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 This study aims to examine e-learning experiences of the learners by using learner system 
interaction metrics. In this context, an e-learning environment has been structured within 
the scope of a course. Learners interacted with learning activities and leave various traces 
when they interact with others, contents, and assessment tasks. Log data were formed on 
these e-learning interactions. In the data analysis phase, firstly, a data pre-processing was 
performed, and then confirmatory factor analysis (CFA) was used to test how well the 
measured learning activity variables represent the latent system component variables. 
Then it was tested whether these components compose a latent e-learning experience 
variable (second-order CFA). The results showed that the learners interacted with five 
different system components: hypertext, the content package, video, discussion, and e-
assessment. In conclusion, there is a factorial relationship between the system 
components and learning activities. These components taken together constitute an e-
learning experience variable. When the factor loadings between the e-learning 
experience structure and subcomponents were examined, the discussion interactions in 
which the learner structured knowledge highlighted. In summary, the discussions, 
formative assessments, and content activities formed the learners’ e-learning experience 
together. In order to form a well-structured e-learning environment, these activities 
together should be experienced by the learners. Research Article 

1. Introduction 
Learning occurs as a result of the interactions of learners in the learning environment. In e-learning, these 
interactions take place through an online system. Because of the benefits afforded by the technology on 
which they are built, e-learning environments have made it feasible to conduct learning and teaching 
activities regardless of time or location. At the same time, monitoring the learning experiences in the 
learning environment has become possible with these technologies. For this purpose, the log data in which 
learner behaviors are recorded in e-learning system database can be used to track learning experiences. 
These data are analyzed using educational data mining techniques and presented as meaningful patterns 
that explain the learning process (Baker & Yacef, 2009). This study aims to reveal the e-learning 
experiences of the learners based on the log data. 
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E-learning is described as learning activities that take place in virtual settings and are supported by network 
technologies such as apps and websites (Hrastinski, 2008; Moore et al., 2011). E-learning systems are the 
environments where e-learning experiences takes place. Open course systems, collaborative learning 
networks, content management systems (CMS), and learning management systems (LMS) are the most 
often utilized e-learning platforms today. Even though these systems are referred to with distinct goals and 
notions, they can all be thought of as integrated web systems that bring together diverse learning activities. 
In e-learning systems, learning activities and resources are organized weekly or chapter basis. Hypertext 
pages, online books, asynchronous videos, synchronous meetings, formative online assessments, forums, 
and wiki pages can be given as the examples of these learning activities and resources. While some LMSs 
contain all these components and more, some LMSs only contain some of them in line with the instructional 
design and purpose of the course. E-learning systems store a series of data regarding user-system 
interactions. These data consist of metrics such as the browsed content types, time spent on different pages, 
number of clicks, number of e-assessment tasks, user-user (student-student / student-instructor) interactions 
(Keskin et al., 2019). 
Learners leave various traces when they interact with others, contents, and assessment tasks in e-learning 
contexts. Today, researchers from different disciplines are developing various methods for examining these 
traces and obtaining meaningful information (Martin & Sherin, 2013). Systems that support decision-
making based on such data are becoming widespread day by day in educational institutions. These systems 
not only promote institutional or individual traceability, but also assist learners in self-assessment and 
progress (Sampson, 2016). This has led to the emergence of a new research area in which learners' system 
interactions are examined to obtain meaningful knowledge. This area called educational data mining (EDM) 
is concerned with the discovery of useful information from the data obtained from educational 
environments, the development of methods to be used in the information discovery process, and a better 
understanding of learners and the learning process by using these methods (Baker & Inventado, 2014; 
