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ABSTRACT

WHAT PREDICTS EXAM SCORES IN SCIENCE CLASSES WITH
ONLINE PRACTICE SUPPLEMENT AT SECONDARY EDUCATION: A
LEARNING ANALYTICS STUDY VIA CHAID

Nalca, Ceylan
Master of Science, Computer Education and Instructional Technology
Supervisor: Prof. Dr. Soner Yildirim
Co-Supervisor: Assoc. Prof. Dr. Sacip Toker

February 2021, # 87

In this study, within the scope of Learning Analytics; in a determined Learning
Management System, the performance of the first semester Science exam of 6491
students studying in the 5™, 6™, 7" and 8™ grades among different private schools in
Turkey and the variables that affect the exam performance are predicted. For the
analysis of the study, Chi-square Automatic Interaction Detector (CHAID)
classification technique, which is one of the decision tree methods, offered the best
result among the other classification methods used. According to the results of the
research, it was estimated that the most important variables related to students' exam

performance were the completed tests numbers and question numbers.

Keywords: Learning Analytics, Data Mining, Decision Tree, CHAID



0z

CEVRIMICi PRATIKLERLE DESTEKLENEN ORTAOKUL
OGRENCILERININ FEN BIiLiMLERI SINAV SONUCLARINI
ETKILEYEN FAKTORLERIN INCELENMESIi: CHAID YONTEMI iLE
OGRENME ANALITiGi CALISMASI

Nalca, Ceylan
Yiiksek Lisans, Bilgisayar ve Ogretim Teknolojileri Egitimi
Tez Yoneticisi: Prof. Dr. Soner Yildirim

Ortak Tez Yoneticisi: Assoc. Prof. Dr. Sacip Toker

Subat 2021, # 87

Bu calismada Ogrenme Analitigi kapsaminda; belirlenen bir Ogrenme Yonetim
Sistemi’nde Tiirkiye'nin farkli okullarinda; 5., 6., 7. ve 8. sinif seviyelerinde 6grenim
goren 6491 6grencinin her donem sonu yapilan 6zel bir smavinin birinci yaryil
performanslar1 ve simav performansini etkileyen degiskenler tahmin edilmektedir.
Calismanin analizi i¢in karar agac1 yontemlerinden biri olan Chi-square Automatic
Interaction Detector (CHAID) smiflandirma teknigi, denenen diger siniflandirma
yontemleri arasinda en iyi sonucu sunmaktadir. Bu sebeple CHAID karar agaci
yontemi bu arastirmada kullanilmistir. Arastirma sonuclarina gére Ogrencilerin
sinav performanslariyla ilgili en 6nemli degiskenlerin tamamlanan test sayis1 ve soru

sayist oldugu tahmin edilmistir.

Anahtar Kelimeler: Ogrenme Analitigi, Veri Madenciligi, Karar Agaclari, CHAID
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CHAPTER 1

INTRODUCTION

Today, information and communication technologies have become the most
important sources of information and data oceans have emerged with the
development of computerized data collection technologies which are collecting
massive data about each person's digital action. There are many different fields
which take advantage of using these massive data sets such as in medicine,
education, science and engineering etc. These commercial sectors are collecting and
analyzing large-scale datasets to understand their market and improve every part of
goods for customers (Eynon, 2013). However, that kind of data set cannot be
collected without a large-scale technology. This problem enabled the emergence of
a technology, that is, Big Data, which enables the accumulation of a large amount of

data in a more structured way.

Big Data which is too large for standard database software to operate provides to
keep massive data sets easily (Eynon, 2013). That is, BD is a repository that separates
the data up to very specific translation levels and stores them longitudinally
(Picciano, 2012). It is high volume, fast and diverse information assets for decision
making and process automation advanced with low cost and innovative forms of

information processing.

On the other hand, using huge datasets in different fields brings some issues which
should be considered. These issues are taking into account ethical issues (privacy
and protection of data), analyzing data logically according to needs and to guide
related fields about inequalities detected via the light of Big Data processing.
(Eynon, 2013). Although there are some ethical issues that should be considered, the

more important issue is how these data contribute best to researchers, practitioners



and other stakeholders who are working in the field. In order to understand this,
these large data sets should first be dug and processed via the Data Mining (DM)
method. DM is a way of processing data and analyzing it in detail. In fact, the
definition of DM is the process and analysis of huge data sets to find out valuable
relationships which create considerable impact for the owner of the data to use in the
field (Hand, 1998). DM has been used in banking and financial services,
supermarkets in sales strategies, health care which is also one of the first significant
fields of applying and developing DM methods and telecommunication companies
(Kaya Keles, 2017).

In addition to those applied fields, DM has started to occupy an important place in
education because of an increase in e-learning resources and use of technological
devices during the lessons (Koedinger et al., 2008). That is, due to the developments
in information and communication technologies, it is possible to process very
different and large amounts of data produced by learners during their activities in
online learning environments (Garcia & Secades, 2013). All these data sets emerged
with the intention of analyzing and exploring how students learn so that quality of
managerial decisions would be improved (Romero & Ventura, 2013). Educational
Data Mining (EDM) is a type of DM concentrating on specifically educational
environments, such as schools, colleges, universities, other academic areas etc.
(Romero & Ventura, 2013). EDM is defined as developing methods to reveal
meaningful structures and latent patterns from the data obtained from educational
environments and using these methods appropriately for the purpose (Siemens &
Baker, 2012).

EDM differentiates from DM methods because of the necessity to report “the multi-
level hierarchy and non-independence in educational data” (Baker & Yacef, 2009,
p.4). It analyzes all huge datasets about learning and education. EDM data sets can
contain learners’ “demographic data, individual data, collaborating data,
administrative data, student affectivity” (Romero & Ventura, 2013, p.12).
Educational data sets have typical characteristics. That is, it can be changed

according to level of learners, the length of recorded data, the type of lesson etc.



(Romero & Ventura, 2013). According to Romero and Ventura, EDM is affected
mainly from the fields of Computer Science, Statistics and Education and their
interceptions emerge the relationship of DM and machine learning, computer-based
learning and learning analytics (2013).

Many educators' concerns are to make sure that the lessons they apply are effectively
implemented, the students learn all the achievements, the interaction during the
lesson is sufficient or the needs of lessons to improve for future. Gasevié et al. (2015)
stated that the data gathered via LMS are rarely used logically to analyze and
intervene, however, all this data is very valuable for analyzing and making inferences
about each student behavior via integrating a learning support and service system. In
different online tools like LMS, many data are gathered, however, the main point is
to be able to process gathered data logically. In this step, Learning Analytics (LA)

plays a major role in analyzing information and making future predictions.

When these concerns arise, the term of LA has emerged. LA is to collect, measure,
analyze and report data on learners and learning contexts to understand and improve
the learning process and learning environment (Ferguson, 2012; Siemens & Gasevic,
2012). In LA, the cycle begins with learners, they provide the collection of data via
different LMS tools; then, in the light of gathered data, which are processed into
metrics, enables to capture the points to be intervened (Clow, 2013). In this case, it
eventually provides to determine steps that need to be taken to improve learners’
learning (Clow, 2013). LA is a significant technique for education because the major

goal of it is to improve learning and teaching practices (Elias, 2011).

In addition, LA has many benefits for those working in the field of education and for
learners. LA results enable educators about how to take steps to improve their
teaching methods (Analytics, 2018; Garcia & Secades, 2013). That is, teachers can
analyze students’ grade progress, content data use and assessment results which help
them to understand at-risk students and to intervene and develop teaching programs
specifically for each of them (Campbell et al., 2007; Garcia & Secades, 2013;

Romero & Ventura, 2010). LA results give opportunity to students to see their



progress in courses and take precautions to improve their performance (Garcia &
Secades, 2013; Long & Siemens, 2014). Moreover, the analysis results give advice
to students to change their habits in a good way (Garcia & Secades, 2013). In
addition, administrators can organize their resources according to feedback of LA
and improve their curricula and educational programs for teachers (Romero &
Ventura, 2010).

Many studies are held with the light of LA. Related studies about LA focuses on
mostly predicting final mark of students via participation on learning based forums
(Anozie & Junker, 2006; Lopez et al., 2012; Cristobal Romero et al., 2013), early
prediction of academic success of students, predicting test scores (Feng et al., 2006),
predicting students’ approach and behaviors in online teaching (Akg¢apinar, 2016;
Bruckman, 2007), predicting students’ academic performance by using LMS tools
in education environments (Chen et al., 2014; Galy et al., 2011; Hu et al., 2014;
Huang et al., 2020; Lu et al., 2018; Oladokun et al., 2008; Schalk et al., 2011;
Villagra-Arnedo et al., 2016; Yoo & Kim, 2014), investigating the relationship
between learning logs and procrastination (Yamada et al., 2017), investigating
students’ motivation in the context of a learning analytics (Lonn et al., 2015),
analyzing logs in virtual learning environments to improve retention of at risk
students (Aguiar et al., 2014; Wolff et al., 2013), applying learning analytics to
improve students’ engagement (Aguiar et al., 2014; Hussain et al., 2018; Lu et al.,
2017). All studies show that LA can be a very effective tool for analyzing and
interpreting educational data for all educational environments if issues to be

considered are taken into account.

However, it has been stated that the intensive exposure of students to activities
without a system can affect their performance negatively (Clark & Mayer, 2016). In
this context, the studies did not provide an output on what differences in performance

will be provided by variables applied at different frequencies.



The aim of this study is to determine whether there is a relationship between middle
school students' platform usage data which are the frequency of logging in, duration
on the system, number of tests completed, number of questions completed, and
number of contents completed and their achievement in the Science final exam. In
addition, analyzing how the frequency of use of these variables in the system by

students affect the exam performance.

During the study, the data gathered from a platform which is a collaboration based
educational sharing platform in teacher-student, teacher-teacher, student-student
interaction. This educational sharing environment enables the effective
implementation of Social Learning, Flipped Learning, Peer Interactive Learning,
Project Based Learning methodologies.

