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ABSTRACT

EXPLORING THE RELATIONS BETWEEN PRACTICE AND TEST
SCORES: A LEARNING ANALYTICS STUDY USING PROCESS MINING
AND CORRELATION ANALYSIS WITH AN ONLINE PRACTICE
SUPPLEMENT

Gulfidan, Gokhan
Master of Science, Computer Education and Instructional Technology
Supervisor : Prof. Dr. Soner Yildirim
Co-Supervisor: Assoc. Prof. Dr. Erkan Er

December 2023, 62 pages

This study was conducted within the scope of Learning Analytics and Process
Mining in a learning portal implemented in different private schools in Turkey. The
relationship between the first semester exam performances of 364 students studying
at the 5th, 6th, 7th, and 8th grade levels and the performance of practice is examined.
The variables predicting the exam performance are estimated by examining the
process data on the system. In the analysis of the study, Fluxicon Disco software was
used to examine the process data. The Pearson Correlation method was used to
examine the relationship between the exam performances and practice. According to
the research results, there is a positive correlation between student exam performance
and practice. In addition, in the process mining analysis, practice positively predicted

student performance.

Keywords: Learning Analytics, Process Mining, Correlation Analysis, Data Mining



0z

PRATIK YAPMA VE TEST PUANLARI ARASINDAKI ILISKILERIN
KESFEDILMESI: CEVRIMICi DESTEK MATERYALIYLE SUREC
MADENCILIiGi VE KORELASYON ANALIZiNi KULLANAN BIiR
OGRENME ANALITiGi CALISMASI

Gulfidan, Gokhan
Yiiksek Lisans, Bilgisayar ve Ogretim Teknolojileri Egitimi
Tez Yoneticisi: Prof. Dr. Soner Yildirim
Ortak Tez Yoneticisi: Assoc. Prof. Dr. Erkan Er

Aralik 2023, 62 sayfa

Bu ¢alisma, Tiirkiye'deki farkli 6zel okullarda uygulanan bir 6grenme portalinda
Ogrenme Analitigi ve Siire¢ Madenciligi kapsaminda gergeklestirilmistir. 5, 6, 7 ve
8. siif dlizeyinde 6grenim goren 364 6grencinin birinci donem sinav performanslari
ile pratik yapmasi arasindaki iliski incelenmistir. Smav performansint yordayan
degiskenler sistemdeki siire¢ verileri incelenerek tahmin edilmistir. Caligmanin
analizinde siire¢ verilerinin incelenmesi amaciyla Fluxicon Disco yazilimi
kullanilmistir. Sinav performanslari ile uygulama arasindaki iligkiyi incelemek i¢in
Pearson Korelasyon yontemi kullanildi. Aragtirma sonuglarina gore 6grencinin sinav
performansi ile pratik yapmasi arasinda pozitif bir iligki vardir. Ayrica siire¢
madenciligi analizinde pratik yapma o&grenci performansini olumlu yo6nde

yordamuistir.

Anahtar Kelimeler: Ogrenme Analitigi, Siirec Madenciligi, Korelasyon Analizi,

Veri Madenciligi

Vi



To my love and family...

vii



ACKNOWLEDGMENTS

First of all, I would like to thank my supervisor Prof. Dr. Soner Yildirim and co-
supervisor Assoc. Prof. Dr. Erkan Er for their guidance, advice, criticism,
encouragement, and insight throughout the research.

| would also like to thank Prof. Dr. Ihsan Tolga Medeni and Assoc. Prof. Dr. Tarkan
Gurbuz for their valuable contribution to my study with their evaluations as jury
members of my thesis.

In loving memory of my dear mother and dedicated teacher, Kerime Giinay, whose
strength and wisdom continue to guide me. This thesis is dedicated to her beloved
memory, and | hope she is proud of the academic journey | have navigated since her

untimely departure during my youth.

I extend heartfelt gratitude to my aunts, Sevgi Giirtuna and Serpil Sari, and uncle,
Kamil Gunay, for their unwavering support and love throughout my academic
journey. Your guidance and encouragement have been invaluable, and | am deeply

thankful for the role each of you played in shaping my life.

My wife, Aysegiil Durmus Gulfidan, who is one of the biggest supporters of my life,
was the most supportive and motivating one during my study. This achievement
could not have been possible without her. | cannot express enough gratitude to her

for her unwavering patience, understanding, love, and belief in me.

viii



TABLE OF CONTENTS

ABSTRACT .t v
OZ et vi
ACKNOWLEDGMENTS ... Vi
TABLE OF CONTENTS ...t IX
LIST OF TABLES ...t nnee s Xi
LIST OF FIGURES ...t Xii
LIST OF ABBREVIATIONS ... Xiii
CHAPTERS
1 INTRODUCTION ...t 1
1.1 Purpose Of the STUAY .....coeiieiieii e 5
1.2 Problem Statement ........ccoooiiiiiiiiieee 5
1.3 ReSearch QUESLIONS ........cceiieiieiieiesieenie e e see e sree e ee e sreeae e sneeneeas 6
1.4 Significance of the STUAY ..o 6
1.5  Limitations of the StUAY ..o 7
2  LITERATURE REVIEW ... s 9
2.1 Data MINING...c..oiiiiiiiieiee et 9
2.2 Educational Data MiNINg .......ccccoooiiiiiiiieieic e 10
2.3 Learning ANAIYLICS ......ccociiiieicee et 11
2.4  Related Studies about Learning AnalytiCs ..........cccocvveviieiiieiiin e 13
2.5  Cognitive Strategies for LEarning .........ccccovevviiiieiiieiie s 15
2.5.1  SPACEU PraCliCe .....cccuviiiiiiiie ittt 16
2.5.2  Retrieval PraCtiCe ........ccooiiiiiiiiiieicc e 17



2.6 ProCesS IMINING ....ccoveiieiieieeic ettt re e anaesre s 19

3 METHOD ... s 25
3.1 Data Collection ENVIFONMENT .........ccoviiireiiiirieeise e 25
3.2 DAl SOUICE.......eiiiiiiiiiiiie i 26
3.3 Data Collection ProCEAUIES ..........ceoieiieriiiiiiiiesieeeie e 27
B4 IMIBASUIES ...ttt 27

3.4.1  Data Pre-ProCesSiNg.......ccocooeieiiriiiniesieieieese et 28
3.5 Data ANALYSIS ..ceeiiieiieiiiteieee e 29
3.5.1  Process Mining Analysis in Learning Portal Usage.............cccceovenee. 29
3.5.2  Correlation Analysis Between Exam and Practice Scores ................ 30

A RESULTS .ttt ettt b et e e nne e e 31

4.1  Process Mining Analysis ReSUILS...........ccccvveiiiiieiieiecc e 31
4.1.1  Process Mining Analysis Result for Turkish Lesson ..............c.c....... 32
4.1.2  Process Mining Analysis Result for Mathematics Lesson ................ 33
4.1.3  Process Mining Analysis Result for Science Lesson ..............c......... 35
4.1.4  Process Mining Analysis Result for Social Science Lesson ............. 36

4.2 Correlation Analysis RESUILS ........cccocoiiiiiieiiicccc e 37
4.2.1  Correlation Analysis Result for Turkish Lesson ...........c.ccoccvovvvenne. 38
4.2.2  Correlation Analysis Result for Mathematics Lesson............c.c........ 39
4.2.3  Correlation Analysis Result for Science Lesson ...........c.ccoovvevevenne. 40
4.2.4  Correlation Analysis Result for Social Science Lesson .................... 41

5 DISCUSSION AND CONCLUSION .....coiiiiiieiieiiie e 43

REFERENGCES ...ttt bbbt e e snee s 47



LIST OF TABLES

TABLES

Table 3.1 Number of students by class levels..........cccoeiiiniiiice e 26
Table 4.1 Linearity Assumption for Turkish LESSON ........cccccevvveveiieeieiciesiecie e, 38
Table 4.2 Correlations for TUFKiSh LESSON ........ccueveriiriieniiineseee e 38
Table 4.3 Linearity Assumption for Mathematics Lesson.........c.cccocevvvvveiieniennnene 39
Table 4.4 Correlations for Mathematics LESSON.........cccvveriereeiieiieniee e 39
Table 4.5 Linearity Assumption for Science Lesson ........cccccevveveieeieeiieciesieenenn 40
Table 4.6 Correlations for SCIENCE LESSON .......ccvvieierieiieniesiesiseeee e 40
Table 4.7 Linearity Assumption for Social Science Lesson ..........ccccevvvvververiennnnne 41
Table 4.8 Correlations for Social SCIENCE LESSON ......ccvevviveiveieiieneee e 41