Ferguson, 2012). In the early years, EDM started with the analysis of data based on student-system 
interactions, then continued with research on prediction and relationship mining methods. Although it is a 
data-driven field, EDM places a strong emphasis on learning and teaching (Ferguson, 2012). The purpose 
of educational data mining is to organize the existing information in learning and teaching processes in 
educational communities and to discover useful knowledge from them (Siemens & Baker, 2012). One of 
the most important factors that make mining important in the educational context is that it handles the 
measurements and analyzes the individuals involved in the process in their own authentic contexts. 
The learners' engagement, use of learning strategies, and time and energy spent in the e-learning 
environment can all be considered part of the learning experience (Yang et al., 2018). Log records especially 
contain important information regarding learning experience and learner participation such as time spent, 
learning strategies, interest level, and individual differences (Christenson et al., 2012; Keskin & Yurdugül, 
2019; Schindler et al., 2017). Learning experiences and learner participation have a determining role in 
teaching and learning performance (Kuh, 2009; Schindler et al., 2017). In this context, EDM guides 
researchers and practitioners, especially in observing learning experiences and taking necessary precautions 
in the e-learning process. 
In the traditional approach to e-learning design considering a uniform learner profile, the same learning 
environment is delivered to all learners. On the other hand, each student engaging in the learning 
environment is unique, and therefore, the student perceives his surroundings and learns in unique ways 
(Southwell et al., 2007). According to the constructivist learning theory, the individual creates his own 
personal meaning as a result of interaction. In learning environments based on this theory, learners are 
presented opportunities to be active, flexible, and responsible for their own learning (Menzi Çetin & Altun, 
2014). One of the most important goals of instructional designers is to design learning environments 
suitable for individual needs. In order to design these environments fitting learner needs, first of all, the 
design principles should be determined based on the learner and system characteristics. In the process of 
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forming the design principles, adaptive models based on learner characteristics and learning theories 
provide essential guidance. Accordingly, adaptive learning environments are systems that automatically 
present personalized options to learners based on a user model that reflects various characteristics of the 
learner and system (Bra, 1998; Brusilovsky, 1998). In adaptive environments, the system can adapt itself 
to the characteristics of the individual, considering some parameters belonging to the learners. EDM has an 
important role in establishing principles or rules for adaptive learning systems. 
E-learning experience (usage of resources, interaction intensity, and self-assessment, etc.) metrics can be 
considered as an important learning performance indicator. For example, there are various studies in the 
literature suggesting that online engagement is a factor that promotes students' grades and learning (Lee & 
Rha, 2009; Rodgers, 2008; Nguyen et al., 2018). Besides, the mode of teaching delivery (online, blended, 
or face to face), learner characteristics (cognitive style, motivation, and readiness, etc.), kinds of teaching 
activities, and time spent also affect learning outcomes (Keskin & Yurdugül, 2019; Nortvig et al., 2018). 
For this reason, profiling and modeling studies in online learning will guide researchers and practitioners 
in data-driven decision-making processes at different levels such as teaching, adaptation, and 
recommendation. In the e-learning literature, various studies examine sequential behavior patterns (Cheng 
& Chu, 2019; Şahin et al., 2020), social interactions (Cela et al., 2015; Yıldırım, 2018), learner profiles 
(Eryılmaz, 2019; Liang, 2017), emotional states (Osmanoğlu et al., 2020), and discussion forum 
interactions (Huang et al., 2014; Huang et al., 2019; Kent et al., 2016; Wong et al., 2015). In addition to 
these, studies are carried out to predict students' success (Saa, 2016; Shahiri, & Husain, 2015) or drop out 
(Baker et al., 2015; Mubarak et al., 2020) using educational data mining techniques. However, there are no 
modeling studies in which e-learning experiences are examined in terms of learning task components. In 
this context, this study aimed to create a model for student-component interaction patterns by taking a 
holistic view of students' e-learning experiences. In this way, the learning tasks that come to the fore in the 
e-learning and the relationships between these tasks were better presented. 