1.1 Purpose of the Study

The E-learning environment has started to gain importance day by day and schools,
teachers and students aim to access content in an easy way using such environments.
Learning Management Systems (LMS) used for e-learning and other learning
tracking systems develop themselves and become not only a content presentation
platform, but also able to capture big data on student behavior and performance.
While there are platforms that enable such large data to be obtained, it is very
valuable for educators to be able to analyze this data correctly. In this context,
learning analytics is of great importance and makes a great contribution to the logical
interpretation of such data. The aim of this study is to try to predict whether there is
a relationship between the results of a Science exam held at the end of the semester

and the system usability of middle school students using a specified LMS system.

1.2 Research Questions

e How are the independent variables of login count, duration spent, login count

with mobile devices, duration spent with mobile devices, answered



questions, completed tests, completed homework and opened contents

related to the LMS usage on the Science exam results?

e How are students classified in terms of the science exam performance
according to the independent variables of login count, duration spent, login
count with mobile devices, duration spent with mobile devices, answered
questions, completed tests, completed homework and opened contents

regarding LMS usage?

e What is the order of importance of independent variables in classifying

students in terms of the Science exam performance?

1.3  Significance of the Study

In this period, where data mining has gained such importance, it is understood that
high accuracy values can be obtained when the data set and variables suitable for the
purpose and quality of the prediction study in the field of education. In this study, it
is aimed to predict middle school students’ science course exam results levels with
the data obtained from a LMS environment and to investigate which variables used
in the prediction are effective. It is thought that the results to be obtained from this
study will give an idea to education fields workers on which of the interaction data
on learning activities in the e-learning environment can be effective in predicting
student performance. With the ideas to be obtained here, it is expected to give
valuable information for teachers’ and administrators about how to intervene in

students' learning to increase students’ performance.
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Limitations of the Study

The contents in the platform used do not match the curriculum in the
education system exactly. Students using this platform can access richer

resources in the LMS system.

It was assumed that the LMS system used in the study was used by students

as desired.
The data about students' course success is limited to the Science course.
The students were chosen by convenience sampling.

The research was limited to 6491 secondary school students using a certain

LMS system in Turkey.






CHAPTER 2

LITERATURE REVIEW

In this section, how Big Data came into life, how these large-scale data started to be
processed and the importance of Data Mining in this context will be discussed. In
addition, analyzing large-scale data in the field of education and their contribution
to related fields will be mentioned. In addition, the difference between Educational
Data Mining and Learning Analytics and the current position of Learning Analytics
will be explained. Finally, the related researches about the study and practice in e-

learning will be touched upon in detail.

2.1 BigData

With the development of technology, the use of technological tools started to
increase rapidly. Increase of tools’ usage has led to accumulation of data in many
fields. That is, information and communication technologies have become the most
important sources of information and massive volume of data has been produced
from many different fields. Data gathering is not a new issue for the world as these
massive data have been gathered since the 1990s (Daniel, 2015). Although the
amount of collected data varies among countries, the results show that over the years,

its acceleration has always been increasing (Manyika et al., 2011).

Big data refers to data that is too big for a normal software infrastructure to collect,
and this size is growing every year. Many companies use big data by processing it.
Although many people are concerned about the confidentiality of their data regarding
the collection of information, the data collected has been shown to make a major
contribution to their fields (Manyika et al., 2011). That is, in a certain manner this

cannot be considered as a new concept. Those involved in the commercial business



areas have been gathering and merging big data sets to refine segmentation of
products to clients and improve their understanding of the market for a long time
(Eynon, 2013).

Big data offers many advantages. Making data accessible to similar work areas
reduces processing time and using it enables different fields to discover new needs
and improve their performance (Kitchin, 2014). In addition, segmentation of society
via analyzing data provides a focus on specific needs for each sample which reduces

risk related to human decision results (Manyika et al., 2011).

On the other hand, using huge datasets in different fields bring some issues which
should be considered which are ethical issues (privacy and protection of data),
analyzing data logically according to needs and to guide related fields about
inequalities detected via light of Big Data processing (Eynon, 2013). Therefore,
while analyzing the data, the policy should be known well in each field and
safeguards should be provided for society’s concerns (Rubinstein, 2013). Moreover,
the infrastructure should be strong enough with workers having sufficient analytical
skills to better analyze the data (Manyika et al., 2011).

Although the size of the big data is very variable, the data needs to be first analyzed
in terms of three features which are Volume (amount of information), Velocity
(Increasing rate of data) and Variety (Diversity of data) (Laney, 2001). In addition
to defining the properties of data, the other critical issue is to apply some stages to
reveal the value it provides which are collection, analysis, and visualization (Daniel,
2015).

It is obvious that big data is a tremendous topic for many areas. However, using these
techniques should allow to reach meaningful research results for these fields rather
than fixing obstacles such as inadequacy in terms of personal or technical source
(Eynon, 2013). In this case, the DM plays an important role. It ensures that the large-

scale data obtained is segmented and analyzed accurately.
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2.2  Data Mining

Today, the desire to access ore-like information hidden in the data has increased the
popularity of Data Mining (DM). DM provides an analysis of the current situation
which eases the decision maker’s job to make inferences for the future. In fact, the
definition of DM is the process and analysis of huge data sets to find out valuable
relationships which create considerable impact for the owner of the data to use in the
field (Hand, 1998). DM is also known as Knowledge Discovery Databases (KDD)
which enable to discover buried information in enormous volumes of data (Garcia &
Secades, 2013). DM has been used in many different fields. Some of the fields are
banking and financial services, telecommunication companies, which mostly apply
DM techniques to analyze customer behavior to promote their services more
effectively, health care and education fields (Kaya Keles, 2017).

The stages that create the information discovery process in the databases typically
involve data cleaning, data integration, data selection, data transformation, pattern
discovery, pattern evaluation, and knowledge presentation (Brezany et al., 2004).
Methods used in DM are categorized in two broad categories which are predictive
methods containing classification, regression, prediction, time series analysis and
descriptive methods containing clustering, summarization, association rules,

sequential discovery (Daniel, 2015; Gorunescu, 2011).

As in many fields, DM has started to be used in education fields also. DM involves
many techniques that allow us to understand the complex relationships in large data
sets. Educational data mining (EDM), on the other hand, not only enables us to make
sense of these relationships, but also brings important findings about learning and
teaching. In this respect, this concept, which diverges from the raw definition of
classical DM as its application to education-related data, has led to the emergence of

an entirely new research area over time.

11



2.3  Educational Data Mining

With the rise of online learning systems like Massive Open Online Courses
(MOOCs) and Learning Management Systems (LMS), a wide range of educational
data which administrators should be in charge of has started to accumulate
(Analytics, 2018). That is, students who are the touchstone of educational practices
at every educational level, provide many kinds of data which are stored in large
databases, such as personal information, grades, content interaction, graduate levels
and courses that it passes and fails. These data stacks, in which meaningful
relationships can be investigated and important information can be obtained, can be
used to identify problems that cause issues in education and to improve the quality
of education. Many educators' concerns are to make sure that the lessons they apply
are effectively implemented, the students learn all the achievements, the interaction
during the lesson is sufficient or the needs of lessons to improve for future. The data
gathered via LMS are rarely used logically to analyze and intervene (Dawson et al.,
2015), however, all this data is very valuable for analyzing and making inferences
about each student behavior via integrating a learning support and service system.
Main objective of DM in education is to improve learning performance and develop
training environments and sources (Romero & Ventura, 2010). EDM is a type of DM
technique which specifically focuses on the gathered from educational environments
and its analysis (Lifidn & Pérez, 2015).

EDM enables students to arrange their needs for sources and classes, distinguish
students who use feedback or advice during the study and identify feedback types

appropriate for each student group (Romero & Ventura, 2013).

EDM uses the techniques of statistics, machine learning and DM to analyze the data
which is collected from educational environments. Romero and Ventura describe the
educational data discovery process with 4 steps: educational environment,
preprocessing, data mining and interpretation of results (2013). Moreover, the data

gathered from educational environments vary in terms of formats, such as video,

12



audio, text, and image enable to be proceeded of data via analytical methods (Daniel,
2015).

2.4  Learning Analytics

The increase of online learning via Learning Management Systems (LMS) and
Course Management Systems (CMS) reflects the increase of big data in education
(Brown, 2011; Ferguson, 2012). Many countries aim to process big data in education
by using tools such as LMS/CMS and to produce intelligent actions in this direction.
However, educational communities often fail to analyze and intervene large-scale
educational data in an effective and correct way (Garcia & Secades, 2013; Inoue,
2009). Moreover, the online learning systems are not good enough to make an
accurate and satisfying deduction with their report results obtained (Elias, 2011).

Recently, increasing interest and anxiety about how data can be used to improve
teaching and learning has emerged the term of Learning Analytics (LA). LA is to
collect, measure, analyze and report data on learners and learning contexts to
understand and improve the learning process and learning environments (Ferguson,
2012; Romero et al., 2013; Siemens & Gasevic, 2012). With LA, even very large
and unstructured data can be examined in detail and meaningful information can be
extracted (Analytics, 2018).

LA cannot be thought of as a completely new field, in fact, it is associated with many
fields, such as Personalized Adaptive Learning, Academic Analytics and mainly
Educational Data Mining (Almosallam & Ouertani, 2014). Main goal of the LA is to
improve learning and teaching practices by getting data results and analyzing them
to predict (Bader-Natal & Lotze, 2011).

13



Clow (2012) describes LA in a four-step cycle. These stages are listed as follows:

e Learners
e Data
e Metrics

e Interventions
LA cycle begins with learners, they provide the collection of data via different LMS
tools; then, in the light of gathered data, which are processed into metrics, enables
the capture of points to be intervened. In this case, it eventually allows determining

steps that need to be taken to improve learners’ learning (Clow, 2013).

