhangi bir degisiklik olmaz.

Figure3.4. The screenshot of interactiorformation in the lsson
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3.2.2 Exercises

The ELP provides exercises to reinforce the information learned through lessons.
Through the exercises section, students obtain the opportunity to solve questions,
which can have the following types: matching and fillthg blanks, true/false. In
addition, depending on the content of the lessons, experiments and documentaries
were added as a part of exercise activities (Figure 3.5). In other words, this section
can be defined as the formative assessment part. As shéigune 3.6, interaction
information, including entrance and exit time, completeness of the exercise, time

spent for exercise, and the numbéexercisegakenare stored in the system.
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Figure3.5. The screenshot activities section
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3.2.3 Exams

At the ELP, there are two kinds of tests students tede, one is the module review

test (Figure 3.7) which has ten questions and can be taken at the end of each module.
The other one is the unit review test (Figure 3.8) which covers the whole unit with

20 questions and can be taken at the end of eachBaiit.tests include multiple

choice questions (MCQs) that serve as summative assessments. Students can take

tests more than once, and the system saves the best score as the test score.
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Figure3.8. The screenshot of interaction information for a unit review test

As shown in Figure 3.7 and Figure 3.8, interaction data regarding tests are entrance

and exit time, score, and the number of taken tests are saved in the system.

In conclusion, all data emerge from the students' interactions with these interfaces;
this iswhy understanding these interfaces and possible interactions with them will

help understand and interpret the emerging data.
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3.3 DataAnalysis

3.3.1 Cluster Analysis

Cluster analysis was performed to answer the first research question (what profiles
emerge baseo n studentsd6 daily study hours in
Cluster analysis, as a popular LA technique, helps uncover interesting patterns
hidden in educational datasets (Chatti et al., 2014). User modeling as clusters is
interested in understandjmow users interact with the systems (Siemens, 2013) and
splitting them based on their similarities so researchers can design better systems.
Cluster analysis can help researchers develop profiles based on learner activities in
online learning environmest(Antonenkoet al, 2012). A variety of clustering

variables have been used in the literature, including active time online, the total
number of visits, number of visits per page, distribution of visits over time, frequency

of student's postings/replieand percentage of material read, and so on. (Chatti et

al., 2014). ParticularlyK-Means clustering is one of the most widely used clustering
methods in LA (Ning & Downing, 2015; Shi et al., 2020%n€ans is a nen

hierarchical (a partitioning) clusterimyethod (Ma & Chow, 2004) that divides data
intokspeci fic clusters based on obsetrvati or
al.,2004).

Determining the optimal number of clusters is critical for the accuracy of the
clustering pr odne20%7). The Silhauette ¥Metb&is aSrabhst
approach to findhe number of clusters that are well separated from each other
(Rousseeuw, 1987). Therefore, in this study, Silhouette Method was used to decide

on the number of clusters.

As the first research question involves profiling students based on the timér of the
engagement with lessons and practices on school days, the following variables were
derived for clustering: 1) number of interactions with lessons in the school, 2)

number of interactions with lessons outside the school, 3) number of interactions

25



with practices in the school, and 4) number of interactions with practices outside the
school. These variables were first standardized and then used K-Neans

clustering analysis to identify distinct student profiles. The interactions with lessons
and practes were focused in clustering since they are the primary learning and

teaching components present in the learning platform.

Preprocessing of the data was perfor med

The K-Means implementation of scikgarn pytlon library (Pedregosa et al., 2011)

was used to perform the cluster analysis.

3.3.2 Statistical Comparison of the Clusters

The second research question in this thesis study involved the comparison of the
emerging student profiles in terms of their engagemenhtdiiterent components of

the learning platform. To this aim, a variety of indicators were computed from the
dataset and used as the evaluative variables (Peteal 2020) to identify the

di fferences among student sdileseAsgrasgntedhe n t
in Table 3.2, in total 18 evaluative variables were computed to be used as indicators

of student engagement with lessons, exercises, exams, and games.
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Table3.2 EvaluativeVariables to Make Comparisons of the Engagement Levels
betweerthe Profiles

# Variable name Description Type
Login events

1 Average session duration Average session duration in minutes mean
2 Uniquesession count Number of sessions per student count

Lesson events

3 Average time on lessons  Average time in minutes speom lessond®y each mean
student
4 Average lesson The percentage of the lessons viewed by each stu count
participation onaverage