Xi



LIST OF FIGURES

FIGURES

Figure 4.1 Secondary School Turkish EXam SCOreS.........ccccovvevvivieieeiesie e 32
Figure 4.2 Process Analysis for Turkish LeSSON..........ccceoeveiinininiiinieeecee, 33
Figure 4.3 Secondary School Mathematics EXam SCOrES............ccccovvevininerinnne, 33
Figure 4.4 Process Analysis for Mathematics LeSS0oN ..........ccccccvvveevveieiiennernene 34
Figure 4.5 Secondary School Science EXam SCOreS.........cccccvveveiiieieeiesiesieenenes 35
Figure 4.6 Process Analysis for SCIENCE LESSON............coovevvrireieeiinineisenereeenes 36
Figure 4.7 Secondary School Social Science EXam SCOFeS...........ccocovvvrvrviiciennnn, 36
Figure 4.8 Process Analysis for Social Science Lesson..........cccccvvvveveeveiiciinesnenn 37

Xii



LIST OF ABBREVIATIONS

ABBREVIATIONS

Al Artificial Intelligence

DM: Data Mining

EDM: Educational Data Mining

KDD: Knowledge Discovery in Databases
LA: Learning Analytics

LMS: Learning Management System
MOOC: Massive Open Online Course
PLE: Personal Learning Environments

PM: Process Mining

Xiii






CHAPTER 1

INTRODUCTION

Today, technological advancements have led people to leave copious amounts of
data in every field by connecting to the internet via their mobile devices and
computers. The number of workspaces with an advantage in using large data sets is
high. These workspaces gather data from diverse sources to improve customer
service, including social media, health records, purchases, and cell signals. Ensuring
the analysis is done correctly for large amounts of data is essential. The right kind of
analysis must be carried out to meet the needs of these datasets. At this point, it is
necessary to process and understand them with the help of Data Mining (DM) to
draw meaningful conclusions in large data sets. DM can be defined as a field that
provides meaning to extensive data sets with traditional data analysis processes and
artificial intelligence algorithms (Olson, 2007). DM is used in different sectors and
business areas, providing significant benefits in the processing and analyzing the
data obtained, such as marketing, investment, manufacturing, data cleaning, and

financial sectors (Fayyad et al., 1996).

Apart from the mentioned areas, DM has a more important place in education as
online learning platforms and interactivity increase and integrate into education
(Bartschat et al., 2019). In online learning platforms, DM is essential for
understanding students' learning habits and analyzing the information hidden in the
data (Mohamad & Tasir, 2013). With the data collected on these platforms, a student-
oriented education strategy can be followed by identifying the difficulties
experienced by students (Aldowah et al., 2019). Educational Data Mining (EDM), a
type of DM, focuses on data analysis and supporting learning in educational settings,
such as schools and universities (Romero & Ventura, 2013). EDM is defined as the



analysis of large-scale data in education, finding patterns within the framework of
these data, research, development, and using these methods to develop online

education platforms (Romero et al., 2010).

EDM, the research area that emerged with the idea of using DM methods in
education, has been separated as a different area for knowledge discovery and
decision-making with training datasets (Pefia-Ayala, 2014). A large number of
datasets increasing with EDM aims to provide information to instructors and provide
better learning support by examining students' behaviors and characteristics (Baker
& Inventado, 2014). Learning characteristics, academic achievement, interactions,
and individual learning preferences can be collected from online learning platforms
and used for effective learning (Aldowah et al., 2019). The field of EDM has
influenced many interdisciplinary fields, such as computer science and learning
analytics (Siemens & Baker, 2012).

Today, with the rise of online education, educators are worried about whether
students genuinely comprehend the content they teach and whether the lesson
objectives are being met successfully. With online learning environments, every
movement, intervention, and trace left behind by learners in different courses has
facilitated data collection to improve the learning environment (Peregrina et al.,
2014). However, the critical point here is to perform the logical analysis of the
collected data correctly and make the right decisions to improve learning. At this
point, Learning Analytics (LA) plays a vital role in analyzing the data and making
predictions in line with the analysis.

With all these concerns in mind, the LA area has evolved. LA is the process of
gathering, analyzing, and reporting data about learners and their context to
understand better and improve learning environments and processes (Long &
Siemens, 2011). The life cycle of the LA field can be defined as obtaining, storing,
and analyzing the data that learners leave on online learning platforms, making
predictions and decisions, and taking action as a result of the analysis (Khalil &

Ebner, 2015). The LA field's importance in helping improve learning is evident when



instructors identify the weak points of their students and course materials and give
feedback (Gasevic et al., 2015).

Moreover, LA has many advantages in the field of education for both instructors and
teachers. LA offers educators new methods to understand students and provide more
effective learning (Clow, 2013). With the help of the analysis obtained from LA,
instructors can give personalized feedback according to the learners, predict the
students with low success in the course, and intervene and improve learning
(Siemens, 2013). In addition, with the help of the LA results, the motivation of the
students to the lessons to increase their academic performance also came to the fore
as an essential factor for learning (Schumacher & Ifenthaler, 2018). In addition, with
the help of analysis results, teaching quality and learning practices can be improved,
and more successful results can be obtained for students (GaSevic¢ et al., 2015).
Furthermore, administrators can decide more easily on subjects such as learning
theories and assessment materials for future courses in line with the analysis results

and the actual forecasts (Simon, 2017).

Many studies have been carried out on the subject of LA. Most relevant studies on
LA attempt to predict learners' academic performance through online learning
platforms (Abdous et al., 2012; He, 2013; Romero-Zaldivar et al., 2012; Giesbers et
al., 2013; Dietz-Uhler & Hurn, 2013), giving feedback when necessary (Ifenthaler,
2017; Arnold & Pistilli, 2012; Papamitsiou & Economides, 2014; Ali et al., 2012;
Clow & Makriyiannis, 2011; Macfadyen & Dawson, 2010; Leong et al., 2012), on
evaluation studies (Terzis & Economides, 2011; Kizilcec et al., 2013; Barla et al.,
2010; Chen & Chen, 2009; Wilson et al., 2011; Worsley & Blikstein, 2013), on
students likely to drop out of course (Dejaeger et al., 2012; Dekker et al., 2009;
Giesbers et al., 2013; Gurus et al., 2010; Kizilcec et al., 2013; Freitas et al., 2015),
to provide personalized learning (Avella et al., 2016; Siemens, 2013; Romero et al.,
2009), study student motivation (Clow & Makriyiannis, 2011; Giesbers et al., 2013)
and examine self-awareness using learning analytics (Papamitsiou & Economides,
2014; Fournier et al., 2011; Santos & Boticario, 2012). All studies show that

considering the steps and recommendations in the research framework, LA is an



essential tool for analyzing data obtained in education and learning platforms and

predicting results.

In addition, many people are unaware that every click on the internet leaves behind
atrace. This data is known as "log data" and is created by the actions taken and traces
left behind (van der Aalst, 2011). The amount of event data generated constantly
increases in all industries, economies, organizations, and households, according to
Manyika et al. (2011). Examining users' online behavior is crucial, and collecting
data plays a significant role. "Process mining" is one area that utilizes data science

to analyze user behavior.

Process mining uses event logs in modern systems to gain insights, track progress,
and optimize processes. This approach enables the discovery, monitoring, and
optimization of essential processes (van der Aalst, 2011). Process mining analyze
student activities and learning materials to help educators understand student
progress and identify areas where assistance may be needed (Uzir et al., 2020).
Several process mining tools can be used to visualize student activities (e.g., ProM
and Fluxicon Disco) in the literature (dos Santos Garcia et al., 2019; Bogarin et al.,
2018). In this way, students' transition and frequency between activities can be

examined, and more effective learning can be achieved.

There are various methods to make learning permanent. Rather than presenting
learning materials continuously, spaced practice, distributed practice, or spaced
repetition learning strategies involve distributing and repeating the materials over
time. These strategies enhance cognitive learning and consolidation (Cepeda et al.,
2006). On the other hand, repeatedly retrieving information from memory to enhance
learning and retention is referred to as retrieval practice (Roediger & Butler, 2011).
Retrieval practice employs techniques such as practice tests, flashcards, and open-
ended writing to help recall information. Long-term learning benefits are more
durable when information is retrieved repeatedly with intervals of time in between
compared to simply reviewing the same information over the same intervals
(Carpenter et al., 2022).