There are many advantages of using LA in education for administrators, teachers,
and learners. LA results show what are the precautions to be taken in order to
understand and meet students’ needs by capturing all their actions during the use of
it via any device (Garcia & Secades, 2013). LA provides instant insight into the
analysis and reporting process of feedback, personalized support services, and
adjustment of content which prevent the loss of time between the receiving and
processing of the data (Elias, 2011; Long & Siemens, 2014; Romero & Ventura,
2010). Thus, instead of the current evaluation methods which analyze the end of
semester data to make suggestions for the development of education for the next
semester, LA enables to predict and report the steps that need to be taken as a result

of analyzing current and past data together.

LA comes about to empower educators to choose how to require steps to make strides
on their educational strategies. (Analytics, 2018). That is, according to LA results,
they can analyze the effectiveness of the course structure and develop learning
models. In addition, by analyzing forum posts, course grades, log-in actions in the
management system, it is possible to identify at-risk students who are likely to drop
the course (Campbell et al., 2007; Romero & Ventura, 2010) so that teachers have
the opportunity to intervene in advance. The analysis results help learners about how
to improve their learning habits (Fidalgo-Blanco et al., 2015). In addition, presenting

to the students the reports in the analysis results about the subject they are inadequate
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also serves as a guide for them to improve their performance and to increase their
experience (Long & Siemens, 2014). Administrations in the field of education can
also see how they can guide both teachers and students by following the data
analyzed with LA. In line with these results, targets can be reviewed and achieved

more easily. (Romero & Ventura, 2010).

On the other hand, there are important issues to be considered which are ethical
issues, privacy, time scale, competency on interpreting analyzed data (Ferguson et
al., 2016). Values that form the basis of ethical practice are rarely revealed clearly or
being questioned. However, the values should be considered as universal and applied
in the same format and students' data should be protected in terms of privacy and not
to cause vulnerability (Prinsloo & Slade, 2016). The output of the data used should
be provided to the students and the necessary feedback should be given on time
(Greller & Drachsler, 2012). On the other hand, the analyzed data should be
interpreted by competent people who are able to decide how to use it (Drachsler &
Greller, 2016). Moreover, integrating the experiences gained from the learning
sciences, working with a broader data set, interacting with student perspectives are

other hardships to be underlined (Ferguson, 2012).

2.5  Difference between Learning Analytics and Educational Data Mining

Since 2011, the name LA has also been heard and research conferences are being
held about it beside EDM (Baker & Inventado, 2014). Although, there are
overlapping points between EDM and LA, LA differentiates with its application
methods.

While LA evaluates the system as a whole, EDM is analyzing the data down to small
pieces. Furthermore, EDM conducts automatic adaptation, while LA advises
teachers and students and empowers them. In addition, it is possible in the LA to
make interpretations about the data, while EDM just focused on machine-oriented

changes.
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Table 2.1 The main difference between EDM and LA

EDM LA
More focused on machine result data Including human interpretation of the data
Analyzing data down to small pieces Analyzing entire data

Machine-oriented changes Open to human interpretation

2.6  Related Studies about Learning Analytics

In the literature, the related articles generally focus on some metrics which are
demographic data of learners such as family economic status, prior academic history,
gender, age, residency, interests, immigration status, school type and racial/ethnic
group were used (Arnold & Pistilli, 2012; Choi et al., 2018; Hussain et al., 2018;
Lonn et al., 2015; Oladokun et al., 2008; Tsai et al., 2020); using course resources
like video or documents including watching, completion, numbers, navigation
behaviors like pause, stop, forward and backward) (Agudo-Peregrina et al., 2012;
Choi et al., 2018; Dietz-Uhler & Hurn, 2013; Er et al., 2019; Hu et al., 2014; Huang
etal., 2020; Lu et al., 2017, 2018; Minaei-Bidgoli et al., 2003; Sun et al., 2019; Tsai
et al., 2020); grade of learners including quiz, assessment, exam, course,
assignments, homework and GPA (Akgapinar, 2016; Arnold et al., 2012; Choi et al.,
2018; Dietz-Uhler & Hurn, 2013; Er et al., 2019; Hu et al., 2014; Hussain et al.,
2018; Lonn et al., 2015; Lu et al., 2018; Oladokun et al., 2008; Cristobal Romero et
al.,, 2013; Tormey et al., 2020; Yamada et al., 2017); group or teachers
discussion/posting actions including total spent time, frequency numbers, view and
click data (Agudo-Peregrina et al., 2012; Akcapinar, 2016; Er et al., 2019; Fidalgo-
Blanco et al., 2015; Huang et al., 2020; Hussain et al., 2018; Lu et al., 2017; Saqr et
al., 2017); homework, quiz and assignment actions including completion, delaying,
submission, frequency numbers, navigation behaviors like pause, stop, forward and
backward (Agudo-Peregrina et al., 2012; Akgapinar, 2016; Choi et al., 2018; Er et
al., 2019; Hu et al., 2014; Huang et al., 2020; Hussain et al., 2018; Lu et al., 2018;
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Minaei-Bidgoli et al., 2003; Sun et al., 2019; Tempelaar, 2020; Tormey et al., 2020);
general actions on LMS features including login, frequency numbers, spent time in
the system (Akgapinar, 2016; Anozie & Junker, 2006; Choi et al., 2018; Feng et al.,
2006; Hu et al., 2014; Huang et al., 2020; Hussain et al., 2018; Lonn et al., 2015;
Minaei-Bidgoli et al., 2003; Sagr et al., 2017; Tempelaar, 2020; Tormey et al., 2020;
Villagra-Arnedo et al., 2016; Yamada et al., 2017; Yoo & Kim, 2014) and number
of words, sentences, paragraph, messages, tenses on LMS communication channels
(Yoo & Kim, 2014) to investigate the effect of using online education platforms in

education environments.

The results of the related studies in the literature show some conclusions to make
inferences about associated topics. One of them is that using online learning tools
allows educators to gather both academic and behavioral data of students in lessons
very quickly. This information can be very helpful in measuring students'
performance in lessons. With these performance results, educators can predict the
success of each student in the lessons, which may include content base performance,
project-based performance, their course grades, or exam grades. Moreover, they can
identify at-risk students and intervene in advance not to allow them to drop the
course. Besides, using online learning system data enables educators to prepare a
personalized study path for students and give them timely feedback. Furthermore,
the analysis of students' performance data can be displayed to each via dashboards
so that students have the opportunity to interpret their progress during the semester.
However, these analyzes should be done very carefully by educators as it can cause
misinterpretation by students about what steps to take.

To conclude, the vast majority of studies focused on similar metric types and
investigated the effects of these metrics on students' performance. On the other hand,
although some studies find some effects of integrating online learning platforms into
educational environments, there were no related studies on how the frequency of
students' exposure to practice through those systems would have different results on

exam performance.
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2.7  Practice in E-learning

With the technology age we are in, the education field has started to be integrated
with digital environments. It is an undeniable opportunity to bring very fast and
diverse educational environments to learners with technological support. Learners
can easily access tests, animated, video-based, interactive contents and
communication channels where they can get information about the course, they want
to learn through such digital education environments. However, access to such
channels in education is not the only criterion for better learning, these are only a
small part of the puzzle and there are much more critical points in education to

consider.

During the design of distance education environments, because of mostly focusing
on latest technology features, the role of learners is ignored. While designing
education environment, first how the human mind learns should be understand.
Learning behavior in each field is different and without taking this into account,
learning cannot be achieved completely (Clark & Mayer, 2016). This situation also
affects how and how often the practices integrated into the created learning

environments, the forms of feedback and communication channels should be.

It is always emphasized that more practice will provide better success. That is why,
more tests are always prepared to reinforce learning. Practicing a lot reduces the time
to complete (Rosenbaum et al., 2001), however, the learning speed of the learner
continues at a decreasing rate in the same type of practices. The long-term benefit
from practices is related to the frequency and sequence in which they are given. The
frequency and way of practices are given for each field should be designed
differently because of the conditions for being an expert in each field is different.
The frequency of practice given in an artistic field is different and the way it is given
is more challenging and effortful to learn according to more repetitive job types.
Therefore, it is necessary to adjust how often practice should be given and they need

to be designed to fully reflect the profession of each field.
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In addition, practice is a necessary but not sufficient tool to achieve a good
performance result (Ericsson, 2012). Learners should have more interactive
educational environments (Clark et al., 2018). The environments in which learners
are exposed to only direct subjects and tests and see their results as a result of their
studies cannot take them to the next level. For this reason, the contents and practices

should be arranged in a way that allows more interaction with the learner.

Furthermore, feedback should be given correctly, as well as content should be varied,
and practices should be provided at the right frequency and level. Direct result
feedback of the practices does not make a positive contribution to the development
of the learners. Instead, it is necessary to provide explanatory feedback to learners
and follow their progress accordingly (Van der Kleij et al., 2015).

In summary, being exposed to too much practice does not directly and continuously
increase the success, besides, there are points that need attention. Distance education
environments should be designed by paying attention to the fact that the education
learners receive is created in accordance with the field they want to specialize in, as
well as the variety, order, level and frequency of the content and tests provided, and
the clarity of the feedback received enough to guide the learners about their

deficiencies.

In this study, some standard metrics, which are mobile/web login numbers and
duration, tests completion-number, spent time for tests, completed homework
number and rate of completion, content opened number and the exam success level

is used.
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CHAPTER 3

METHOD

In this study, the students’ data on their interactions and performances with the
content, tests, homework and Kazanim Degerlendirme Uygulamalar1 (KDU) exams
which is a type of exam offered to private schools by the used LMS for research in
the first semester of 2018- 2019 academic year, were collected. The Learning
Management System (LMS) is a management software that allows learners to select
and enroll in the course, present the contents, make measurement and evaluation, and
monitor and report user information in asynchronous (different time) or blended
education. The LMS system which is used for the study is a supportive learning
management system additional to the curriculum of the Ministry of Education
offered to private schools as optional. Operations were performed to predict the
science exam success levels of students based on these data and to determine which
and how variables used in this prediction analysis were effective as a result of the

prediction.