5 Number of lessons viewed Number of unique lessons viewed by each studen count
6  Number of subject areas  Average number of unique subject areas for whick mean

studied lesson was viewed
Exerciseevents
7  Number of lessons Number of lessons for which an exercise was count
exercised attempted
8 Number of subject areas  Number of subject areas for which an exercise wa count
exercised attempted
9  Number of exercises Number of exercises interacted by a student count
intended
10 Average exercise The percentage of the exercises completed by ear mean
participation student on average
11 Average time on exercises Average time in minutes spent on exercises by ea mean
student
Exam evens
12 Number of subject areas  Number of subject areas for which an exam was count
tested attempted
13 Average time on exams Average time in minutes spent on exams by each mean
student
14 Average exam score The mean score of all exams taken by a student mean
15 Number of examgtaken Number of unique exams taken by a student count
Gameevents
16 Average time on games  Average time in minutes spent on games by each mean
student
17 Number of game Number of games played by a student count

interactions
18 Number of gameessions  Number of sessions that involved the play of any count
games
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As shown in Tabl&.2 evaluativevariables are divided into six categories based on
the components of the platforis can be seen in thieable3.2, each category has

a number of evaluative variables with descriptions and corresponding data type.

Prior to the comparison of the profiles terms of the evaluative variables, a

normality test was performed for each cluster regarding all variables (D'Agostino,

1971). In the case of normal distribution, ANOVA was used to identify significant

differences in engagement levels. For the-normaldata, Kruskal Wallis Test, as

a nonparametric test, was chosen for the same analysis. The Khvsiig is a

nortparametric statistical test that compares more than two independently sampled

groups on a single, namormally distributed continuous variab(McKnight &

Naj ab, 2010; Ostertagova, Ostertag & Kov§gl|,
performed using the Scipy library in Python (Virtanen et al., 2020).
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CHAPTER 4

RESULTS

This study is aimed at ploring primary school (grad® and middle school (grade
5-8) students' study behavior through cluster analysis. In particular, distinct student
profiles were identified based on the date time of their interactions widlLtReand

compared in terms of evaluative variables.
Emerging Student Profiles

Thefirst research question concerns the identification of the student profiles based
on the date time of their engagement, which involved the clustering of students based
on four variablesThese variables refer to the total number of lesmad exercise
activities performed during the-school time and out of school time. Descriptive

statistics about these variables are shared in Table 4.1.

Table4.1 DescriptiveStatisticsof the Clustering Variables

Variables M SD Max

Lesson_inSchool 2.62 6.52 94.00
Lesson_outSchool 5.53 6.89 68.00
Exercise_inSchool 152 477 92.00
Exercise_outSchoc 331 514 61.00

Before theK-Mean cluster analysis, the optimal number of clusters needs to be
identified. Silhouette is a popular technique to determine the number of clusters
(Shahapure & Nicholas, 2020; Shi et al., 2021). According to the Silhouette scores,

3 was found to be an ideaumber to create dense yet isolated clusters. Tharéeg
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clusters (each representing a student profile) were identified as shown in Table 4.2

and Figure 4.1.

Table4.2 StudentProfiles

Lesson_in
School
Cluster #0: 1.25
Low engagers
Cluster #1: 2.63
After-school active learners
Cluster #2 21.96

In-school active learners

Lesson_out Exercise_in

School School
3.65 0.61
17.71 1.93
419 13.40

Exercise_out
School
1.89

12.59

212

Within the scope of the first research question, Figuréndlicates profile emerges

based on the dateme data which the OLP captures.
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To answer research question 1, cluster analysis was conducted to discover learner
profiles based on datene data. The cluster analyses led to the followimge
clusters as shown in Table 4.2: low engagers (n=735, 81%);safteol active
learners (n=19, 13%), and school active learners (n=55, 6%). As its profile name
suggests, the low engagers were not very active during regular school hours or after
school hours. This profile was the most prevalent among the students. The other
profile was afterschool active learners. This group uses the system actively, mostly
out of school hours; however, this group is active in the system even a little during
school hours. The aftexchool active learners have the second biggest population.
Finally, the inschml active learners were active during regular school hours, and

this profile was not prevalent among students compared to the other profiles.

RQ2: How do these profiles (clusters) differ from each other in terms of various

evaluativevariable®

To answer research question 2, the assumption of normality was evaluated through
the scipy.stats.normalteshat combines skew and kurtosis values to test nagmal
based on D'Agostino (1971and D'Agostino and Pearson's (1973) test for each
variable andthe results are nenormal for each evaluative variables. Histogram for

each evaluative variable and all clusters are presented in Figurdsl®.2

Low Engagers Active After-School Active During-School

80

60

Count

40

20

50 100 150 200 40 60 80 100 120 40 60 80 100 120
Time Spent Time Spent Time Spent

Figure4.2. Average session duration
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