This study aims to determine whether there is a relationship between practice and
exam performance in using online learning platforms among secondary school
students. In addition, a process analysis of the use of online learning platforms was
carried out with the obtained data sets. This analysis was carried out by dividing the
students into two groups according to their exam performance and according to
lessons. The process maps obtained from the applied analyses were created, and the

factors predicting the success were examined.

1.1  Purpose of the Study

Nowadays, e-learning environments are gaining value with the widespread use of
online learning. These platforms, also used in schools, transfer learning between
students and educators. With the spread of online learning platforms, data such as
students' interaction with course materials and test results can be followed by
educators. Today, large amounts of data can be collected with the widespread use of
online platforms. In education, learning analytics is essential in making the necessary
inferences from these data and making learning more effective. Analyzing the
obtained data correctly and making logical inferences is crucial in this context. This
study aims to determine whether there is a correlation between students' exam
performances and their practice results on the learning portal in Turkish,
Mathematics, Science, and Social Science courses. In addition, with the data
obtained, the students were divided into two groups according to their exam
performance. The factors predicting the success were examined by using process

mining techniques to draw the process maps between the learning portal activities.

1.2 Problem Statement

This study examined the relations between students’ practice and exam scores within

an online learning portal at the secondary school level. Using process mining and



correlation analysis provided a comprehensive understanding of young learners’

behavior in online learning environments.

1.3 Research Questions

e Is there a correlation between students’ exam scores and practice scores
obtained in the learning portal in Turkish, Mathematics, Science, and Social
Science courses respectively?

e How do the frequency and sequence of transitions between lecture, practice

and exam activities relate to level of student achievement?

1.4  Significance of the Study

In recent years, the importance of data mining is evident with the increase in the use
of online platforms and the collection of data for more efficient learning. In this
study, a process analysis of the students was carried out with the data obtained from
the learning portal. The analysis examined students' behaviors on the learning portal
according to the success groups. Students' learning habits were determined, and
inferences were made for better learning on online learning platforms. In addition,
in light of the results obtained, educators and administrators have valuable
information on what needs to be done for better learning on online platforms.
Moreover, the relationship between practice and the exam was examined using the
learning portal. With the results obtained from the study, those working in the field
of education gain important information about the use of practice in improving
learning performance. Additionally, there are few studies in the literature on young
learners’ behavior in online learning environments, highlighting the importance of

this study.



1.5

Limitations of the Study

The study is limited to 364 secondary school students using the learning
portal in Turkey.

The students were chosen by convenience sampling.

The study is limited to students’ success in Turkish, Mathematics, Science,
and Social Science courses.

It was assumed that the students in the study used the learning portal as
desired.

The research data was collected during the Covid-19 pandemic.

Students’ practice and exam scores are collected in an uncontrolled learning

portal.






CHAPTER 2

LITERATURE REVIEW

In this section, the processing of large-scale data, the areas where it is used, and the
Data Mining concept were discussed in this context. In addition, the intersections of
the field of education and large-scale data and their benefits were mentioned.
Moreover, the current importance and usage of the Learning Analytics and Process
Mining fields were explained. Finally, research related to the study was examined,

spaced and retrieval practice was discussed in detail.

2.1  Data Mining

Today, the increase in the amount of data and the interpretation of this data have
increased the interest in Data Mining (DM). Institutions and individuals who had to
deal with large data sets faced the challenge of reaching conclusions with a manual
analysis. DM is a field that enables to make inferences from large data sets (Kriegel
etal., 2007). DM, also known as Knowledge Discovery in Databases (KDD), can be
defined as the process of discovering usable and meaningful data from data using
specific algorithms and patterns (Fayyad et al., 1996). DM has proven its worth in
almost every academic discipline in which it has been used. These fields include
banking, health systems, financial analysis, insurance, and education (Olson, 2007).

The steps to extract the necessary information from the data can be defined as data
selection, cleaning and preprocessing, data transformation, searching for patterns in
the data, evaluating the data, and extracting the information (D’oca & Hong, 2015).
The main objectives of the DM field are divided into prediction and description,
which form the basis of the methods used in this field (Fayyad et al., 1996). The



primary methods used in data mining are characterization, classification, evaluation,

matching patterns, clustering, and visualizing data (Liao et al., 2012).

DM is essential in education as it is used in many business areas. In order to process
the large data sets collected in the field of education, make them meaningful, and
contribute to this field, the field of Educational Data Mining (EDM) has developed

over time, and a new research area has been formed.

2.2  Educational Data Mining

The increase in the number of online environments used in education, such as the
Learning Management System (LMS) and the Massive Open Online Course
(MOOC), and the increase in the amount of data collected can be used to solve
different educational problems (Romero & Ventura, 2013). When students complete
the course requirements in online learning environments, they leave statistically
essential data such as time spent and course grades. Every educator wants their
students' learning to become more efficient. For this reason, the data left in the online
learning environments where the course takes place can be used with the help of
EDM to improve course quality and for better learning in the future. EDM is
significant in examining students' learning behaviors, especially in online learning
environments (Mohamad & Tasir, 2013). It can also be explained as an application
of Data Mining techniques used to find answers to educational questions with data
sets collected in educational environments (Romero & Ventura, 2013). EDM is a
field that develops on finding patterns and making predictions by examining learners'
characteristic behaviors, achievements, course content, and educational concepts
such as assessment materials from the perspectives of design models, methods, and
algorithms (Pefia-Ayala, 2014).

EDM enables learners to create self-awareness learning environments by analyzing

the obtained data. These environments allow learners to design patterns according to

10



their needs and provide feedback for different learning styles and groups

(Papamitsiou & Economides, 2014).

Although EDM uses data mining, statistics, and visualization techniques, it needs
more customized research as a separate and advanced field (Romero & Ventura,
2007). EDM stages can be listed as preparation of the environment in the learning
process, preliminary preparation of the process, data collection and reporting, and
estimation of the results (Papamitsiou & Economides, 2014). With the data
collection techniques in online learning environments, text mining, pattern mining,

classification, and data visualization can be performed (Aldowah et al., 2019).

2.3 Learning Analytics

Interest in managing large data sets has increased with the rise of online platforms in
education. (Clow, 2013). Technology-driven learning environments provide an
excellent opportunity to analyze students' behavior and reshape it accordingly
(Schumacher & Ifenthaler, 2018). However, unlike other sectors, there have been
some difficulties in analyzing data obtained in education and developing learning
environments according to these analyses (Siemens, 2013). Although high amounts
of data were obtained from online learning systems such as LMS and Personal
Learning Environments (PLE), data for learning and teacher development was
limited (Greller & Drachsler, 2012).

The data collected during the interactions in education and information technologies
has recently attracted attention within the framework of the Learning Analytics (LA)
research field in terms of understanding subjects such as the learning process
(Gasevi¢ et al., 2015). According to Long and Siemens (2011), LA is defined as the
“measurement, collection, analysis and reporting of data about learners and their
contexts, for purposes of understanding and optimizing learning and the

environments in which it occurs “(p. 34). With the rich data sources obtained, the

11



goal of understanding the learning methods of the learners and performing better

teaching has become possible in the LA field (Gursoy et al., 2016).

LA is close to several related research areas, such as Academic Analytics and
Educational Data Mining (Viberg et al., 2018). LA aims to develop a better learning,
teaching, and learning process by creating and analyzing a pattern of the learning
process from the data obtained by the actions of students, teachers, and

administrators in online education environments (Peregrina et al., 2014).

Khalil and Ebner (2015) describe the life cycle of the LA approach as four main
stages:

e Production of Data
e Data Store
e Analysis

e Act

LA life cycle starts in online learning environments, and data are obtained from
different environments such as LMS and MOOC. In these environments, learners
leave traceable data behind, which indicates that learners are data sources. Obtained
data sets create patterns and are analyzed with analysis methods and techniques. As
a result of the analysis, some forecasting, recommendations, and interventions are

determined to improve learning (Khalil & Ebner, 2015).

LA has several advantages in education for learners, teachers, and administrators. In
terms of educators, it provides the opportunity to monitor the real-time performance
of the learners and intervene with learning activities on time. At the same time, for
the students, it ensures that they are motivated by getting information about their
situation and helping each other. It enables administrators to compete with other
institutions and not be economically challenged (Long & Siemens, 2011). With the
help of the data obtained with LA, learner-oriented education is facilitated during the

process, and personalization increases (Greller & Drachsler, 2012). In this way,

12



students are evaluated by examining the results of the LA analysis, and the education

given is improved over time.