3.1 Data Collection Environment

The K12 level LMS platform, which is a product of a private company, is optionally
sold to private schools in Turkey. Schools use this system to support lessons and also
apply some of the exams provided by the system. System usage data of secondary
school students in a certain time period was taken with the permission of the

company.
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The LMS contains different types of educational content within the scope of Social
Studies, Science, Turkish, Mathematics, English lessons and different lessons for

private schools.

The LMS also includes a different number of questions and small-scale essays on
each subject. When the students solve these tests, correct, incorrect, blank numbers
and success percentages in that test are recorded. Each course performance of the
student is presented to teachers, students and parents with separate reports.
Furthermore, through the group pages, students can write ideas, share messages and

participate in voting with their classmates and teachers.

The research was carried out with the last data set obtained by pre-processing the
anonymized system usage and the Kazanim Degerlendirme Uygulamalar1 (KDU)
exam performance data of the study group in the first term of the 2018-2019
academic year. The data used includes system usage data of secondary level students
in 186 different private schools. Kazanim Degerlendirme Uygulamalar1 (KDU) is a
type of exam offered to private schools by the used LMS. The exam is administered
to 51, 6", 7" and 8" grades twice in one academic year and it consists of the tests of
the Mathematics, Science and Social Studies (Turkish Republic History of
Revolution and Kemalism in the 8th grade) and English lessons. Since it is an
optional exam offered to private schools, not all students can take this exam. In the
study, the science lesson, which is one of the common and basic lessons of all grade
levels of the students, was chosen and the performance and usage data of this lesson

were drawn.
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3.2  Participants

The research group of the study consists of 6491 students studying in 5, 6™, 7" and

8" grades of different private secondary schools in Turkey using the selected LMS.

Table 3.1 Number of students by class levels

Level Total students %

5" Grade 3985 61.40%
6" Grade 841 12.95%
7" Grade 1038 15.99%
8" Grade 627 9.65%

3.3 Data Collection Procedures

System usage and exam performance data of students using the LMS were obtained
from the database of the system. The necessary SQL queries were created, and the
raw data was drawn in ".xIsx™ format with Microsoft Excel tool. As a result of the
related studies, it was determined that the metric is generally used to understand
whether there is a relationship between LMS usage data and exam performance data
in terms of learning. That is why, the gathered data from the system was related with
researched study metrics which are KDU theta numbers, KDU levels, frequency of
logging in, duration on the system, number of tests completed, number of questions
completed, number of homework completed, progress on homework, number of

contents completed and school id numbers.

34 Measures

All variables that can be used were renamed in the excel document and the document
has been rearranged so that the analysis tool can easily understand, select and read

the variables.
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All variables in raw data and their meanings are explained below:

e Dependent variable: These variables were aimed to use as dependent in the

study.

o

KDU Theta: It refers to the range of values (-5 to +5) determined for
the KDU exam performance.

KDU Level: There are 4 developmental levels determined based on
the level of KDU theta. These levels are called beginner,
intermediate, upper-intermediate and advanced. These results show
the ranges of values that determine students' competencies among
their own grade levels in Turkish, Mathematics, Social and Science

courses.

e Independent Variables:

o

Login count: It shows how many times students have logged into the
system.

Duration spent: It shows how long students spent time in the system.
Login count with mobile devices: It shows how many times students
have logged into the system via mobile devices.

Duration spent with mobile devices: It shows how much time
students spent in the system via mobile devices.

Answered questions: It shows how many questions the students have
answered in the system.

Completed tests: It shows how many tests students have answered
in the system.

Completed homework: It shows how many homework students
have completed in the system.

School id: It shows the id numbers of the schools using the system.
Opened contents: It shows the number of opened contents by the

students in the system.
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The data were taken separately for two academic terms. Since the KDU exam is held

twice a year, it was aimed to compare each KDU theta value and /or KDU level with

other data. Therefore, in the table below (Table 3.2), besides the first and second

semester KDU theta values and levels, there are also students' 1t and 2" semester

LMS usage data.

Table 3.2 All variables and the distribution of their numbers by class level

Variables

Number of “KDU Theta 1%

Number of “KDU Theta 2" «

Number of “KDU Level 1%

Number of “KDU Level 2™ «

Number of “Login count 1%

Number of “Duration spent 15 “

Number of “Login count with mobile devices 1%
Number of “Duration spent with mobile devices 1%
Number of “Login count 2"

Number of “Duration spent 2" «

Number of “Login count with mobile devices 2" «
Number of “Duration spent with mobile devices 2" «
Number of “Answered questions 15"

Number of “Completed tests 15

Number of “Completed tests 2"

Number of “Answered questions 2"

Number of “Completed homework 15"

Number of “Completed homework 2"

Number of “School 1d”

Number of “Opened contents 15"

Number of “Opened contents 2"%”
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34.1 Data Pre-Processing

Not all data obtained from the LMS system were used in the study. First, the variable
names of the raw data in the excel file are arranged and the missing values are
determined. All data that would be useful for analysis were evaluated. The “School

id” and “Class level” are eliminated from the data.

In addition, KDU exam outputs are presented in two ways; these are theta value
(KDU Theta) which ranges from -5 to +5, and based on these theta values, the KDU
levels (KDU Level) range from level 1, level 2, level 3 and level 4. The KDU Level
variable has been omitted from the data set because the two variables have the same

meaning, and it would be easier to interpret a continuous variable.

The variables that will provide the most reliable comparison between theta values of
the KDU exam at the end of the first semester of the school were decided to be the
values obtained for the same term. Therefore, the LMS usage data (shown in Table
3.3.) of the first academic term and the KDU Theta value of the first term (Dependent

Variable) were determined as variables of this study.

Table 3.3 Dependent and independent variables used in the study

Variables Name Type Role

KDU Theta Continuous Dependent
Login count Continuous Independent
Duration spent Discrete Independent
Login count with mobile devices Continuous Independent
Duration spent with mobile devices Discrete Independent
Answered questions Continuous Independent
Completed tests Continuous Independent
Completed homework Continuous Independent
Opened contents Continuous Independent
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3.4.2 Kazanim Degerlendirme Uygulamalar: (KDU) Exam

Kazanim Degerlendirme Uygulamalar1 (KDU) is a type of exam offered to private
schools by the used LMS. The exam is administered to 5, 6™, 7" and 8" grades
twice in one academic year and it consists of the tests of the Mathematics, Science
and Social Studies (Turkish Republic History of Revolution and Kemalism in the 8th

grade) and English lessons.

With the KDU, students' knowledge and skills are evaluated within the framework
of levels, instead of numerical values such as application results, proficiency level

definitions corresponding to these numerical values are given.

By determining the competency levels of the students, the learning-teaching process
can be arranged according to the needs of the students and effective educational
processes can be designed. In this exam, it is possible to monitor the performance
and academic development of students over time by establishing a structure that
enables a connection between applications. With questions representing cognitive
levels such as practice at different difficulty levels, having knowledge and reasoning,
it is ensured that the learning level of both each student and a class consisting of
students with different proficiency levels is correctly defined. One model of "ltem
Response Theory" is used in the analysis of the exam results which is One-Parameter
Logistic Model (OPLM). IRT is a modeling technique that tries to define the
relationship between the test performance of an examinee and the hidden feature
underlying the performance (Umobong, 2017). IRT assumes a very dominant
variable that affects performance, and this variable value is called theta. The OPLM
is a simplest model of IRT and compares the parameter (theta) that defines the latent
reaction of the person to the situations encountered with the other parameters that he
has difficulty with (Verhelst & Glas, 1995). With this model, the total number of
questions to be used in the assessment and evaluation study is increased without
increasing the number of questions that students will answer. KDU exam
performance is evaluated via theta values and their level outputs. KDU theta values

range from -5 to +5. According to KDU theta values, the level of students in each
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lesson are decided. The KDU level ranges and their meaning are described in the
Table 3.4.

Table 3.4 KDU exam level table

KDU Level Meaning

Level 1- Level 2 Beginner

Level 2- Level 3 Intermediate

Level 3- Level 4 Upper-Intermediate
Level 4- Level 5 Advanced

3.5  Data Analysis

In this study, data mining decision tree algorithms CHAID analysis was used.
Decision trees and CHAID analysis in this part of the study will be explained in
detail.

3.5.1 Decision Tree Algorithm

Decision trees are a classification method that creates a model in the form of a tree
structure consisting of decision nodes and leaf nodes by feature and target. Decision
tree algorithm is developed by breaking the data set into small pieces. A decision
node can contain one or more branches. The first node is called the root node. A

decision tree can consist of both categorical and numerical data.

While input (predictor) variables (categorical or numerical) are independent
variables, the output (target) variable (categorical) is dependent (Milanovi¢ &
Stamenkovi¢, 2017).  Algorithms developed for creating decision trees include
CHAID, Exhaustive CHAID, C&R, QUEST, C5.0, SLIQ, SPRINT.
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3.5.2 Deciding on the Model

The most popular method for predicting students' performance is classification
(Shahiri et al., 2015). One of them is decision tree methods are mostly used
techniques that can be applied to categorical and continuous variables and allows

working with complex data sets.

In this study, IBM SPSS Modeler was preferred as the analysis tool. In order to
understand which decision tree model is more appropriate to use in the study, the
Auto Numeric model in Modeling section was run. Auto Numeric provides models
that can give the most logical analysis results of the available data and their output.
Before the data were used, the appropriate variables were selected for analysis and
filtered.

[ ] SelectedStream* - IBM® SPS5® Modeler Subseription

RN

Streams

M

L, -8 KDUTheta KD
— —_—({Ey (W GO\
@ L Rl =
ceylan_tez_calismasi.. Filter Partition Type KDU_[Theta
Classes
CRISP-DM
m“/ B & (unsar

KDU_Theta

& Favorites  @sSources @ Record Ops @ Field Ops AGraphs @ Modeling MOutput MExport [IPython <trSpark @8 BM@
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Database Var. File | Auto Data Prep | Select Sample Aggregate | Derive Type Filter Graphboard | Auto Classifier Auto Numeric Auto Cluster

Figure 3.1 Running Auto Numeric in IBM SPSS Modeler
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Auto Numeric has been run many times with different variables and the models that
appear each time in the result table are displayed the most suitable models as
CHAID, C&R tree, Random Trees, XGBooost Tree and Generalized Linear.

