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Abstract – This paper provides a learning analysis based on system navigation to expand on the changes in their 

interactions with online learning systems over time. By providing an analysis of their participation and communication 

logs, this research aims to shed light on how they communicate with global learning systems and how these patterns are 

illuminated over time. The study was conducted with students in the elementary education department at a state university 

in the fall semester of the 2023-2024 academic year. Fifty-seven undergraduate students who actively participated in the 

Fundamentals of Computer Science course participated in the study. This study used Moodle data from the Fundamentals 

of Computer Science course for 14 weeks. Weekly learning content and materials in various formats have been uploaded 

to the system by the instructor. For each course, students were required to review different learning materials uploaded 

by the instructor and completely different learning task. Student's behavioral patterns will be examined in terms of the 

time they spend in the course, the time they spend on the content and the frequency with which they access the course 

content. Markov Chains have been applied to model online browsing behavior with time-varying variables. The findings 

show that the Markov chain for time spent, revealing the transition probabilities between engagement states at T1 and T2. 

The analysis indicates that students in the Low engagement group at T1 have a 50% probability of remaining in the Low 

cluster at T2, while also demonstrating a 50% chance of transitioning to the High cluster. Conversely, students in the 

High engagement group at T1 exhibit an 83% probability of staying in the High cluster at T2, with a 17% likelihood of 
moving to the Low cluster. Furthermore, the Markov chain for visit course, emphasizing the transition probabilities for 

students between engagement clusters at T1 and T2. It reveals that students initially in the High engagement group have 

an 83% probability of remaining in the High cluster at T2, while also indicating a 17% likelihood of transitioning to the 

Low cluster. On the other hand, students in the Low engagement group at T1 display a 50% probability of moving to the 

High cluster at T2, alongside a 65.5% chance of remaining in the Low cluster. 
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Introduction 

Over the last 20 years, online learning solutions have become increasingly used in higher education 

(Yildiz Durak, 2019, 2023). Especially during an emergency remote teaching process with the 

COVID-19 crisis, many faculty members faced the challenge of designing online learning and 

teaching processes (Perifanou et al., 2022; Uslu & Durak, 2022; Yong et al., 2021). One of these 

difficulties was related to the need for sustaining learners’ cognitive, emotional and behavioral 

engagement (Khalif et al., 2021). Although online learning environments have many potentials, such 

as flexibility and not being bound to time and place, they have brought problems, such as the inability 

to track learning and student behavior in virtual classrooms. Thus, learning designers and researchers 

need to have a better understanding of online learning experiences (Kokoç et al., 2021). At this point, 

it is crucial to keep in mind that student engagement is not desired level compared to in-person 

learning (F. Martin & Borup, 2022). This situation has created the necessity of using the data collected 

in online learning environments to understand the nature of engagement. 
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In recent years, the widespread use of online platforms and digital technologies has generated a wealth 

of data on user behaviors in online learning environments. Smart technology-enhanced platforms, 

such as learning management systems, capture interaction logs, clickstream data, performance 

parameters, and more (Abebe et al., 2019). One of the common tools used as an online learning 

solution in higher education is learning management systems. Despite the prevalence of use, 

instructors need the option to monitor student behavior in online courses, their interaction with the 

content, and their engagement in the learning process (Mubarak et al., 2020). On the other hand, 

examining student logs and interaction-related learning analytics can provide critical information in 

predicting drop-out from the course (Mubarak et al., 2020) tracking learning consistency (Zhou & 

Bhat, 2021), examining motivation (Wang & Chih-Yuan, 2022) and understanding students' learning 

paths.   

In this way, log-data has the potential to bring insightful knowledge about learner engagement. 

However, studies on student engagement mostly focus on in-person learning environments and do 

not consider the restrictions imposed by online environments (F. Martin & Borup, 2022). Analyzing 

log data with Markov chain models and examining changes over time of engagement is crucial for 

designing compelling learning experiences. In analyzing learner patterns, the Markov chain captures 

the probabilistic transitions between different states.  