Educators have professional responsibilities to increase students' learning levels, and
the LA research field includes powerful tools and methods to achieve this (Clow,
2013). Educators can make their lessons more productive and provide better learning
with LA. In addition, by analyzing student behavior, educators can predict their
success and grades, monitor course progress, and track time spent in the online
learning environment with timestamps. (AbuKhousa & Atif, 2016; Cambruzzi et al.,
2015; Harrison et al., 2015; Menchaca et al., 2015; Vahdat et al., 2015; Wise, 2014).
In light of the data obtained, educators can improve learning by identifying students'
weak points according to the activities performed and giving feedback on where they
are stuck (Gasevi¢ et al., 2015). In terms of administrators, a result of LA analysis
can allow educators to change the course in this direction by making the necessary

decisions so that fewer students will fail in future courses (Simon, 2017).

On the other hand, there are some critical issues while collecting data and estimating
the analysis results, such as information, location confidentiality, and ethical and
time problems (Slade & Prinsloo, 2013). In addition, institutional decisions should
be made within the framework of ethical principles, and institutions should act and
guide following the general decision (West et al., 2016). On the other hand,
according to the analyzed data, the support and intervention of the learners should

be done on time and according to specific needs (Siemens, 2013).

2.4  Related Studies about Learning Analytics

In the literature, when relevant review articles are examined (Papamitsiou &
Economides, 2014; Banihashem et al., 2018) generally uses quantitative data such
as age, gender, previous academic achievements, family status. Some of the research

topics of the articles are divided into paragraphs and explained in detail.

13



Firstly, learning analytics demonstrate efficacy in providing timely feedback and
effective interventions, predicting student achievements, analyzing learning habits,
and fostering a supportive and personalized educational environment. To improve
the accuracy of predicting students' performance, removing answers with extremely
high or low probabilities of being correct is recommended. It can be achieved using
forecasting techniques considering sequential information (Ouyang et al., 2023;
Ifenthaler, 2017; Arnold & Pistilli, 2012; Papamitsiou & Economides, 2014; Ali et
al., 2012; Clow & Makriyiannis, 2011; Macfadyen & Dawson, 2010; Leong et al.,
2012; Terzis & Economides, 2011; Kizilcec et al., 2013; Barla et al., 2010; Chen &
Chen, 2009; Wilson et al., 2011; Worsley & Blikstein, 2013; Shih et al., 2008;
Abdous et al., 2012; He, 2013; Romero-Zaldivar et al., 2012; Giesbers et al., 2013;
Dietz-Uhler & Hurn, 2013).

Several studies have highlighted the significance of learning analytics in improving
students' self-awareness, fostering collaborative learning, predicting dropouts, and
enabling personalized learning experiences. The findings indicated that learning
analytics in education could yield significant advantages, including boosted student
engagement, enhanced learning achievements, and the identification of students who
may be at risk (Yang & Ogata, 2023; Papamitsiou & Economides, 2014; Fournier et
al., 2011; Santos & Boticario, 2012; Dejaeger et al., 2012; Dekker et al., 2009;
Giesbers et al., 2013; Guruler et al., 2010; Kizilcec et al., 2013; Freitas et al., 2015;
Avella et al., 2016; Siemens, 2013; Romero et al., 2009).

It has been demonstrated through multiple studies that learning analytics can inform
the development of curriculum, improve the design of learning experiences, and
offer cost-effective educational solutions based on data-driven insights. By
providing data-driven insights to support decision-making, learning analytics can
positively impact curriculum development (Avella et al., 2016; Reyes, 2015; Freitas
et al., 2015; Lockyer et al., 2013; Dekker et al.,2009; Dinu et al., 2017).

Lastly, numerous studies have shown that learning analytics can increase student

motivation and provide valuable information on achievement rates and exam
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performances, creating a more engaging and informed learning environment
(Ifenthaler et al.,, 2023; Giesbers et al., 2013 Clow & Makriyiannis, 2011;
Lykourentzou et al., 2009).

As a result of the related studies in the literature, some conclusions can be reached
by making inferences. One of them, LA research, shows that online education
platforms can collect and analyze data about learners and educators within the course
framework. With the analysis results obtained, the students' academic performance
can be observed, and interventions can be made to the learners when necessary, such
as feedback. Therefore, this situation can be prevented by recognizing students with
deficient performance who are likely to drop out of the course. In addition, with the
developed online learning portals, the self-awareness feature of the students can be

improved, and their motivation for the lesson can be increased.

Moreover, educators can monitor and analyze students' performance throughout the
semester with these portals. In this way, the learners' performance increase can be
observed, and personalized learning can be provided. However, it should be noted
that these analyses must be done carefully and diligently in order to make the right

interventions for learners.

It is crucial to consider cognitive strategies that can enhance learning outcomes to
improve the effectiveness of interventions. As such, the next section examines the
existing literature on spaced and retrieval practices - two techniques shown to

improve information retention and retrieval significantly.

2.5  Cognitive Strategies for Learning

There are six main strategies for effective learning. Firstly, elaboration integrates
new information with pre-existing knowledge by expressing it in one's own words
and establishing connections with the existing knowledge, facilitating
comprehension and retention (Brown et al., 2014). Secondly, interleaving can be

employed, incorporating varied problems or materials into study sessions to enhance
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learning and retention (Rohrer D., 2012). Thirdly, using concrete examples to
exemplify abstract concepts is a commonly employed technique that aids in
enhancing comprehension (Rawson et al.,2015). Fourthly, dual coding involves
using visual and verbal methods to improve memory retention and comprehension
of information (Mayer & Anderson, 1992). The last two strategies, spaced and
retrieval practice, are the most frequently used in online learning environments.

These strategies are explained in detail in the following sections.

25.1 Spaced Practice

In the field of education, both students and teachers have sought methods for
effective learning. One of the basic requirements of learning is to practice. The
timing of the practice is crucial and can significantly impact the outcome (Kang,
2016). The learning strategy known as spaced practice, distributed practice, or
spaced repetition involves distributing and repeating learning materials over time
rather than presenting them continuously, consolidated, and intended to enhance
cognitive learning (Cepeda et al., 2006). This approach differs from massed practice,
which presents information in a concentrated and uninterrupted manner (Toppino &
Cohen, 2010). Revisiting important concepts over time can significantly improve
student retention (Cepeda et al., 2006).

In education, it is necessary to implement spaced practice with appropriate methods
to be applied effectively in schools and online learning platforms (Petersen-Brown
et al., 2019). There are several ways to space out the exposure to content for better
retention. One effective method is to review the essential concepts from a lecture at
the end of each class and then review them again at the beginning of the next class
(Dunlosky & Rawson, 2015). It has been found that when information is retrieved
repeatedly with intervals of time in between, there are long-term benefits to learning
that are more durable than simply reviewing the information over the same intervals.
Additionally, retrieving information over longer spacing intervals is more effective

than doing so after shorter intervals (Carpenter et al., 2022).
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25.2 Retrieval Practice

Learning can be defined as acquiring new information or skills and adapting existing
knowledge. Enhancing the learning process has always been crucial for learners,
instructors, policymakers, and researchers (Yang et al., 2021). In the field of
education, different strategies have been developed to make learning more
permanent. Some effective strategies are summarization, keyword mnemonic,
rereading, note-taking, and practice testing (Dunlosky et al., 2013). Nowadays,
testing is generally used to measure students' performance in the measurement and
evaluation part. However, studies show retrieval practice is more effective than other
strategies to facilitate long-term learning and mastery of new information (Roediger
& Karpicke, 2006; Yang et al., 2017). The term retrieval practice is repeatedly
retrieving information from memory to improve learning and retention (Roediger &
Butler, 2011). Practice tests, flashcards, and open-ended writing are all different
methods of retrieval practice used to recall information (Carpenter et al., 2022).
Testing is an effective way to improve memory retention. It enhances retention more
than restudy, even when done without feedback. This phenomenon is called the
testing effect (Roediger & Karpicke, 2006).