Build Time - No. Fields .
Graph Model (mins) Correlation Used Relative Error
# CHAID 1 2 0.274 8 0.935
Sty
XGBoost Tree 1 2 0.288 9 0.925
)
Random Trees 1 <1 0.295 9 0.923
)
»';&T C&R Tree 1 2 0.300 8 0.913
g Generalized Linear 1 1 1.0 9 o0

Figure 3.2. Auto Numeric Node Estimation Model Results

3521 XGBoost Model

XGBoost is a progressed execution of a slope boosting algorithm with a linear model
as the beginning model. Boosting algorithm automatically learn powerless
categorized and after that include them to a last solid categorized (Ji et al., 2019).
That is, it is not a valid model to generate a non-binary tree structure like CHAID.

When the model was run separately, it could not provide an output.

3522 Random Trees Model

Random Trees is a classification and estimation system based on the methodology
of the Classification and Regression Tree. As with C&R Tree, to break training

records into parts with related output field values, this estimation approach utilizes
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recursive partitioning (Pal, 2005). However, this model also was run separately, and

it could not provide a tree model. The output was just predictor importance table.

3.5.2.3  The Classification and Regression (C&R) Model

The analysis technique is evaluated according to the dependent variable handled. If
the dependent variable is categorical, it is defined as the classification tree; if
continuous, it is defined as regression tree (Ture et al., 2009). The C&R Tree node
begins by examining the input fields to find the best split and is measured by the
decrease in the pollution index caused by the split (Ture et al., 2009). The division
determine two subgroups, then those are divided into two more subgroups. This
continues until one of the halt criteria is activated. This model can be generated for
binary splits, that is, they can be divided to just two subgroups. The difference from
the CHAID model is that, by using CHAID model, the data can be divided into more
than two subgroups in the decision tree. That is, CHAID can produce nonbinary

trees.

3.5.24  Chi-Squared Automatic Interaction Detector (CHAID) Model

CHAID (Chi-Squared Automatic Interaction Detector) algorithm is one of the most
widely used decision tree algorithms. CHAID is an extension of AID analysis
designed for categorical dependent variables (Wilkinson et al., 1992). The CHAID
analysis method, which played a major role in the development of decision trees,
was presented by Kass in the 1970s (Milanovi¢ & Stamenkovi¢, 2017). CHAID
analysis is used when there is more complex relationship than linear relationship
between variables. That is, in this analysis, the aim is to divide data into more

homogeneous subgroups.

CHAID algorithm uses chi-square test if dependent variable is categorical and F test
if dependent variable is continuous in branching criterion (Rokach & Maimon,
2008).
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Based on the dependent variable, the algorithm gathers the values that can be
considered statistically homogeneous and accepts the remaining values as
heterogeneous. Afterwards, the most appropriate predictive variable is determined
according to the first branch structure in the decision tree. Each node forms a group
of homogeneous values belonging to the specified variable. This process continues
until the divisions are over. Pruning is done automatically in order to prevent
unnecessary branching in the tree created with the CHAID algorithm (Rokach &
Maimon, 2008).

CHAID algorithm has become a highly preferred algorithm because it can work with
all variable types categorically and continuously and it can divide each node in the
tree into more than two subgroups. Variables that are continuous in the CHAID
algorithm are automatically categorized in accordance with the purpose of the
analysis. CHAID classifies the groups with differences according to the level of
relationship using the chi-square test. Therefore, the leaves of the tree are not just
binary, but as many as the number of different structures in the data.
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Figure 3.3. An example of a CHAID tree diagram

Missing values in the data set do not affect CHAID analysis (Rokach & Maimon,
2008). When the target is missing, the value can be discarded. When the predictor is
missed, most similar values can also be grouped and generates a new category on the
tree (McCormick & Salcedo, 2017).

3.5.3 Running the Decided Model - CHAID Model

In the study, each suitable model that came out with Auto Numeric node was rerun
separately and their outputs were examined. CHAID, which is a model that allows
wide-scale analysis and interpretation with its tree structure that can be divided into
multiple splits, was identified as the most suitable model for this study among other

models.

The KDU Level and KDU Theta values, which were thought to be dependent, were
run with all variables separately and using different types of models (CHAID, C&R,

Random Trees) to create a logical interpretation model. Since theta value of the two
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dependent variables feeds the level variable, that is, theta value range determines the
levels of KDU exam, it would be more meaningful to go above only one. In this
context, when the results were compared for two dependent variables, it was
determined that a continuous variable instead of a category was more meaningful to
interpret the data. At the end, KDU Theta variable as a dependent variable and 2018-

2019 first academic term LMS usage data as independent variables were used.

The data were divided into 3 groups with partition node in IBM SPSS Modeler

program.

PO @ FOEDEQ0EO PG & ERREE

Streams

Models

theta_Jan... tl
N -g>
_.h@ _.h -
-A> >
ceylan_tez_calismasi.. Filter Type Partition Classes

CRISP-DM
B2 [ (un:

el

&L Favorites @ Sources @ Record Ops @ Field Ops AGraphs @ Modeling MOutput MExport [ Python frSpark 8 IEM® SPS

Auto Classifier Auto Numeric Auto Cluster Time Series TCM  Random Trees Tree-AS C&R Tree DecisionList Linear Linear-AS C5.0 Ret

"M EREREEEKEELER

Figure 3.4. Running partition node in IBM SPSS Modeler

These are distributed as 60% Training, 20% Testing and 20% Validation.
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Settings  Annotations

Partition field: [Partition |

Partitions: () Train and test (®) Train, test and validation

Training partition size: : Label: Value = |"1_Training" |

Testing partition size: : Label: Value = |"2_Testing" |

Validation partition size: C Label: Value = |"3_Va|ida.ti0r|" |
Total size: 100%
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Figure 3.5. Dividing data into groups via Partition node

The reason to use the partition node structure is to evaluate the validity and accuracy
of the data, which is a significant step to be able to have rational interpreted
classification tree (Shafique & Hato, 2015) First, the data is taught to the system with
the Training group, that is, the system is fed with the logic of data distribution. With
the formulated rules learned from the Training phase, the data goes through the
Testing phase again. Finally, the data that has passed the Training and Testing phases
is finally verified with Validation part. Validation shows the generalizability of the
established model to the population. When the test data is passed through the model
processor, the accuracy value drops slightly, if the accuracy value decreases widely,
it may be an indication that the model is overfitting in the training data. If the
accuracy drops only slightly, this is proof that the model will work well in the future
(Pasteur & Koch, 1941).
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The results showed consistent validity among the 3 separated groups which are
Training, Testing and Validation. As it is seen in the Table 3.5, standard deviation

of the groups is so close each other.

Table 3.5 Results for comparing $ R-KDU Theta with KDU Theta

Partition 1 Training 2_Testing 3 Validation
Minimum Error -1.013 -0.975 -1.057
Maximum Error 1.596 1.696 1.716

Mean Error -0.001 0.007 0.031

Mean Absolute Error  0.269 0.276 0.275
Standard Deviation 0.346 0.359 0.359

Linear Correlation 0.365 0.262 0.29
Occurrences 3,932 1,282 1,277

The testing, training and validation results were also shown on a gain chart, it can be
seen that how the samples are distributed according to the all-sample distribution. In
the Figure 3.6., with the gain chart, the consistency of the 3 groups with $ R-KDU
Theta and KDU Theta value can be seen separately. The gain chart result showed
that in testing, training and validation distributions, KDU Theta values were
distributed closely similar with $ R-KDU Theta.

36



SR-KDU_Theta

[ T

A S

[ISESEEr i S

1004

20
o

Percentile Percentile
Validation

Percentile
Training

Testing
Partition
KDU_Theta > 0.5205

Figure 3.6. Gain chart with $ R-KDU Theta and KDU Theta
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CHAPTER 4

RESULTS

The dependent and independent data set specified in the method section was run with
the CHAID model. The variables showing distribution in the decision tree are listed
in the “Predictor Importance” graph (Figure 4.1.) below according to their density.
As it can be understood from the ranking in the table, "Completed tests" takes the

first place, while the least effective variable is the number of entries to the system.

Predictor Importance
Target: KDU Theta

Login count

Duration spent with mobile devices
Login count with mobile devices
Completed homework

Opened content

Duration spent

Answered questions

Completed tests

o
o
[

0.2 0.3 0.4 0.5 0.6

Figure 4.1. Predictor Importance Graph

After applying CHAID analysis, the relationship between relevant variables is in the
form of nodes was classified. The diagram obtained is shown in Figure 4.2. As seen
in the diagram, a total of 46 nodes have been formed. As a result of this analysis,

among the independent variables whose effects on the dependent variable (KDU
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Theta) were found to be statistically significant, the variable with the highest F value
takes the first place in the CHAID diagram (p>0.05).
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4.1 Node 0

It was found that the independent variable that affected the dependent variable the
most was the Completed tests (Ffi=6, df2=4579)=64.009, p=0.000) with 7 subgroups
(Node 1, Node 2, Node 3, Node 4, Node 5, Node 6 and Node 7). For this reason, this
variable has taken the first place in the CHAID analysis stage. Parallel to this, a total

of 39 subbranches were determined in the decision tree.

Nodes were divided into branches by comparing “Predicted” values. “Predicted”
value is evaluated according to the theta value range (-5, +5) taken by the students

who have taken the KDU exam.

In other words, it was determined that among the dependent variable values ranging
from +5 to -5, variables with predicted values close to +5 provide a positive impact
on achievement of students, and variables with values close to -5 had a negative
impact.