2. Methodology 
This research aimed to examine the learners’ e-learning experiences on a component basis. Thus, it was 
possible to evaluate the e-learning experiences under certain components, and then the relations between 
these components could be revealed. In this context, the learner system interactions were tried to be 
presented through structural equation modeling. This section introduces the study group, e-learning 
environment, data collection tools, data collection process, and data analysis methods. 

2.1. Study Group 
The study group of this research consisted of 68 junior pre-service teachers studying at a public university. 
In this study, the six-week e-learning experiences of the study group were examined. Students who did not 
participate in the e-learning activities at an adequate level or who distort the data distribution were 
eliminated from the study group. As a result, a total of 62 students (25 females and 37 males) who actively 
engaged in the online course activities formed the study group. Participants were studying at the department 
of Computer Education and Instructional Technology. The study group both had experience and theoretical 
knowledge about distance education because of the courses they had taken in the previous semesters. At 
the beginning of the academic year, the information of the students enrolled in the course in which the 
research data were collected was taken from the student information system and this information was 
transferred to the e-learning system. Students used the e-learning environment during a semester and 
interaction log records were recorded. These records, which represent learners’ e-learning behaviors, 
formed the data source of this research. 

2.2. E-Learning Environment Design 
In this research, the course and the contents of this course were decided firstly. Then an interactive e-
learning environment was prepared in which the course would be presented. Attention was paid to ensure 
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that the e-learning environment could present different types of e-learning content (video, hyper-text, and 
audio, etc.). Accordingly, existing learning management systems (LMS) were examined, and Moodle LMS, 
which is one of the most widely used open source LMSs, was chosen as the e-learning environment. In this 
study, six-week course materials were prepared. Content, discussion, and assessment activities were created 
for each chapter in the course. First, content activities such as video, content package (SCORM), and 
hypertext materials were created. SCORM are packages created according to a set of technical standards. 
In these packages, interactive e-learning contents such as videos, texts, quizzes can be found together. 
Afterward, discussion topics were created for the discussion forums. Discussion forums are questioning 
environments where learners can structure their knowledge. Finally, weekly formative assessment tasks 
were prepared for the self-assessment. All these preparations were integrated into the LMS environment. 
In order to increase the usability of the LMS, researchers carried out some visual optimizations. In Figure 
1, e-learning materials prepared for a sample chapter are shown.  

 
Fig. 1. Online course materials in a sample chapter. (Translated from Turkish) 

As seen in Figure 1, content, discussion, and formative assessment materials were presented in line with 
the chapters’ outcomes. Content materials consisted of asynchronous video, hyper-textbook chapters, and 
content package (SCORM). Instructional discussion pages were created for each chapter so that the learners 
could discuss with their peers and instructors. Finally, there were formative assessment tasks consisting of 
multiple-choice items that students can evaluate themselves using the Moodle exam tool. The filled (!) 
and empty (⬜) boxes next to each learning activity showed whether the learners completed the related 
tasks. Thus, learners could easily follow the activities they had to complete. Besides, activity completion 
status was used in restricting access to the consecutive activities. For example, assessment tasks cannot be 
accessed unless teaching activities are completed. The learners used the e-learning environment for six 
weeks, and the interaction logs regarding these uses were recorded. These log data representing e-learning 
experiences constituted the data source of this research. 

2.3. Data Analysis 
Before analyzing the log data, a series of preprocessing operations were performed on the raw data. The 
first of these operations is the integration of related data stored in the separate tables in the database into a 
single table. Then outliers and missing observations were determined using normality tests, distribution 
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charts, and these observations were removed from the data set. In the study, confirmatory factor analysis 
(CFA) was used to examine the relationship between the learning activities and the system components to 
which these activities belong. CFA was carried out using log data which represents learners' interactions 
with learning activities. CFA is one of the multivariate statistical methods used to prove predetermined 
hypothetical relationships between variables and aims to discover new variables conceptually (Harrington, 
2009). In addition, the discriminant validity analysis was used to test the construct validity. Using this 
analysis, the relationships between components were also examined. Finally, a second-order CFA was 
performed to examine the relationship between the system components and the latent e-learning experience 
variable. 