Learning designers can use retrieval practice to enhance online courses' interactivity
and involvement (Millet et al., 2021). If teachers identify critical knowledge and
skills their students should learn, they can emphasize and test them repeatedly to
ensure mastery. (Roediger & Karpicke, 2006). With the spread of online learning
platforms, a more interactive learning environment has emerged for learners.
Students may not effectively use retrieval practice during the study if they hold
inaccurate metacognitive beliefs, which may lead them to avoid repeated self-testing
of material. Research suggests that people tend to restudy material rather than
repeatedly self-test, and even when they do self-test, they tend to drop the material
after being recalled once. (Karpicke, 2009; Kornell & Bjork, 2008). Although these
environments benefit from technology, a design in the light of learning strategies is

essential for efficient learning. It is aimed at making learning more efficient with
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different interactive practice techniques. The learner must also decide when to end
or adjust their study. In general, it is not only necessary to teach individuals different
methods of acquiring information, but it is also crucial to instruct them on how to

assess the efficacy of these methods. (King et al., 1980).

Three instructional conditions need to be met to maximize the positive effect of
retrieval practice on learning outcomes. These conditions are spacing, feedback, and
desirable difficulties. Scholars recommend that retrieval practice be spaced equally
with longer intervals for maximum effectiveness. Feedback is essential in
recognition tests, such as multiple-choice or true/false questions, because incorrect
information can be exposed. By increasing the difficulty of the practice, learners'
initial retrieval and storage strength can be lowered, leading to better long-term
retention. (Millet et al., 2021)

In online learning platforms, self-regulation is expected from students. For this
reason, to improve learning on these platforms, some instructions are applied that
students should follow. Strategies developed for students to repeat study materials
have been observed to affect learning (Ariel & Karpicke, 2018). As crucial as
ensuring that students’ progress in a correct sequence with the necessary instructions,
the activities applied have an essential place in learning. Structuring or scheduling
learning activities over time is known as spacing, while retrieval practice refers to a
learning activity that can be included in a more comprehensive and organized plan
for effective learning (Carpenter et al., 2022). It is seen that learning is more efficient
when study and testing, which are learning stages, are applied consecutively in a
sequence (Roedieger & Butler, 2011). It has been observed in recent experiments
that providing explicit directions regarding the benefits of repeated retrieval practice
and how to employ this technique can modify and enhance students' self-regulated
learning behavior. A straightforward instructional intervention can enhance learning
results and encourage the use of effective self-regulated learning techniques that
endure over a prolonged period (Ariel & Karpicke, 2018). For this reason, in online

learning platforms, it can be ensured that students follow a specific process to
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perform more efficient learning and implement practice activities. The paths students

follow on these platforms can be examined using process mining.

2.6 Process Mining

Recent technological advancements have enabled individuals to carry out their daily
tasks using online platforms. Even though most people are unaware of it, every click
on the Internet leaves a trace behind. The data created due to the actions taken and
the traces left behind is called "log data.” This event data constantly increases
exponentially across all industries, economies, organizations, and households
(Manyika et al., 2011). Collecting this data is extremely important to examine users'
online behavior. One of the fields that analyzes user behavior with data science is

"process mining."

Process mining involves utilizing event logs that are easily accessible in modern
systems to gain insights, track progress, and enhance actual processes. This approach
enables the discovery, monitoring, and optimization of essential processes (van der
Aalst, 2011). It can discover more information about events by referring to the event
logs. Process mining techniques frequently use this data, which includes details like
the identity of the resource (whether it is a person or device) that performed or
triggered the activity, the event's timestamp, and any recorded data elements
associated with the event (van der Aalst, 2012). Teachers can utilize the learning
behaviors of their students in order to gain insight into and facilitate the learning
process. However, analyzing various learning pathways can prove challenging for

instructors to undertake manually in widespread education (Moreno et al., 2021).

In event log structure, there are three significant components: Case ID specifies the
instance or case to which an event or action belongs; activity, which captures the
action performed by the event; and timestamp, which represents the time at which
the event occurred (Moreno et al., 2021). These elements are essential parts of

process analysis. With this data, analyzes can be carried out in the field of education.
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Process mining can be used in education to analyze how students learn. It involves
looking at students' activities (e.g., viewing, attempting, and updating) and learning
materials (e.g., assignments, quizzes, resources, and forums). By combining this
information, educators can better understand how students are progressing and what
they might need help with (Uzir et al., 2020). After converting the data into the
required format of an "event log," process mining techniques and tools can create a

model without relying on any pre-existing information (van der Aalst, 2011).

Process mining models have gained popularity in learning analytics for their ability
to describe and analyze learning processes. This approach has proven helpful for
understanding the dynamics of how students learn and can provide valuable insights
for educational practitioners (Bogarin et al., 2018). In online learning, the teacher
typically gives students guidelines to follow to gain specific competencies and skills.
However, each student's learning style, pace, and preferred media content may differ,
which means that the path they take to acquire these skills may not be the same as
the one initially outlined in the online learning platforms. Combining process mining
and learning analytics techniques to analyze students' behavior patterns could

provide numerous advantages (Moreno et al., 2021).

Data and process mining algorithms can predict which online learning students may
fail to meet course requirements (Umer et al., 2017). Gasevic et al. (2017) examined
the correlation between students' reported learning strategies and those detected from
trace data and their impact on academic performance. The use of process mining
techniques in software development education can provide insight into the behavior
of both students and developers during coding sessions, ultimately leading to

enhanced coding processes (Ardimento et al., 2019).

Over the past few years, process mining techniques have increasingly been utilized
in education to analyze, enhance, and visualize learning processes. Numerous studies
have been conducted using these techniques (dos Santos Garcia et al., 2019; Bogarin
etal., 2018).
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Firstly, several studies have used process mining to identify bottlenecks in the self-
regulated learning curriculum, revealing insights into educational process efficiency
and potential areas for improvement. Comparisons between the paths taken by
successful and less successful students have been conducted in certain studies,
highlighting differences that could be utilized to enhance the curriculum (Hobeck et
al., 2022; Juhanak et al., 2019; Intayoad et al.,2018; Maldonado-Mahauad et al.,
2018; Qiao & Hu, 2018; Rodrigez et al., 2018; Cameranesi et al., 2017; Mukala et
al., 2017; Neyem et al., 2017; Alvarez et al., 2016; Aisa et al., 2015; Beheshitha et
al., 2015; Trcka & Pechenizkiy, 2009; Priyambada et al., 2017; Azzini et al., 2016;
Trcka et al., 2010; Wang & Zaiane, 2015).

Numerous publications have investigated the connection between students' learning
patterns and academic performance using process mining techniques. These studies
have provided valuable insights into the relationship between learning behaviors and
success. The studies also have highlighted the potential of educational process
mining in understanding and enhancing students' learning patterns and performance
(Sedrakyan et al., 2016; Vidal et al., 2016; Mukala et al., 2015; Sedrakyan et al.,
2014).

Several studies have utilized process mining to examine students' learning behavior
in specific educational activities. These studies aimed to improve understanding and
optimize instructional strategies based on observed behavior patterns (Bala et al.,
2022; Maita et al., 2017; Sobocinski et al., 2017; Wang et al., 2017; Castillo, 2016;
Doleck et al., 2016).

Numerous research have utilized process mining to cluster and map students'
profiles, which has led to significant improvements in the educational process. These
studies have aimed to create more personalized and effective educational experiences
by leveraging data-driven insights. Using clustering and mapping techniques is
particularly effective in mining educational processes (Ariouat et al., 2016; Cairns et
al., 2015; Bogarin et al., 2014).
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Lastly, some studies have delved into process mining to identify learning strategies
in educational processes. These studies have also focused on time management. The
findings of these studies have contributed to a better understanding of how students
interact with learning materials and manage their time. As a result, they offer
valuable insights for instructional design and support (Matcha et al., 2019 and time

management: Uzir et al., 2020).

Analyzing process mining data can contain numerous challenges. These challenges
include refining event data and dealing with complex event logs. It is essential to
ensure representative benchmarks and balance quality criteria. Combining process
mining with other analyses can be difficult, and usability should be improved for
non-experts (van der Aalst, 2012).

In recent years, multiple tools have been developed to aid process mining. When
examining education, the ProM framework and Fluxicon Disco tools are commonly
cited in publications (dos Santos Garcia et al., 2019; Bogarin et al., 2018). With the
process mining tools, models are created from the data obtained. With these models,
students' transitions between activities and the frequencies of these transitions are
visualized. In this way, a process model is created, and necessary investigations can

be made.