“Node X” is one of the values in each node to indicate the rank of the nodes. “n” is
the total number of students in the relevant node. The “%” value indicates the
percentage distribution of the number of students. “Predicted” value indicates the

result of the determined dependent variable in the relevant node.

In Node 0, the whole number of students is seen and depending on the effect of the
variable that appears in each sub-node, the distribution of the number of students and
the effect of the KDU exam result can be observed. Except for Node 1 (P=0.363)
among the first 7 nodes, Node 2 (P=0.002), Node 3 (P=0.072), Node 4 (P=0.132),
Node 5 (P=0.182), Node 6 (P=0.239) and Node 7 (P=0.285) predicted values
progressed to the right.

The Nodes were explained in detail from top to bottom, in a vertical manner, taking

into account every branch within them.
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KDU Theta

Node 0
N 4586
Yo 100.000
Predicted 0.192

Completed tests

Adj. P-value=0.000, F=64.009, df1=6, df2=4579

(5.000, 10.000]

(10.000, 23.000)

==0.000 (0.000, 5.000 ]
Node 1 Node 2
n 516 n 428
% 11.252 % 9.333
Predicted 0.363 Predicted 0.002

n
Ya
Predicted

Node 3

516
11.252
0.363

Node 4
N 913
% 19.908
Predicted 0.312

(23.000, 44.000] (44.000, 59.000] > 59.000
Node 5 Node 6 Node 7
n 954 n 441 n 925
% 20.802 % 9.616 % 20.170
Predicted 0.182 Predicted 0.239 Predicted 0.282

Figure 4.3. Diagram of Node 0
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41.1 Node 1

The independent variable with the highest values of theta result is Node 1
(Predicted=0.363) which consists of 516 students who have never answered the test.
When the F value (Ffi=1, df2=514)=6.293, p=0.050) was examined, it was determined
that the independent variable that best explains the cluster formed by students who
take zero tests, which had a statistically significant and highest level of relationship
with the dependent variable, was the duration in the system (Duration spent).

<=().000
Node |
n 516
Vo 11.252
Predicted (0.363

Figure 4.4. Diagram of Node 1

4111 Node 8 and 9

According to Node 1, the cut-off point for the duration of stay in the system was
determined as 3 minutes, and it was observed that students (n=447, Predicted=0.345)

who stayed in the system for 3 minutes or less than 3 minutes had worse theta results
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(Node 8) than students (n=69, Predicted=0.486) who stayed more than 3 minutes
(Node 9). At this stage, Node 1 branching has ended.

As a result, students on the 1% Node have the highest theta results even though they
never took any tests. This shows that these students can be successful without

integrating this kind of systems into their education.

<=0.000
Node 1
n 516
% 11.252
Predicted 0.363

Duration spent
Adj. P-value=0.000, F=6.293, df1=1. df2=514

<= 3.000 = 3,000
Node 8 Node 9
n 447 n 69
%o 9.747 %o 1.505
Predicted 0.345 Predicted 0.486

Figure 4.5. Diagram of Node 8 and Node 9

4.1.2 Node 2

For the Node 2 (Predicted=0.002), 428 students with completion test number up to
5 came together (Fri=2, dr2-425=16.610, p=0.000). The variable affecting the 2"
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Node was determined as content completion number of students (Opened contents)
and this node has 3 different branches (Node 10, Node 11, Node 12) which are
students who have completed no content (n = 216, Predicted=-0.080), students who
have completed at most 8 contents (n = 117, Predicted=0.036) and students who have

completed more than 8 contents (n = 95, Predicted=0.148).

As a result of the first branches of the 2" Node, it was observed that as the number
of content completion increased, the theta value also increased. Unlike Node 1, there
are 2 different sub-branches for Node 2. In these sub nodes, the duration in the system
via mobile devices (Duration spent with mobile devices) and login numbers (Login

count) in the system were determinant.

Node 2
n 428
% 9.333
Predicted 0.002

Opened contents

Adj. P-value=0.000, F=16.610, df1=2, df2=425

<=0.000 (0.000, 8.000 ] > 8.000
Node 10 Node 11 Node 12
n 216 n 117 n 95
% 4.470 % 2.551 Y 2.072
Predicted -0.080 Predicted 0.036 Predicted 0.148

Login count
Adj. P-value=0.014, F=9.266, df1=1, df2=115

Login count with mobile devices
Adj. P-value=0.000, F=23.542, df1=2, df2=214

=<=0.000 = 0.000 <=3.000 =3.000
Node 24 Node 25 Node 26 Node 27
n 169 n 47 n 70 n 47
% 3.685 % 1.025 % 1.526 % 1.025
Predicted -0.131 Predicted L.107 Predicted -0.045 Predicted 0.156

Figure 4.6. Diagram of Node 2
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4121

It was determined that among the students on the 10" node (F(ari=1, dre=214)= 23.542,
p=0.000) who (n=216, Predicted=-0.080) did not complete any content, the students
(n=169, Predicted=-0,131) who stayed in the system for at least 1 minute had higher
theta results than the students (n=47, Predicted=0.107) who did not stay.

Node 10

=<=0.000
Node 10
n 216
% 4,470
Predicted -0.080

Login count wit

1 mobile devices

Adj. P-value=0.000, F=23.542, df1=2, df2=214

==().000 = 0.000
Node 24 Node 25
n 169 n 47
%a 1.685 %a 1.025
Predicted -0.131 Predicted 1.107

4122

Moreover, in the 11" node, it was determined that among the students (n=117,
Predicted=0.036) who completed at most 8 contents, the students (n=70, Predicted=-
0.045) who logged into the system more than 3 times had higher theta results than
the students (n=47, Predicted=0,156) who logged in at least 3 times.

Node 11

Figure 4.7. Diagram of Node 10
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(0.000, 8.000 ]

Node 11
n 117
% 2.551
Predicted 0.036

Login count
Ad). P-value=0.014, F=9.266, df1=1, df2=115

<= 3.000 = 3.000
Node 26 Node 27
n 70 n 47
%o 1.526 %o 1.025
Predicted -0.045 Predicted 0.156

Figure 4.8. Diagram of Node 11

4.1.2.3 Node 12

On Node 12, the strongest node of node 2 due to its predictor value
(Predicted=0.148), students (n=95) who answered more than 8 contents had the
highest theta results.
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= 8.000

Node 12
n 95
%o 2.072
Predicted 0.148

Figure 4.9. Diagram of Node 12

As a result of Node 2, of those students who completed between 0 and 6 tests, those
who completed more than a certain number of contents perform better in theta
results. At the same time, those who completed less content had better performances
in theta results when they logged into the system more with a mobile device or from

the web environment.

4.1.3 Node 3

Node 3 consists of students (n=409, Predicted=0.072) who have completed more
than 5 and at most 10 tests (Ffi=1, df2=407)=20.662, p=0.000). The variable affecting
the 3" Node was determined as login numbers (Login count) in the system. This node
has 2 different branches (Node 13, Node 14) which are students (n=179, Predicted=-
0,011) who log in to the system at most once and the students (n=230,
Predicted=0.136) who log in more than once. This first division showed that students
who logged in to the system more than 1 time had better theta results than those who

logged in to the system once.
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(5.000, 10.000]

Node 3

n 516
% 11.252
Predicted 0.363

Login count
Adj. P-value=0.000, F=20.662, df1=1, df2=407

<= 1.000 > 1.000
Node 13 Node 14
n 179 N 230
% 3.903 Y 5.015
Predicted -0.011 Predicted 0.136

Answered questions
Adj. P-value=0.013, F=06.842, df1=2, df2=227

<= 149.000 (149.000, 239.000] =>239.000
Node 28 Node 29 Node 30
n 69 n 67 n 94
% 1.505 %% 1.461 % 2.050
Predicted 0.235 Predicted 0.020 Predicted 0.147

Figure 4.10. Diagram of Node 13

4131 Node 14

Node 14 was divided into 3 branches, the variable affecting its separation is the total
number of questions (Answered questions) that students (n=230) have answered
(F(dfi=2, df2=227)=6.842, p=0.013). In the Node 14, when these 3 branches (Node 28,
Node 29 and Node 30) were compared, it was determined that students (n=69,

Predicted=0.235) who answered less than 150 questions had the best theta results,
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while students (n=94, Predicted=0.020) who answered more than 239 questions
achieved a success in the second place. However, theta results of the students (n=67,
Predicted=0.147) who answered more than 149 questions and less than 240 questions

were found to be the lowest.

=1.000
Node 14
N 230
%o 5.015
Predicted 0.136

Answered questions
Adj. P-value=0.013, F=6.842, df1=2, dt2=227

<= 149.000 (149.000, 239.000] =>239.000
Node 28 Node 29 Node 30
n 69 n 67 n 94
% 1.505 % 1.461 %% 2.050
Predicted 0.235 Predicted 0.020 Predicted 0.147

Figure 4.11. Diagram of Nodel4

The Node 3 results show that students who logged in to the system more than 1 time
among students who completed between 6 and 10 tests achieved a better theta result,
but it was determined that the increase in the total number of questions answered by
students who logged in to the system more than 1 time negatively affected the theta
result. That is, in addition to the positive effect of increasing the number of logins to
the system by students who took tests between 5 and 11 on theta results, the reduction
of the number of questions completed by those who entered the system provided
even better results.
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41.4 Node 4

Node 4 is a cluster of students (n=913, Predicted=0.132) who completed more than
10 tests and less than 24 tests (Ffi=2, dfe=0105)=23.797, p=0.000). The variable
affecting the 4™ Node is determined as answered question numbers (Completed
tests). Node 4 was divided into three branches (Node 15, Node 16 and Nodel7) in
the initial breakdown which are students (n=240, Predicted=0.250) answering less
than 240 questions, students (n=347, Predicted=0.066) answering between 239 and
399 questions, and students (n=326, Predicted=0.115) answering more than 398
questions. In the Node 4, when these 3 branches were compared, it was determined
that students who answered less than 240 questions had the best theta results, while
students who answered more than 398 questions achieved a success in the second
place. However, theta results of the students who answered more than 239 questions

and less than 399 questions were found to be the lowest.
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(10.000, 23.000)

Node 4

N 913
% 19.908
Predicted 0312

Answered questions

Adj. P-value=0.000, F=23.797, df1=2. df2=910
|

<=239.000

n
%

Predicted

Node 15

240
5013
0250

Completed tests

Adj. P-value=0.029, F=4 819, df1=1, df2=238

(239.000, 398.000]

Node 16
n 347
Y 7.567
Predicted 0.066

<=16.000 > 16.000
Node 31 Node 32
n 155 N 85
% 3.380 % 1.853
Predicted 0215 Predicted 0313

4141

>398.000
Node 17
n 326
% 7.109
Predicted 0.115

Opened contents

Adj. P-value=0.000, F=23.797, df1=2, df2=910

<=18.000 > 8.000
Node 33 Node 34
n 240 n 197
Ya 5233 % 4.296
Predicted 0.250 Predicted 0.168
Login counts with mobile devices
Adj. P-value=0.014, F=9 846, df1=1, df2=195
<=26.000 > 26.000
Node 39 Node 40
n 127 n 70
%o 2.769 % 1.526
Predicted 0.112 Predicted 0.271

Figure 4.12. Diagram of Node 4

Node 15

Node 15 (Ff1=1, df2=238)=4.819, p=0.029) was divided into 2 subbranches (Node 31
and Node32) and the affecting variable was determined as answered test numbers

(Completed tests) in the system.