3. Findings 
In this research, e-learning experiences were tried to be presented as an interaction pattern. For this purpose, 
LMS log data were used. In the LMS database, user interaction logs were stored in two separate data tables. 
The first of these was Moodle's default learner-system interaction data table. The second one was durations 
obtained through the AJAX plugin. These raw data from two separate tables were subjected to a data pre-
processing. As a result of the data pre-processing, a summary table was created containing the user identity, 
learning activity, system component, number of access, and duration (in seconds) of the activity. An 
example section of the summary table obtained from the data preprocessing is presented in Table 1. 
Table 1.  

The Structure of the Analysis Data Obtained from the Data Pre-processing. 

Component 
   
USER ID 

Video 2 Assessment 1 … 

Duration Access Count Duration Access Count .. .. 
a 700 9 1066 50 .. .. 
b 90 1 648 53 .. .. 
c 801 18 860 65 .. .. 
d 1097 9 831 50 .. .. 
e 802 10 1415 80 .. .. 
.. .. .. .. .. .. .. 
* The duration was given in seconds. 

The rows in Table 1 represent the users, while the columns contain the learning activity, the number of 
access and the overall interaction time. Before the analysis, a single interaction variable was calculated for 
each activity. This variable was obtained by dividing the duration by the access count. A data table with 62 
rows (62 unique learners) and 23 columns (variables) was obtained after removing the outliers that affected 
the distribution of the data set. 
Based on the learner-system interaction data, a model (Figure 2) was created to examine the relationship 
between the learning activities and the system components from which these activities were created. While 
constructing the model, firstly, the latent variables for five basic system components named assessment 
(assess), hypertext (hypertex), video, content package (scorm), and instructional discussion (forum) were 
created. Then CFA was used to test how well the measured learning activity (time spent / number of access) 
variables represent the latent system component variables. The representation of the tested CFA model was 
given in Figure 2. 
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Fig. 2. CFA model for learning activity-component relations with standard coefficients. 

 

First of all, the CFA models' goodness of fit indices were evaluated. As a result of the CFA, the RMSEA 
was calculated as 0.06, the χ2/ df as 1.20, the IFI as 0.93, and the S-RMR as 0.09. It was decided that the 
model had acceptable goodness of fit indices according to these values (Schermelleh-Engel et al., 2003). 
The parameters obtained from the CFA were given in Table 2. 
Table 2.  

CFA model parameters.  

System Components Learning Activities Abbreviation t Estimates β (path coefficients) R2 

Assessment Tasks 

Assessment task 1 assess12 3.77 3.56 0.49 0.24 
Assessment task 2.1 assess2 4.54 6.77 0.58 0.33 
Assessment task 2.2 assess22 5.03 7.22 0.62 0.39 
Assessment task 3.1 assess31 5.82 7.05 0.70 0.49 
Assessment task 3.2 assess32 5.63 6.50 0.68 0.46 
Assessment task 4.1 assess41 5.62 9.91 0.68 0.46 
Assessment task 4.2 assess42 6.57 7.84 0.77 0.59 

Scorm  
(Content package) 

Scorm 3 s3 3.66 13.86 0.58 0.34 
Scorm 4 s4 3.69 14.52 0.59 0.35 

Discussion forums Discussion forum 1 FORUM1 4.32 24.46 0.56 0.31 
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Discussion forum 2 FORUM2 5.96 27.86 0.72 0.52 
Discussion forum 3 FORUM3 6.24 21.90 0.75 0.56 
Discussion forum 4 FORUM4 5.54 39.17 0.68 0.47 

Hypertext books 

Chapter 1.1 UNIT11 3.36 12.25 0.43 0.19 
Chapter 1.2 UNIT12 4.73 18.18 0.58 0.34 
Chapter 2 UNIT2 7.35 26.33 0.81 0.66 
Chapter 3 UNIT3 7.68 33.08 0.84 0.70 
Chapter 4 UNIT4 7.74 49.85 0.84 0.71 