In the following sections, we will provide an overview of the theoretical foundations of online 

engagement discuss relevant literature and explain how to apply Markov Chain Model to studying 

online behavioral patterns. Our research can contribute to data-driven decision-making and user 

behavior analysis in online environments. 

Engagement  

Engagement defined as the psychological state of students being activated, putting in effort, and being 

absorbed during learning activities (Wong & Liem, 2022). As a result of a meta-analysis study, learner 

engagement was found to have a moderately strong and positive correlation with academic 

achievement  (Lei et al., 2018). Schnitzler et al. (2021), found that students who demonstrated higher 

participation patterns systematically achieved greater end-of-year gains than those who demonstrated 

lower participation. Engagement is accepted as an essential construct in literature. Several educational 

psychologists have developed models and perspectives on this structure's definition, dimensions, and 

nature (Ben-Eliyahu et al., 2018; Lam et al., 2014; A. J. Martin, 2007; Skinner et al., 2009). 

Accordingly, the conceptual uncertainty of engagement is considered a multidimensional construct 

(F. Martin & Borup, 2022; Wong & Liem, 2022). These dimensions are considered as affective, 

behavioral, and cognitive (Pentaraki & Burkholder, 2017; Wong & Liem, 2022). Emotional 

engagement is defined as how active students feel during learning activities (Wong & Liem, 2022). 

Behavioral engagement encompasses the observable actions students take to be on-task and exert 

effort, as well as their attendance and involvement in a course (Reeve et al., 2020; Pentaraki & 

Burkholder, 2017) Cognitive engagement is the effort made to enhance one's cognitive processes to 

comprehend the material being learned or to overcome barriers to academic advancement (Reeve et 

al., 2020; Vezne et al., 2023). Cognitive engagement demonstrates a keen interest in learning, 

exceeding the basic course requirements and possibly even redefining the parameters of assignments 

(Pentaraki & Burkholder, 2017). In this case, behavioral engagement relates to the "directing" aspect 

of attention or the intentional use of attentional effort, as opposed to cognitive engagement, which 

relates to a "state of consciousness (Wong & Liem, 2022). 

When switching from face-to-face environments to online learning processes, engaging students 

brings with it many challenges. According to Martin and Borup (2022), the online environment 

changes the way students engage in learning activities and can introduce different barriers and 

demands that make cognitive engagement and self-regulation particularly challenging for some 

students. The affective component of  engagement in online environments has indicators such as 
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setting and maintaining realistic goals, expressing underlying beliefs, identifying driving forces, 

dedicating oneself to gaining knowledge (Redmond et al., 2018). Behavioral engagement is defined 

as the physical behaviors and energy that students display while completing learning activities (F. 

Martin & Borup, 2022). In online environments, students who show cognitive engagement are 

characterized by features such as analyzing thoughtfully, engaging in self-awareness, combining 

concepts, fostering comprehensive knowledge (Redmond et al., 2018).  

Engagement and Learning Analytics 

Learning analytics (LA) is a workflow that involves collecting and analyzing large amounts of data 

from learning environments (Sun et al., 2018). LA aims to enhance learning and teaching by analyzing 

students' behaviors, providing insights for teachers to improve their instruction and guide students in 

adjusting their learning behaviors (Huang et al., 2020). LA primarily uses log data, which contains 

records of learner activity in educational contexts. Log data can include a variety of factors, such as 

counts of clicks or page views, time spent on a particular action, keyboard strokes, results of an 

activity, and counts of other activities (Henrie et al., 2018). Log-data is used for purposes such as 

predicting student success (Hasan et al., 2020; (Huang et al., 2020; Riestra-González et al., 2021), 

supporting learning regulation (Sedrakyan et al., 2020), identifying students at risk (Foster & Siddle, 

2020; Queiroga et al., 2022), facilitating educators' decision-making processes (Gutiérrez et al., 

2020). Log data serves as an activity-level scalable measure, capturing real-time user interactions 

while being minimally disruptive and automatically tracked behind the scenes (Henrie et al., 2018). 