In summary, in this literature review, the concept of data mining is first reviewed,
and how data is obtained from large-scale organizations is examined. In education,
the traces left behind by students on the online learning platforms and how they were
analyzed were also mentioned. Secondly, the concept and development of learning
analytics, one of the main elements of the study, was mentioned. LA approach
consists of data acquisition, storage, analysis, and action parts. The studies’ topics
and results in this field's literature are also mentioned. Some of the studies in this
field are on examining students' behavior, improving their academic performance,
giving feedback, and how to make necessary interventions. Then, the concept of
process mining was investigated in the context of education. In online learning

platforms, students' activities can be observed throughout the learning process using
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log data and timestamps. Curriculum, learning patterns and performance, student
habits, and time management are some concepts discussed in the studies carried out
in this field. Finally, spaced and retrieval practice studies in education have examined

how learning can become more effective and permanent.

Only a few studies in the literature analyze the path students take in online learning
platforms. To fill this gap, in this study, students were grouped according to their
exam performance success, and the paths used by these groups and the transition
processes between activities were analyzed. The relationship between retrieval

practice and students' exam performances was also examined.
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CHAPTER 3

METHOD

This study collected data on students' performance scores and interaction in exams,
practice, and lecture sections with the learning portal utilized by a private school in
the first semester of the 2021-2022 academic year. The learning portal is a software
that enables students to attend courses, view the course content, assess performance
by practice and exam, and, at the same time, instructors can track and report learners'
information. The learning portal used in this study is the online practice supplement
used by private schools and in addition to the Ministry of National Education
curriculum. Based on these data, procedures were carried out to analyze the paths
followed by students between activities (such as lecture, practice, and exam) using
learning portal in Mathematics, Turkish, Science, and Social Science courses and to

determine the correlation between practice scores and exam scores.

3.1 Data Collection Environment

The K12 level learning portal is an optional product used in private schools in Turkey
and sold by a private company. Schools use this platform to support students' courses
and take practice and exams for some courses through the system. Permission was
obtained from the company to use secondary school students' data for a certain period
through the system.

The learning portal includes different types of educational content within the scope

of Turkish, Mathematics, Science, and Social Science courses.

The learning portal also includes many test questions in different subjects of the
specified courses. When students solve these tests, true, false, and blank questions

are recorded. Teachers, students, and parents can monitor students' success in each
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course. The timestamps when students started and finished the activities were also
recorded. In this way, the process data the students followed from the moment they

entered the system were collected.

The research was carried out on the exams applied in the study group's first semester
of the 2021-2022 academic year and the practice activities performed by the students
before the exam. The research was conducted with the data obtained by an
anonymized system. The exams were applied to measure the success of 5th, 6th, 7th,
and 8th grades in different subjects in Mathematics, Turkish, Science and Social
Science lessons. On the other hand, practices are designed to help students prepare
and reinforce their knowledge before taking these exams. The practice activities
include interactive exercises such as drag and drop, fill in the blanks, and matching.
This study divided secondary school students into two groups based on their average
exam scores in each course. The data collected was analyzed using process mining
techniques to examine the paths taken by the groups between activities. In addition,
the correlation between the practice and exam score’s part was also examined

according to the courses.

3.2 Data Source

The study's data was obtained from the online learning portal. The study consists of
364 students in 5th, 6th, 7th, and 8th grade from different private schools in Turkey

using the learning portal.

Table 3.1 Number of students by class levels

Level Total Students Percentage
5t Grade 137 37.64%
6" Grade 86 23.62%
7™ Grade 65 17.86%
8" Grade 76 20.88%
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3.3 Data Collection Procedures

Exam performance, practice performance, and system usage data of students using
learning portal were obtained from the system's database. The necessary SQL queries
were created, and the raw data was obtained as Microsoft Excel in ".xIsx™ format.
The data is divided into sections, such as lecture, practice, and exam, according to
the parts obtained from the system. These sections are collected in different Excel
sheets. The data collected from the system was used to understand the correlation
between students' success in practice and exam performance. In addition, students'
starting and finishing timestamp data were also collected to understand the effect of
transitions between lecture, practice, and exam activities on success via process

mining.

34 Measures

All variables in the Excel document have been renamed for easier understanding and

reporting in analysis programs in the study.

The first variable in the raw data is the exam performance data of the students, which
is included as the dependent variable in the study. In order to measure the success of
the students in the courses included in the learning portal, the number of correct,
incorrect, and blank questions applied in different subjects and the score data
obtained from the exam were used in the study.

The practices applied by the students in the learning portal to prepare for the exam
were used as an independent variable in the study. These practices include drag and
drop, fill-in-the-blanks, and matching activities. Students can log in to the same
practice more than once. When the same practice is applied again, the places of the
questions and choices change. The students' scores from the practices they applied

in different courses and on different subjects were used in the study.
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The learning portal has a section for students to view the course content and listen to
the lecture part. This section is aimed to enable students to listen and learn the
narration of different subjects belonging to different courses with course materials.
This variable was used as an independent variable in the process analysis.

In addition, the starting and finishing times of all the activities specified by the
students are found in raw data as timestamps. The path students took after entering
the learning portal was analyzed using this data.

34.1 Data Pre-Processing

All data obtained from the learning portal were not included in the study. First, the
variable names in the raw data were rearranged and made understandable. Missing
values were determined, and the Excel file was rearranged to analyze the path they
followed during the learning portal by grouping the secondary school students
according to success. The histograms were created by separately calculating the
exam score averages of the students in Turkish, Mathematics, Science, and Social
Science lessons. With the help of the histograms, the students were divided into two
groups: medium and high performers. The starting and finishing timestamps of these
two groups of students for learning portal’s activities (lecture, practice, and exam)
were rearranged in Excel documents. This way, the raw data was ready for the
process analysis study that the students followed in the learning portal according to

the success groups.

In addition, in the learning portal, secondary school students' practice, and exam
scores are grouped according to the courses in the Excel document to analyze the
correlation between these variables. Missing values in practice and exam scores of
students in Mathematics, Turkish, Science, and Social Science courses were
determined. Students' exam and practice score averages in these courses were

calculated without missing values. The students' practice and exam averages were
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matched in the Excel document, and the data was made ready for the correlation

analysis between practice and exam scores.

3.5  Data Analysis

In this study, the Fluxicon Disco tool was used to analyze the path followed by the
students during the use of the learning portal. In addition, the Pearson Correlation
was used to analyze the relationship between practice and exam scores. The Fluxicon

Disco tool and Pearson Correlation were explained in detail in this part of the study.

3.5.1 Process Mining Analysis in Learning Portal Usage

Modern systems provide event logs that can be used for process mining to gain
insights, track progress, and improve actual processes. According to van der Aalst
(2011), this approach makes it possible to discover, monitor, and optimize crucial
processes. In the structure of an event log, there are three essential components. The
Case ID specifies the instance or case to which an event or action belongs. The
activity component captures the action performed by the event. Finally, the
timestamp represents the event's exact time (Moreno et al., 2021). Various process
mining tools have been developed in recent years. ProM framework and Fluxicon
Disco are frequently used in education research for creating process models and
investigating students' activity transitions and frequencies (dos Santos Garcia et al.,

2019; Bogarin et al., 2018). This study used the Fluxicon Disco algorithm to analyze

the learning process and draw the paths ( https://fluxicon.com/disco/ ). This software
has been used in studies with similar research objectives. The software was selected
because it has an appropriate algorithm for conducting process analysis in the study.
The algorithm is designed to produce logical and understandable results by
processing complex processes. The tool visualizes the results as a process map,
adapting the desired analysis with measurements and filters to the questions to be

investigated. Utilizing the Disco algorithm, the study demonstrated the analysis of
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the process involving the students' lecture, practice, and exam activities within the
learning portal. The students' use of which activity and how much and the transitions
between the activities were visualized with the Disco tool analysis. The percentages
of the resulting numerical values were added to the process map. In every lesson,
two separate analyses were made with the Disco algorithm, and process maps were
visualized for the students, who were divided into two data groups as medium and
high performers according to the average exam scores they obtained in these lessons.
In this way, students' paths in different achievement groups in the learning process

were analyzed.

3.5.2 Correlation Analysis Between Exam and Practice Scores

Pearson correlation was used in the study to understand the relationship between
students' exams and practice scores. Pearson correlation, which assesses the direction
and strength of a two-variable linear relationship, is one of the most used correlation
methods (Gravetter & Wallnau, 2014). The correlation coefficient evaluates how
often two variables' values increase or decrease together (Boslaugh, 2012). This
method is preferred because it can accurately determine the degree, direction,
presence, or absence of a relationship between two variables. In this study, students
can interactively repeat the information they learned in the lessons in the learning
portal’s practice section and prepare for the exams. The average of the scores they
obtained from the practice activities and the average of their scores in the exams
were arranged in the Excel document and grouped according to the courses. Pearson
correlation analysis was applied to the obtained raw data using SPSS software. In
this way, the relationship between secondary school students' practice and exam

scores was analyzed according to the courses.
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CHAPTER 4

RESULTS

The results of the process mining and correlation analyses carried out are explained

in detail.