Videos 

Video 1 VIDEO1 3.67 30.72 0.53 0.28 
Video 2 VIDEO2 2.98 60.20 0.43 0.19 
Video 3 VIDEO3 5.20 30.35 0.76 0.57 
Video 4 VIDEO4 2.57 34.73 0.38 0.14 

According to the t-test results regarding the factor loadings between learning activities and system 
components, all factorial relations were statistically significant (p <.05). In addition, when these factor 
loadings were examined one by one, all of them were above 0.30. Accordingly, it is understood that there 
was a factorial relationship between the system components and learning activities. When the variance 
explained (R2) were investigated, it is noteworthy that there was an increasing trend. According to CFA 
findings, the learner system interactions can be evaluated on a component basis. In other words, interactions 
with learning activities were significantly gathered under certain components. In order to verify this, 
discriminant validity analysis, one of the construct validity methods, was used. The findings of discriminant 
validity analysis were summarized in Table 3. 
Table 3.  

Correlation Coefficients Between Latent Variables and Square Roots of AVEs. 

Factors AVE Assessment SCORM Forum Hypertext Video 
Assessment 0.42 0.65*     
SCORM  0.34 0.43 0.59*    
Forum 0.46 0.51 0.61 0.68*   
Hypertext 0.52 0.49 0.15 0.62 0.72*  
Video 0.30 0.45 0.48 0.45 0.51 0.54* 

* Above the diagonal elements of the correlation matrix are the square root of AVEs. 

In order to satisfy the discriminant validity, the square root values of the AVE (average variance extracted) 
must be greater than the correlation coefficients between latent variables (Fornell & Larcker, 1981). When 
Table 3 was examined, it was seen that only the correlation coefficient (0.61) between Forum and SCORM 
was slightly and ignorable higher than the diagonal value (0.59). Other correlation coefficients were 
determined to be smaller than the square root of the AVE. Accordingly, the components met the 
requirements for discriminant validity, and the factors diverge from each other. Since this study was not a 
scale development research, convergent validity, which is the other component of construct validity, was 
not tested. Instead, the model-data fit of the hypothesized model was reported in the next step. The second-
order CFA was applied to test whether these latent components represent a holistic e-learning experience. 
For this purpose, a new latent variable named “elearning” was created, and the factorial relation between 
interaction components and the new e-learning variable was examined. In Figure 3, the standard coefficients 
and structural model obtained after performing the second-order CFA were given. 
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Fig. 3. Results of the second-order CFA with standard coefficients for e-learning experience. 

In Figure 3, the second-order CFA model created to test the unification of all e-learning interactions under 
a superstructure, was given in Figure 3. As a result of the second-order CFA, the RMSEA was calculated 
as 0.06, χ2/ df as 1.20, IFI as 0.92, S-RMR as 0.10, CFI as 0.92. The model had acceptable goodness of fit 
indices according to these values (Schermelleh-Engel et al., 2003). Also, all factorial relations between 
interaction components and e-learning latent variable were statistically significant according to the t-test (p 
<0.05). Besides, when these factor loadings were examined one by one, it was seen that all of them were 
greater than 0.30. Accordingly, the system components discussed in this study aggregated under an 
exponential e-learning experience factor.  
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The findings of the CFA revealed that learners' e-learning interactions were grouped into several 
components, which comprised the e-learning experience together. These components were content 
interactions (content package, video, and hypertext), discussion, and e-assessment. When the relationships 
between the components were examined, it was seen that there was a significant moderate positive 
relationship. It is clear from this finding that e-assessment and asynchronous discussions were also a part 
of the e-learning experience, just as course contents were. When the factor loadings between e-learning and 
subcomponents were examined, it was seen that the components were listed as discussion, hypertext, 
assessment, content package, and video. The results about the importance level of the components showed 
that the e-assessment experiences (after discussion and hypertext interactions) were also an important 
interaction experience. 