Log data can also be used to identify individuals’ engagement patterns. According to Martin and 

Borup (2022), engagement of the learner can be viewed as interaction "with" others and materials or 

"through" activities and experiences, including involvement with courseware, peers, and the 

instructor, as well as participation in collaboration, communication, and presence. In this way, log-

data has the potential to retrieve insightful conclusions for understanding learning engagement. 

 

Modeling Longitudinal Transitions of Engagement 

 

Learning engagement is a flexible state influenced by both student and activity characteristics, 

operating on multiple levels within different learning contexts and time frames, with moment-to-

moment engagement influencing overall and long-term engagement (Wong & Liem, 2022). In this 

case, a multi-state Markov chain model is a useful tool for describing a process in which an entity 

transitions between a limited number of distinct states. Also, individuals differ in their engagement 

with digital technologies, regardless of their level of digital skills (Bergdahl et al., 2020). 

Accordingly, with Markov Chain, individual differences can also be identified. Markov chains are 

used to represent a series of random variables that correspond to the different states of a system, with 

each state being dependent only on the previous state (Teugels, 2008). Markov chain models are used 

in text prediction and speech recognition (He & Dong, 2020), stock market and financial modeling 

(Trichilli et al., 2020), weather forecasting (Yutong, 2021), genetics and bioinformatics (Khodaei et 

al., 2021) epidemiology and disease modeling (Tada et al., 2019), traffic flow and transportation 

planning (Besenczi et al., 2021), quality control and manufacturing (Papadopoulos et al., 2019), game 

theory and decision-making (Ye et al., 2020). In addition to these areas, Markov Chain models are 

used in the field of education and especially in online learning. Polyzou et al. (Polyzou et al., 2019) 

used Markov Chain based framework to empower student choices by recommending courses based 

on sequential relationships and prior courses. Vatsalan et al. (2022) focused on privacy risk 

quantification and proposed a method using a Markov Model (MM) to quantify re-identification risks 

by considering event-level information and correlation between attributes. Kokoç et al. (2021), 

examined students' online assignment submission patterns using and time-dependent changes in 

university students' submission behavior by employing by Markov Chains. They found that exhibited 

consistent patterns in their assignment submission  remained relatively stable over time. More 

recently, Hilpert et al. (2023) used log-data with Markov Chain to retrieve changes in students’ 

transitions  in self-regulated learning behaviors.  They also found that the dynamic aspects of self-
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regulated behaviors were significant predictors of student achievement. In conclusion, although early 

studies have used Markov Chain models to analyze student log data, there is a need for further 

research to explore its application in understanding the nature of student engagement. 

 

The Purpose of The Study 

 

The current study provides a learning analysis based system navigation to expand on the changes in 

users’? interactions with online learning systems over time. By providing an analysis of their 

engagement and communication logs, this research aims to shed light on how they communicate with 

global learning systems and how these patterns are illuminated over time. Therefore, we formulated 

the following research questions: 

 

RQ1: What behavioral patterns do students show in an LMS system? 

RQ2: How do students' behavioral patterns transition over time? 

 

We propose to investigate online behavioral patterns using Markov chain modeling and temporal 

learning analytics together. By analyzing temporal dynamics, we aim to capture the evolution of user 

behavior over time and gain meaningful insights that can inform decision-making in various areas. 

This approach can contribute to developing more effective and personalized digital experiences by 

increasing our knowledge of user engagement and interaction patterns in online environments. 

 

Method 

Participants and Context 

The study was conducted with students in the elementary education department at a state university 

in the fall semester of the 2023-2024 academic year. Fifty-seven undergraduate students who actively 

participated in the Fundamentals of Computer Science course participated in the study. The course 

includes conceptual definitions of basic concepts of computer science, algorithms and programming, 

artificial intelligence, and blockchain technologies. All students participating in this study were 

enrolled in the course. The Edwiser Pro plug-in in Moodle recorded learning analytics by monitoring 

student navigation. Weekly learning content and materials in various formats have been uploaded to 

the system by the instructor. For each course, students were required to review different learning 

materials uploaded by the instructor and completely different learning tasks. Students freely used the 

course environment to post learning tasks, questions, and discussions and to communicate with their 

peers. Each student has displayed their course activity status on their profile. Students also had the 

opportunity to see a list of their classmates in the course and view their profiles. Students could see 

the success status and feedback of their learning tasks. Student's behavioral patterns will be examined 

in terms of the time they spend in the course, the time they spend on the content and the frequency 

with which they access the course content. 