4.1  Process Mining Analysis Results

As stated in the Method section, the students were divided into two groups according
to their exam scores in Turkish, Mathematics, Science, and Social Science lessons.
Process analysis was run with the Disco algorithm to extract the students' activities
into process maps according to achievement levels for each lesson. The exam score
average of the students in the learning portal was used as a performance variable.
The division was made according to the 25th percentile of the exam scores, and the
students were divided into two groups according to the histograms. The cut point
was determined according to the shape of the histograms obtained from exam
averages. Therefore, those with 75 points and above are considered high performers,
and those with 75 points below are medium performers. While the students were
divided into two groups according to their exam score averages, the analysis did not
include students with missing values in the raw data and students with zero points in

the first exam.

The process mining analysis examines students' transitions between activities within
the learning portal by creating a process map. Secondary school students were
separately divided into two performance groups according to their exam score
averages in Turkish, Mathematics, Science, and Social Science lessons. In each
group, the analysis of the paths followed by the students on the learning portal
between activities was visualized. The activities in the learning portal consist of

lecture, practice, and exam sections and are symbolized by boxes. The darkness of
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the box color and the numbers inside the box represent the frequency of the activity.
The lines with arrows between the boxes represent students' transitions between
different activities. The thickness of these lines indicates the frequency of transitions

between activities.

In the Fluxicon Disco tool, the arrows between the boxes representing the activities
and next to the arrows symbolizing the transitions between the activities show the
absolute frequencies. The percentages in the boxes show the activity numbers
converted to percentages (%). The percentages displayed alongside the arrows that
indicate the movement from one activity to another represent the transitions between

activities converted into percentages.

4.1.1 Process Mining Analysis Result for Turkish Lesson

Secondary School Turkish Exam Scores (n=285)
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Figure 4.1 Secondary School Turkish Exam Scores

After the students were divided into two groups, process analysis was applied to
these groups with the Disco algorithm separately.

As seen in the results of the Turkish Lesson analysis (Figure 4.2), in the high
performers' group, the percentage of students performing the practice activity is
36.10%. In comparison, in the medium performers group, it is 31.19%. Furthermore,
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it is observed that the students in the high performers group repeat the practice
(15,84%) activity. On the other hand, this percentage is not found in the medium
performers group. Moreover, in the medium performers' group, it was seen that the
students preferred the Lecture>Exam (7,58%) path. On the other hand, it is seen
that the high performers' group does not prefer the Lecture—>Exam path.

Turkish Lesson High Performers Turkish Lesson Medium Performers
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Figure 4.2 Process Analysis for Turkish Lesson

4.1.2 Process Mining Analysis Result for Mathematics Lesson
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Figure 4.3 Secondary School Mathematics Exam Scores
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After the students were divided into two groups, process analysis was applied to

these groups with the Disco algorithm separately.

As seen in the results of the Mathematics Lesson analysis (Figure 4.4), the

percentage of students performing the practice activity is 32.92% in the high

performers' group. In comparison, in the medium performers' group, it is 31.71%.

Moreover, the Practice>Exam path is preferred 0.90% more in the high performers

group than the medium performers group.
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Figure 4.4 Process Analysis for Mathematics Lesson
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4.1.3 Process Mining Analysis Result for Science Lesson
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Figure 4.5 Secondary School Science Exam Scores

After the students were divided into two groups, process analysis was applied to

these groups with the Disco algorithm separately.

As seen in the results of the Science Lesson analysis (Figure 4.6), in the medium
performers' group, it was seen that the students preferred the Lecture->Exam
(6.37%) path. On the other hand, it is seen that the high performers' group does not
prefer the Lecture>Exam path. In addition, the Practice->Exam path is preferred
2.03% more in the high performers' group than the medium performers' group.
Moreover, it is observed that the students in the high performers group repeat the
exam (9.87%) activity. On the other hand, this percentage is not found in the medium

performers group.
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480(30,26%) (9.87%) (8.23%)
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(6.46%) 44% 629(39,66 11,77%)

(6.04%)

(2,53%)

Figure 4.6 Process Analysis for Science Lesson

4.1.4 Process Mining Analysis Result for Social Science Lesson

Secondary School Social Science Exam Scores (n=387)
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Figure 4.7 Secondary School Social Science Exam Scores

After the students were divided into two groups, process analysis was applied to

these groups with the Disco algorithm separately.
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As seen in the results of the Social Science Lesson analysis (Figure 4.8), the
percentage of students performing the Practice activity is 29.68% in the high
performers' group. In comparison, in the medium performers' group, it is 21.69%. In
addition, the high performers’ group followed the path of Lecture—>Practice
(19,66%) and Practice—>Exam (17,20%). On the other hand, the medium performers’
group followed the path of Lecture->Practice (14,29%) and Practice->Exam
(10,26%). High performers' path of Lecture—>Practice>Exam (36,86%) is 12.31%
higher than the medium performers' path of Lecture—>Practice>Exam (24,55%).
Moreover, in the high performers group, it was seen that the students preferred the
Practice>Lecture (6,84%) path. On the other hand, it is seen that the
Practice—> Lecture path is not observed in the medium performers’ group.

Social Science Lesson High Performers Social Science Lesson Medium Performers

Lecture
407(41,66%)

(1,82%) (3,30%)

Practice
290(29,68%)

(4,76%)

(7.69%) (8.06%)

Figure 4.8 Process Analysis for Social Science Lesson

4.2  Correlation Analysis Results

In the study, Pearson Correlation analysis was applied to examine the relationship
between the exam and the practice scores of secondary school students conducted in

the learning portal in Turkish, Mathematics, Science, and Social Science courses.
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In order to improve the transparency and rigor of the analysis, it is crucial to
thoroughly examine the linearity assumption before analyzing the Pearson
correlation results. This is accomplished by utilizing linearity assumption tables,
which provide a comprehensive overview of the linear relationships among the
variables being considered. In this study, before investigating the correlation
between practice and exam scores, linearity was examined for each course. The
tables presented beforehand establish a strong foundation for interpreting Pearson
correlation results. This ensures detailed, well-informed, and meaningful

conclusions from the study's findings.

Analysis was done in SPSS software, and analysis outputs were added as tables. At
the secondary school level, linearity assumption, Pearson Correlation analysis result

tables, and explanations applied separately for each course were explained in detail.

4.2.1 Correlation Analysis Result for Turkish Lesson

Table 4.1 Linearity Assumption for Turkish Lesson

ANQOVA Table
Sum of
Squares df Mean Square F Sig.
TurkishExam * Between Groups (Combined) 39443,350 66 597 627 1,769 ,068
TurkishPractice Linearity 12179,161 1 12179,161 36,053 ,000
Deviation from Linearity 27264,189 65 419 449 1,242 292
Within Groups 7431,826 22 337,810
Total 46875,177 88

Table 4.1 examines the assumption of linearity between the practice and exam scores
of students in the Turkish lesson. It can be seen in the Deviation from the Linearity,

0.292 > 0.05, which concluded a linear relationship between the two variables.

Table 4.2 Correlations for Turkish Lesson

Practice Exam

Practice

Exam B51**

Note. N = 89. **Correlation is significant at the 0.001 level (2-tailed)
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A Pearson correlation coefficient was computed to assess the linear relationship

between practice score and exam score in Turkish Lesson at secondary school level.

There was a positive correlation between the two variables, r = +0.51, n = 89, p <
.001, two tails.

4.2.2 Correlation Analysis Result for Mathematics Lesson

Table 4.3 Linearity Assumption for Mathematics Lesson

ANOVA Table
Sum of
Squares df Mean Square F Sig.
MathematicsExam * Between Groups (Combined) 69445,327 112 620,048 1,214 197
MathematicsPractice Linearity 13914,647 1 13914 ,647 27,237 ,000
Deviation from Linearity 55530,680 111 500,276 979 ,545
Within Groups 33717,592 66 510,873
Total 103162,920 178

In Table 4.3, the linearity assumption between the Mathematics lesson practice and
exam scores of the students is explored. The Deviation from Linearity, which is
0.545, indicates a linear relationship between the two variables as it is more
significant than 0.05.