4. Discussion and Conclusion 
This research aimed to investigate the e-learning experiences of learners from a holistic perspective. 
Learner-system interaction data were analyzed for this intent. The learning activity interactions in the e-
learning system were associated with the components they were related to, and it was tested whether these 
components create an e-learning experience. Accordingly, the factorial relationships between learning 
interactions and the system components to which they belong were investigated. In the e-learning 
environment, two to seven learning activities were created by using each system component. Research 
results confirmed that the measured learning activity interactions aggregate under some exponential 
components. The related learning activities were addressed thematically and named as hypertext, content 
package, video, discussion, and e-assessment. Accordingly, it was revealed that learners interacted with 
five different system components in the e-learning environment. In addition, as the learning activities 
progressed, the variance explained for the related component increased. Although the learning activities in 
different chapters seem to be independent from each other, learning is a cumulative process built on 
previously learned knowledge (Shuell, 1988). This cumulative process is also thought to be reflected in the 
increase of the variance explained. 
The second important question addressed in this research was whether these system components represent 
a holistic e-learning experience. As a result of the study, it was discovered that based on their factor 
loadings, discussion, hypertext, assessment, content package, and video interactions sequentially constitute 
a holistic e-learning experience construct. Different e-learning components have roles at different levels in 
the e-learning experience. As a matter of fact, Huang et al. (2019) revealed that different learning tasks had 
a significant effect on interaction patterns in terms of depth and diversity. When the factor loadings between 
the e-learning experience and the components were examined, it was understood that the most important 
component of the e-learning experience was the instructional discussions, and the least important structure 
was the content package. When it comes to e-learning design, content design and planning of synchronous 
lessons come to mind first. With the MOOCs movement, forms of communication, collaboration, and e-
assessment design have become more discussed topics in e-learning processes (Conole, 2015; Shukla et al., 
2019). The results of this research also revealed that the discussion forums and e-assessment component 
were an important part of e-learning, supporting the change in paradigm. 
The literature on instructional discussion forums has highlighted the relationship between discussion 
participation and dropout behavior, course engagement, and learning performance (Huang et al., 2014; 
Huang et al., 2019; Wong et al., 2015). Huang et al. (2014) found that students with high forum participation 
were more active in lessons and got better grades than other students. Similarly, the importance of self-
assessment, peer-assessment, and learning assessment components in qualified e-learning design is widely 
discussed in the literature (Conole 2013; Ichimura & Suzuki, 2017; Shukla et al., 2019; Yousef et al., 2014). 
Earl and Katz (2006) discussed formative assessment in two categories as assessment for learning and 
assessment as learning and stated that these assessment activities directly contribute to students' learning. 
Similarly, Hwang and Chang (2011) revealed that formative assessments had a positive effect on learners' 
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academic achievement and attitudes toward the learning process. In parallel with these studies, the current 
research has shown that e-assessment is an important part of e-learning. Govindasamy (2001) stated that 
one of the pedagogical principles aiming to create an effective e-learning experience was to include e-
assessment activities in the learning ecosystem. In short, the results of this research have shown that e-
assessment and discussion activities have a complementary role together with content interactions for an 
effective e-learning experience. 
Based on the findings of the current research, several promising future directions for the designing e-
learning course design can be suggested. For example, discussion forums and formative assessment tasks 
seems particularly promising. First, while designing courses for e-learning, discussion forums that provide 
collaboration and communication between learners should be included. Second, in the context of self-
assessment, formative assessments are an important component of the e-learning experience. Online course 
designs should include e-assessment tasks where learners can test themselves. This research tested whether 
existing e-learning interactions create a holistic learning experience. The predictability of these interaction 
components on achievement, satisfaction, dropout rates can be tested in future studies. 
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