Data Analysis 

Moodle automatically recorded students' browsing behavior. These data have identified necessary 

online learning behavior to represent students' behavior in LMS. This study retrieves the number of 

clicks students had with each content and LMS module. Additionally, the relationships between clicks 

were analyzed. Thus, structures can be created in which the navigation behavior of the individual can 

be modeled. At this point, Markov Chains have been applied to model online browsing behavior with 

time-varying variables. This method is a person-centered method that captures qualitative differences 

in response patterns of navigations over time. 

We defined two time points for each of the students, the middle, and the end of the semester. The 

overall data analysis process was given in Figure 1.  
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Fig. 1. Analytic Procedure 

 

According to Figure 1, data analysis started with collecting data from students for 14 weeks. After 

time points were determined, log data was made ready for analysis. Behavior patterns were extracted 

by analyzing log data with cluster analysis. Thus, the state transition matrix and probabilities were 

calculated. After the model was verified and Markov probabilities were calculated, the model was 

validated and interpreted. 

Findings  

It was investigated whether students' online engagement behaviors changed in terms of time spent in 

the course and number of visits to the course according to two time points determined in the 14-week 

period in the online learning environment (T: 0-7 weeks; T2: 8-14 weeks). Findings showing change 

over time are presented in Figure 2 and Figure 3. According to Figure 2 and Figure 3, there are 

transitions between low-high, high-low and high-high. 
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Figure 2. Time change graph - Time spent. 

 

In Figure 2, the low level generally transitions to high depending on the time spent. In Figure 3, the 

low level generally transitions to a high level, depending on the number of visits to the course. 

 

 

Figure 3. Time change chart - visit course 

Markov Chain was used to analyze the transitions between engagement states at two time points in 

more detail. Students were grouped as High and Low according to the learning analytics data in the 

system at 2 time points. The calculated values for their transitions are presented in Figure 4 and Figure 

5. Markov Chain analysis shows real transition probabilities. 
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Figure 4. Markov chain for time spent 

*T1L: Time 1 Low; T1I: Time 1 High; T2L: Time 2 Low; T2I: Time 2 High. 

The arrow between groups indicates the direction of the transition. Numerical values indicate the 

transition probability between each group. The maximum probability of each transition is 1 (i.e. 

100%). The Markov chains presented in Figure 3 show that the transition probability of students 

whose engagement level is in the low group at T1 time point to be in the low cluster at T2 is 0.5 (that 

is, 50 out of 100 students), and the probability of being in the high cluster is 0.50. It shows that the 

transition probability of students whose engagement level is in the high group at T1 time point to be 

in the high cluster at T2 point is 0.833 (83%), and the probability of being in the low cluster is 0.167. 

 

Figure 5. Markov chain for visit course 

According to Figure 4, the transition probability of students whose engagement level is in the high 

group at T1 time point to be in the high cluster at T2 point will be 0.833, and the probability of being 

in the low cluster will be 0.167. The probability of students in the low group at T1 being in the high 

cluster at T2 will be 0.5, and the probability of being in the low cluster will be 0.655. 
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Conclusion, Discussion and Suggestions 

The findings presented in this study shed light on the dynamics of student engagement transitions 

over two time points using Markov Chain analysis. The analysis categorized students into High and 

Low engagement states based on learning analytics data and examined the transitions between these 

states. The results provide valuable insights into the probabilities associated with these transitions. 