As a result of Node 15, students (n=85,

Predicted=0.313) who took more than 16 tests had higher theta results than students

(n=155, Predicted=0.215) who took less than 17 tests.
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<=239.000

Node 15
n 240
Ya 5.233
Predicted 0.250

Completed tests

Adj. P-value=0.029, F=4.819, df1=1, df2=23§

<= 16.000 - 16.000
Node 31 Node 32
n 155 N 85
% 3380 Vo 1.853
Predicted 0.215 Predicted 0.313
Figure 4.13. Diagram of Node 15
41.4.2 Node 17

The variable affecting the 17" Node (Ff=1, dr-324=13.950, p=0.002) was
determined as content completion number of students (Opened contents), and this
node had 2 subbranches (Node 33 and Node 34) which are students (n=129,
Predicted=0.033) who have completed at most 8 contents and students who have
completed more than 8 contents (n=197, Predicted=0.168). As a result of the 17"

node, it was observed that as the number of content completion increased, theta value

also increased.
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=398.000

Node 17
n 326
% 7.109
Predicted 0.115

Opened contents
Adj. P-value=0.000, F=23.797, df1=2, df2=910

== 8.000 = 8.000
Node 33 Node 34
n 240 n 197
% 5.233 % 4.296
Predicted 0.250 Predicted 0.168

Figure 4.14. Diagram of Node 17

41421 Node34

Node 34 (F(dfi=1, df2=195)=9.846, p=0.014) was split into 2 sub-branches (Node 39 and
Node 40) and the login number via mobile devices (Login count with mobile
devices) became the determining variable in the split. The result of the 34" Node
shows that the theta results of the students (n=127, Predicted=0.112) who have
logged into the system more than 26 times via a mobile device are higher than the
theta results of the students (n=70, Predicted=0.271) who have logged into the

system less than 27 times.
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= 8.000

Node 34
n 197
Yo 4.296
Predicted 0.168

Login counts with mobile devices
Adj. P-value=0.014, F=9.846, df1=1, di2=195

<= 26.000 =26.000
Node 39 Node 40
n 127 n 70
Yo 2.769 %% 1.526
Predicted 0.112 Predicted 0.271

Figure 4.15. Diagram of Node 34

As a result, there is a correlation between the theta results and the number of
questions answered for students distributed in Node 4. But it's not a decent
relationship. In general, it can be said that answering fewer questions affects theta
result better. In addition, as the total number of tests completed by students who
answered fewer questions increases, theta result is positively affected. Although
answering more questions negatively affects theta result, the total number of contents
completed by students in this cluster more than 8 provides a positive effect in terms
of theta result. Accordingly, the number of logins with mobile devices is positively

affects those who complete contents more than 26.

56



415 Node 5

Node 5 consists of students (n=954, Predicted=0.182) who have completed more
than 23 and at most 44 tests (Ff1=1, af2=952)=11.176, p=0.006). The variable affecting
the 5" Node was determined as answered question numbers (Completed tests). Node
5 was divided into two branches (Node 18 and Node 19) in the initial breakdown
which are students (n= 529, Predicted=0.215) answering less than 491 questions,
students (n=425, Predicted=0.141) answering more than 490 questions. With the
division in the first branches, it was determined that students who completed more

than 490 questions had lower theta results.
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Adj. P-value=0.006, F=I1

(23.000, 44.000]

Node 5
n 054
% 20.802
Predicted 0.182

Answered questions

1.176, df1=1, di2=952

== 490.000 = 490.000
Node 18 Node 19
n 529 n 425
% 11.535 %% 0.267
Predicted 0215 Predicted 0.141

Login count

Adj. P-value=0.001, F=1

4.596, df1=2, df2=527

== (.000
Node 35
n o1
o, 1.984
Predicted 0.092

= 0.000
Node 36
n 438
% 8.551
Predicted 0.241

Figure 4.16. Diagram of Node 5
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4151 Node 18

Node 18 (Ffi=1, df2=527)=14.596, p=0.001) was divided into 2 branches (Node 35 and
Node 36), which are students (n=91, Predicted=0.092) who had never logged into
the system (Login count) and the students (n=438, Predicted=0.241) who had logged
in at least once. It was determined in the 18" node that the students who had logged

in at least once had higher theta results than students who had never logged into.

<= 490.000
Node 18
n 529
%o 11.535
Predicted 0.215
Login count

Adj. P-value=0.001, F=14.596, dt1=2, df2=527

<= (.000 = 0.000
Node 35 Node 36
n 01 n 438
% 1.984 % 9551
Predicted 0.092 Predicted 0.241

Figure 4.17. Diagram of Node 18
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As a result of Node 5, the fact that the students who completed the test between 23
and 45 answered more than a certain number of questions negatively affected the
theta results, on the contrary, the students who answered fewer questions in these
range and logged into the system more, affected theta results even more positively.

4.1.6 Node 6

Node 6 consists of students (n=441, Predicted=0.239) who have completed more
than 44 and at most 59 tests (F (af1=1, ar2=439) =12.899, p=0.003). The variable affecting
the 6 Node is determined as completed homework numbers (Completed
homework). This node has 2 different branches (Node 20, Node 21) which are
students (n= 248, Predicted=0.183) who completed at most 38 homework and
students (n=193, Predicted=0.310) who completed more than 38 homework.
According to the Node 6 result, it was determined that among students who
completed between 44 and 60 tests, students who completed more than 38 homework
had better theta scores than those who completed less than 39 homework. That is, in
addition to completing a certain number of tests, completing homework also

contributed positively to theta results.
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4.1.7

Node 7 is a cluster of students (n=925, Predicted=0.285) who completed more than
59 tests (Fri=1, ar2=023=9.761, p=0.015). The variable affecting the 7" Node was
determined as login numbers (Login count) in the system. This node has 2 different
branches (Node 22 and Node 23) which are students (n=110, Predicted=0.186) who
logged in to the system at most 3 times and the students (n=815, Predicted=0.299)

who logged in more than three times. These branches show that students who had

(44.000, 59.00

0]

Node 6
n
%a
Predicted

441
9.616
0.239

Adj. P-value=0.003, F=1

Completed homework

2.899, df1=1, df2=439

Node 20

n 248
% 5.408
Predicted 0.183

= 38.000
Node 21
n 193
Yo 4,208
Predicted 0.310

Figure 4.18. Diagram of Node 6

Node 7

logged in more than 3 times (Node 23) had better theta result.
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= 59.000

n
%
Predicted

Node 7

925
20.170
0.282

Login count
Adj. P-value=0.015, F=9.761, df1=1, df2=923

<=3.000 =3.000
Node 22 Node 23
n 110 n 815
% 2.399 % 17.771
Predicted 0.186 Predicted 0.229
Answered questions
Adj. P-value=0.000, F=23.797, df1=2, d{2=910
<= 130.000 > 130.000
Node 37 Node 38
n 223 n 592
% 4.863 % 12.909
Predicted 0.238 Predicted 0.322
Answered questions Completed tests
Adj. P-value=0.004, F=11.107, df1=1, df2=221 Adj. P-value=0.025, F=5.016, df1=1, df2=590
<= 766.000 > 766.000 <= 88.000 > 88.000
Node 41 Node 42 Node 43 Node 14
n 66 n 157 n 287 n 305
% 1.439 % 3423 % 6.258 % 6.651
Predicted 0.361 Predicted 0.187 Predicted 0.288 Predicted 0.353
Answered questions
Adj. P-value=0.002, F=10.639, df1=1, df2=303
<= 1051.000 > 1051.000
Node 45 Node 46
n 71 n 234
% 1.548 % 5.102
Predicted 0.480 Predicted 0315

Figure 4.19. Diagram of Node 7
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4171 Node 23

Node 23 (Fdf1=1, dr2=815=8.653, p=0,024) also was divided into 2 branches (Node 37
and Node 38) in terms of the duration in the system via mobile devices (Duration
spent with mobile devices). Accordingly, the cut-off point for the duration of stay in
the system via mobile devices was determined as 130 minutes, and it was observed
that students (n=223, Predicted=0.238) who stayed in the system for 130 minutes or
less than 130 minutes had lower theta results than students (n=592, Predicted=0.322)

who stayed more than 130 minutes.