Table 4.4 Correlations for Mathematics Lesson

Practice Exam

Practice
Exam 37**

Note. N = 179. **Correlation is significant at the 0.001 level (2-tailed)

A Pearson correlation coefficient was computed to assess the linear relationship
between practice score and exam score in Mathematics Lesson at secondary school

level.

There was a positive correlation between the two variables, r = +0.37, n = 179, p <
.001, two tails.
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4.2.3 Correlation Analysis Result for Science Lesson

Table 4.5 Linearity Assumption for Science Lesson

ANOVA Table

Sum of
Squares df Mean Square F Sig.
ScienceExam * Between Groups (Combined) 50857,656 111 458 177 1,192 182
SciencePractice Linearity 11737,025 1 11737,025 30,539 ,000
Deviation from Linearity 39120,631 110 355,642 ,925 656
Within Groups 40353,975 105 384,324
Total 91211,631 216

Table 4.5 examines the linear relationship between students' science lesson practice

and exam scores. Deviation from Linearity, 0.656 > 0.05, indicating a significant
linear relationship.

Table 4.6 Correlations for Science Lesson

Practice Exam

Practice

Exam .36**

Note. N = 217. **Correlation is significant at the 0.001 level (2-tailed)

A Pearson correlation coefficient was computed to assess the linear relationship

between practice score and exam score in Science Lesson at secondary school level.

There was a positive correlation between the two variables, r = +0.36, n = 217, p <
.001, two tails.

40



424 Correlation Analysis Result for Social Science Lesson

Table 4.7 Linearity Assumption for Social Science Lesson

ANOVA Table
Sum of
Squares df Mean Square F Sig.
SocialScienceExam *  Between Groups (Combined) 22846,378 62 368,490 1,093 ,375
SocialSciencePractice Linearity 5325,455 1 5325,455 15,801 ,000
Deviation from Linearity 17520,923 61 287,228 ,852 725
Within Groups 16514,888 49 337,039
Total 39361,266 11

Table 4.7 examines the correlation between students' social science lesson practice
and exam scores. Deviation from linearity (0.725 > 0.05) indicates a significant

linear relationship.

Table 4.8 Correlations for Social Science Lesson

Practice Exam

Practice
Exam 37**

Note. N = 112. **Correlation is significant at the 0.001 level (2-tailed)

A Pearson correlation coefficient was computed to assess the linear relationship
between practice score and exam score in Social Science Lesson at secondary school
level.

There was a positive correlation between the two variables, r = +0.37, n = 112, p <
.001, two tails.

A positive correlation was found in each lesson between the reinforcement activities
carried out in the practices and the grades that the students got from the exams of the
lessons. As explained in the results of the Pearson Correlation analysis, the practice
made had a positive impact on learning in Turkish, Mathematics, Science and Social

Science lessons’ exam scores.
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CHAPTER 5

DISCUSSION AND CONCLUSION

In this study, the processes between lecture, practice, and exam activities in learning
portal were examined according to success groups, and it was determined how the
frequency and sequence of transitions between activities relate to students’
achievement level in Turkish, Mathematics, Science, and Social Studies courses.
Moreover, the research examined the data obtained from the learning portal used by
middle school students, the correlation between the exam scores, and the practice
scores in the system. The study utilized learning analytics, process mining
techniques, and Pearson Correlation for analysis. When analyzing the students'
activities in the learning portal, their starting and finishing times were taken into
consideration. In this way, the sequence and frequency of activities were analyzed
through path analysis. Moreover, correlation analysis was applied to examine the
relationship between exam score and practice score. The research questions were
thoroughly analyzed, and as a result, the answers to these questions were uncovered.

The study's results suggest a significant positive correlation between the students'
exam scores and their practice scores in Turkish, Mathematics, Science, and Social
Science courses at the secondary school level in learning portal. The Pearson
Correlation analysis was utilized for each lesson separately, and a positive
relationship was observed in all courses (see Chapter 4.2). Furthermore, in the
learning portal, the students’ process mining analysis in the activities was examined
separately for each course in two success groups: high performers and medium
performers (see Chapter 4.1). As shown in Figure 4.2, Figure 4.4, and Figure 4.8, the
results suggest that the high performer group engages in more practice activities than
the medium performer group. Another finding is that the high performer group takes
exams more frequently after practice sessions than the medium performer group (see

Figure 4.4, Figure 4.6, and Figure 4.8). Lastly, the data suggest that students in the
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medium performer group commonly skipped the practice activity and proceeded

directly to the exam after the lecture (see Figure 4.2 and Figure 4.6).

These findings support that practice activities positively impact students' exam
performance, and those who practice are more likely to succeed. The findings of this
research are consistent with the studies in the literature. Schwerter's (2022) research
findings reveal that voluntary practice positively impacts exam performance,
suggesting that practicing leads to improved grades. In addition, according Roediger
and Karpicke (2006), practice testing has shown a positive impact in making learning

effective, and this is called the testing effect.

The analysis results by creating the process map suggest that practice is essential for
efficient learning and positively predicts exam performance (see Chapter 4.1).
According to an online interaction data study from Sun et al. (2019), consolidating
knowledge by focusing on content learning, assignments, and quizzes is common
among high-achieving students. On the other hand, low-achieving students tend to
be inactive in their learning process but become opportunistic during exams. The
process maps that emerged from the analysis suggest that students in the high
performers group have a higher transition rate from Practice to Exam (see Figure 4.4,
Figure 4.6, and Figure 4.8). This result indicates a positive relationship between
practice activities and exam performance. According to Roedieger and Butler (2011),
it has been observed that learning is more efficient when the study and testing phases
are applied consecutively during learning. This study supports that students' exam
performance increases when they apply to practice and exam applications one after
another on online learning platforms. In addition, as shown in Figure 4.2 and Figure
4.6, process mining analysis shows that the medium performers' group students tend
to switch directly to the Exam activity after the Lecture activity. Research suggests
that practicing is an effective method for long-term learning and mastery of new
information (Yang et al.,, 2017). The recent findings further emphasize the

significance of engaging in practice activities.
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The importance of this study is that, although many studies examine the relationship
between practice and exam, process mining analysis determines students' learning
habits according to their success groups and supports this with correlation analysis
between variables. As process mining is a developing field, it is crucial to bridge the
knowledge gap and contribute to the education of instructors and researchers.
Moreover, there are few studies in the literature on young learners and their
behaviors in online learning environments, which highlights the significance of this

study.

In the study, Disco software was used to analyze the obtained data. This tool maps
the process on the system with the starting and finishing timestamps of the activities.
One of the software's advantages is that it shows the frequency values and sequence
on the process map. This software was preferred because it has the most suitable
algorithm for the process analysis to be performed in the study. In addition, the
Pearson Correlation method was preferred to examine the relationship between exam
and practice performance data. This method is preferred because of its advantage in
determining the degree, direction, presence, or absence of the relationship between
two variables. The study determined that it was the most appropriate analysis method
for examining the relationship between dependent and independent variables in the
obtained data. For this reason, these analysis methods were applied in the study.

In summary, the results highlight two important implications. First, practice
activities significantly impact the realization of efficient learning. Students who
practice and repeat tend to have more effective learning. Secondly, the order and
frequency of the activities carried out in education are essential for efficient learning.
The correct order and frequency of lecture, practice, and exam activities support

more effective and long-lasting student learning.

The study has some limitations. The research was conducted with a limited number
of students and specific courses. The larger sample size and different courses in the
learning portal may provide more proper results. Additionally, it was assumed that

the students in the study used the learning portal as desired. The research data was
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collected during the Covid-19 pandemic. Students’ practice and exam scores are

collected in an uncontrolled learning environment.

In future studies, students should be required to complete practice activities in the
correct sequence and frequency within the online learning environments. In recent
years, Artificial intelligence (Al) has been employed in various fields, including
education. Incorporating Al technology into online learning platforms may optimize
the learning experience and improve efficiency. Al can be utilized to examine the
learning habits of students and analyze the frequency of their practice activities.
Furthermore, with the help of Al, it can be recommended to follow the lecture,
practice, and exam path in the correct sequence on these platforms. By analyzing
students' learning habits with the practice and exam scores obtained, immediate
interventions can be made with Al to suggest optimal usage frequency of the
activities. Additionally, the spaced practice effect can be observed in the future
studies by controlling students’ practice times. Finally, the results should be linked
to providing more effective and permanent learning by finding methods to enable

students to perform their practice activities.
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