The findings show that the Markov chain for time spent, revealing the transition probabilities between 

engagement states at T1 and T2. The analysis indicates that students in the Low engagement group 

at T1 have a 50% probability of remaining in the Low cluster at T2, while also demonstrating a 50% 

chance of transitioning to the High cluster. Conversely, students in the High engagement group at T1 

exhibit an 83% probability of staying in the High cluster at T2, with a 17% likelihood of moving to 

the Low cluster. These results underscore the persistence of engagement states over time and highlight 

the tendency for students to maintain their initial levels of engagement. These results highlight the 

dynamics of student engagement over time and show that although there is a certain amount of 

transitivity between different levels of engagement, there is also a clear continuum. The fact that 

students who were in the Low engagement group at T1 tended to remain in the Low cluster at T2 with 

50% probability could be due to extrinsic factors such as lack of motivation, lack of interest or 

insufficient support. Likewise, the fact that students who were in the High engagement group at T1 

were 83% likely to remain in the High cluster at T2 may indicate that these students were able to 

maintain their engagement level due to factors such as intrinsic motivation, effective study habits or 

supportive environments. However, the fact that 50% of students in the Low engagement group were 

able to move to the High cluster and 17% of students in the High engagement group moved to the 

Low cluster suggests that student engagement is somewhat variable and can be improved over time 

through various interventions. These results emphasize that student engagement levels tend to persist 

over time and that students tend to maintain their initial levels. 

Furthermore, the Markov chain for visit course, emphasizing the transition probabilities for students 

between engagement clusters at T1 and T2. It reveals that students initially in the High engagement 

group have an 83% probability of remaining in the High cluster at T2, while also indicating a 17% 

likelihood of transitioning to the Low cluster. On the other hand, students in the Low engagement 

group at T1 display a 50% probability of moving to the High cluster at T2, alongside a 65.5% chance 

of remaining in the Low cluster. These findings suggest a degree of fluidity in student engagement 

levels, with a notable proportion of students transitioning between clusters over time. There may be 

various reasons for this transitivity. Students' motivation levels and interests may change over time; 

course content or teaching methods may affect students' level of engagement. External stressors that 

affect student learning can also cause fluctuations in engagement levels. Support services and 

resources provided at school or at home, innovative and student-centered teaching methods, regular 

assessment and feedback, participatory learning environments such as group work and projects can 

increase a student's level of engagement. Students' learning styles, study habits and self-regulation 

skills may also change over time and affect their level of engagement. These findings suggest that 

more targeted interventions and strategies should be developed to increase student engagement. 

Markov Chain analyses provide important insights into understanding the interaction trends of 

specific groups of students over time and designing appropriate interventions to address these trends. 

The findings of this study have significant implications for educators, administrators, and 

policymakers. Understanding the dynamics of student engagement transitions is crucial for 

developing targeted interventions and support systems. By recognizing the persistence of engagement 

states over time, educational institutions can tailor their strategies to maintain and enhance student 

engagement. Additionally, the observed fluidity in student engagement levels highlights the need for 

adaptable and responsive approaches to support students as they transition between engagement 

clusters. 

While the Markov Chain analysis provides valuable insights, it is essential to acknowledge its 

limitations. The analysis is based on predefined High and Low engagement states, which may 



IJCE 2024, Vol. 7, No. 2, 71-82 Atman Uslu, N. & Dalkılıç, F. 

 

 79 

oversimplify the complexity of student engagement. Furthermore, the study focuses on transition 

probabilities at two specific time points, potentially overlooking the nuances of engagement 

fluctuations within shorter intervals. Additionally, the analysis relies on learning analytics data, which 

may not capture the full spectrum of student engagement, potentially limiting the generalizability of 

the findings. 

Based on the study's findings, it is recommended that educational institutions implement targeted 

interventions to support students in maintaining or transitioning to higher engagement levels. These 

interventions could include personalized academic support, mentorship programs, and tailored 

feedback mechanisms to address the specific needs of students in different engagement clusters. 

Moreover, future research should consider incorporating qualitative data to complement the 

quantitative analysis, providing a more comprehensive understanding of student engagement 

dynamics. Additionally, longitudinal studies tracking engagement transitions over multiple time 

points can offer deeper insights into the evolving nature of student engagement. Finally, efforts to 

enhance the granularity and accuracy of learning analytics data can improve the precision of transition 

probabilities and enable more robust conclusions. 
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