=3.000
Node 23
n 8§15
Yo 17.771
Predicted 0.229

Adj. P-value=0.000, F=2

Answered questions

3.797, df1=2, df2=910

<= 130.000
Node 37
n 223
Yo 4.863
Predicted 0.238

Figure 4.20. Diagram of Node 23
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41.7.2 Node 37

In addition, Node 37 (Ff1=1, df2=221)=11.107, p=0.004) was divided into 2 branches
(Node 41 and Node 42) and affecting variable of the division is total answered
question number (Answered questions). According to Node 37, students (n=66,
Predicted=0.361) who answered less than 767 questions had better theta results than
students (n=157, Predicted=0.187) who answered more than 766 questions.
Moreover, Node 38 (Frfi=1, df2=500=5.016, p=0.025) was divided into 2 branches
(Node 43 and Node 44) and affecting variable of the division is total completed test

number (Completed tests).

<= 130.000
Node 37
n 223
% 4.863
Predicted 0.238

Answered questions
Adj. P-value=0.004, F=11.107, df1=1, df2=221

<= 766.000 = T766.000
Node 41 Node 42
n 66 n 157
%a 1.439 Yo 3.423
Predicted 0.361 Predicted 0.187

Figure 4.21. Diagram of Node 37
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41.7.3 Node 38

According to Node 38, students (n=305, Predicted=0.353) who completed more than
88 tests had better theta results than students (n=287, Predicted=0.288) who

completed less than 89 tests.

= 130.000
Node 38
n 592
Yo 12.900
Predicted 0.322

Completed tests
Adj. P-value=0.025, F=5.016, df1=1, df2=590

<= 88.000 = 88.000
Node 43 Node 44
n 287 n 305
Yo 6.258 % 6.651
Predicted (0.288 Predicted 0.353

Figure 4.22. Diagram of Node 38
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4.1.7.3.1 Node 44

Lastly, Node 44 (Ff1=1, dr2=303)=10.639, p=0.002) was divided into 2 branches (Node
45 and Node 46) and affecting variable of the division was total answered question
number (Answered questions). According to Node 44, students (n=71,
Predicted=0.480) who answered less than 1052 questions had better theta results than

students (n=234, Predicted=0.315) who answered more than 1051 questions.

= BR8.000
Node 44
n 305
%o 6.651
Predicted 0.353

Answered questions

Adj. P-value=0.002, F=10.639, df1=1, df2=303

<= 1051.000 = 1051.000
Node 45 Node 46
n 71 n 234
%o 1.548 Do 5.102
Predicted 0.480 Predicted 0315

Figure 4.23. Diagram of Node 44
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As a result, there is a positive correlation between theta results and the number of
logging into the system of the students distributed in Node 7. Among the students
who logged in to the system more, theta results of the students who logged in to the
system with mobile devices are affected more positively. However, when the
mentioned relationship is evaluated from the number of questions answered, the
increase in the number of questions causes a negative effect; when evaluated in terms
of the number of tests, the increase in the number of tests provides a positive effect

in terms of theta results.
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Completed Test Number increases from left to the right side —)

Do o

Figure 4.24. Sample Diagram of Overall Results
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CHAPTER 5

DISCUSSION AND CONCLUSION

In this study, by using the data obtained from the learning activities on a LMS used
by middle school students, it was investigated to predict the results of an exam they
took at the end of each semester and which of the variables used during this study
were effective on these results. Although there are many studies in the literature to
predict academic achievement, most of them could not identify any definite variable
as the result of success and learning. However, the results of the studies can give
clues about the metrics which should be paid attention and studied more. The
variables observed on the LMS system are the number of tests they have completed,
the number of questions, the number of logins to the system, the time spent in the
system and the number of contents they completed.

As a result of the study, as the number of all variables except one variable increased,
a positive relationship was observed in the exam results of the students. In the
Predictor Importance table, it was determined that the most linked relationship
among KDU results and LMS data usage in the study was the total number of tests
completed and secondly answered question numbers. There was a high correlation
between the number of tests students solved individually on the LMS and the result
they got from the exam, and the variable that most positively affected the success of
the exam was determined as Completed tests. In a study conducted by Minaei-
Bidgoli et al. (2003) also, it was observed that the "Completed tests" variable used
by students regarding their performance in tests showed a supportive result for this
outcome. In addition, the results showed that the opposite of the number of tests, the
increase in the number of questions has a negative impact on the exam results. As
the total number of answered questions (Answered questions) increased, a decrease

was observed in the exam results of the students. Although the students solve many
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tests, the more the total number of questions in the solved tests, the more it affects
this relationship negatively. In a study on cigar wrapping, it has been observed that
there has always been an increase when the performance of employees over cigar
wrapping for 4 years is examined (Crossman, 1959). This example can only change
the speed and practicality of doing a repetitive job for employees. However, learning
does not take place in this way for students. Working frequency of each lesson and

variety of practices provided affect learning.

Rosenbaum et al., (2001) emphasize in their book that the amount of practice given
to students should be adjusted according to the difficulty of the tasks and the
performance of the students. In other words, the fact that if students are exposed to
too many same types of questions in the tests without any measure of students’
performance and given tasks negatively affects the learning speed. Diversifying the

number of tests and keeping the questions in it low can provide a better result.

All other independent variables used during the analysis established a significant
relationship with the dependent variable. It was observed that the positive
progression of other variables except the number of answered questions showed a
positive correlation between the exam results. When which variables have a positive
impact on the exam result is examined, it is seen that they are the duration spent in
the system, the number of opened contents, the number of completed homework, the
duration spent with mobile devices, number of logging in with mobile devices, and
finally the general number of logins to the system which are the subgroups of the
number of completed test variable.

As a result of the study conducted by Giildal and Cakicit (2017) in estimating the
academic success of the students, according to the findings; in the data set
"Completed homework™ feature in the first place has been seen. One of the outputs
of the study results was that as the completed number of homework increases, their
exam performance increases. That is, providing students with homework related to
the subject matter makes an additional positive contribution to their exam

performance.
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One of the other variables that affects the exam performance of students is the
number of contents opened and it has been observed that it has a positive effect on
the exam performance as it increases. In addition to the test completion numbers of
the students, their studies on the relevant content may support their knowledge of the

subject and contribute positively to the exam performance.

Another independent variable that has an effect on most of the subbranches in the
results is the frequency of logging into the system. The more students visit the
system, the more this affects their exam performance positively. In a study conducted
by Akgapmar (2016), it was determined that the number of students entering the
system was an effective variable to determine different students’ profiles in the
online learning environment by clustering method. In further studies also, to classify
students' approaches to learning based, students who entered the system more can be

analyzed specifically.

Furthermore, the results showed that, in addition to the frequency of logging into the
system, students' logging into the system with mobile devices and their stay in the
system contributed to the performance of the exam. In other words, it can be said
that mobile devices support the frequency of logging into the system in terms of

providing an easy access.

On the other hand, the total sample was 6491 students, and 11.25% of these students
achieved the highest test score even though they never took the test. These students
are exclusively students who can study with their own motivation. In fact, the results
showed that if these students spend additional time in the system, then their exam
performance would increase even more. That is, if they are also supported with the

external guide, their performance can increase more.

Generally, the practice types students are subjected to in such LMS environments
are multiple choice, determining whether the definition is true or false or answering
with a short text. The impact of such practices on students' end-of-year achievements

is related to how such environments design practices. It has been observed that more
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positive results are obtained in terms of success when students are provided with

more powerfully designed features in such environments (Bernard et al., 2009).

The practices of the LMS system, which was also examined in this study, were in
the form of multiple choice, giving short answers or determining whether the
definition was correct or incorrect. At the point where the test completion variable is
determined as the most positively related variable with the test performance of the
results, the LMS environment in which the practices are provided can be increased
with practices where there is more interaction. Thus, students' learning and
comprehension skills can be supported more with practice interactions (Moreno &
Mayer, 1999).

The CHAID decision tree was used in the analysis of the study and it was determined
as the most appropriate decision tree structure for interpreting the data. In regression
analysis, the data set is expected as just one sample group and extreme values cannot
be taken into account. This leads to the conclusion that some estimates may actually
be biased. Classification methods have recently been used frequently in many fields
due to the opportunity to interpret data more easily (Linoff & Berry, 2013). There
are many classification techniques to be used. However, some tree structures (C&R)
may not provide a completely homogeneous branching due to their binary structure.
In this sense, CHAID analysis has the advantage of its algorithm and analysis
findings. It is preferred because of its features such as presenting in the form of a
diagram (tree) that everyone can easily interpret and dividing down values to the
lowest parts in a homogeneous distribution. In the analysis, while the variables
related to the dependent variable in the CHAID analysis were ranked in a hierarchical
order, each independent variable that could be a sample at each stage was also
reduced to homogeneous subgroups. Considering the advantages of CHAID
analysis, it can be thought that its use in research in educational fields can provide
effective results and can produce more meaningful and relevant results in

interpretation of data.
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The results show that two important issues need to be emphasized. First, the learning
is a spaced repetition. If the content is repeated on a certain type of frame such as
frequency of completing tests, homework or contents about the topic, students are
going to learn better. Secondly, commitment makes learning easier for the

individuals and login count is an indication of the commitment.

However, it is seen that keeping conducting learning analytic studies from the LMS
parameters will not give any conclusive result about how students learn better in
online environments. The study of bibliometric analysis of current literature in
learning analysis conducted by Phillips and Ozogul (2020) informed that most of the
studies on learning analytics have been done on predicting students' success and
failure. However, there was no significant link between learning design and learning
analytics in those studies. According to the systematic literature review of empirical
evidence on learning analytics for learning design conducted by Mangaroska and
Giannakos (2019), it is very important to base learning analytics theoretically. In
other words, the selection of the methods and analysis used in the studies should be
driven by an educational theory and findings from studies should be used to enlighten
educational theory and learning design. That is why, first, researchers need to
develop some metrics for the learning management systems. Those metrics need to
be set up with some sort of parameters before the data is collected about learning.
After setting the parameters, learners need to be allowed to experience their online
environments. Based on these data sets, researchers should come up with conclusions
about how people are learning online. The results finally should be linked to the field
of learning. Only in this way educational theories can be associated with the use of

online environments in terms of learning.
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