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Abstract 

Nowadays, with the widespread use of online learning environments studies on the development of self-
regulation skills of students in online learning environments has increased considerably. When the 
profiles of online students based on self-regulation skills are examined, different events related to each 
self-regulation skill may have emerged. This study is aimed to define the relationship between self-
regulation dimensions gathered from log data and academic achievement. The result indicated that, time 
management and help seeking dimensions of SRL and the academic achievement scores are not 
correlated significianlty. The results of this study, which can be characterized as an important study in 
modeling students in the context of self-regulation skills, are remarkable to support their online SRL 
skills.  

1.Introduction 

1.1. Profiling of SRL Skills 

Actively engagement of students in online learning processes is very important, but in this 
learning process, students may not be able to regulate their self-regulation skills (Cerezo et al., 
2016; Dabbagh & Kitsantas, 2005). In this sense, online students who have high levels of SRL 
skills play an active rol in achieving their academic goals (Klug et al., 2011; Pintrich, 2004).  
Students interaction data such as page views, access to learning materials, frequency and 
duration of logins, assignment submission deadlines, number of clicks on learning materials, 
number of forum posts by students, and quiz and assignment scores (Aljohani et al., 2019; 
Kuzilek et al., 2017; Lodge & Corrin, 2017) can be examined from the log data  in the online 
learning environments. On the other hand, determining of SRL profiles in onlıne leraning 
envrionment mostly using student self-report tools (Barnard et al., 2010; Broadbent & Fuller-
Tyszkiewicz, 2018; Valle et al., 2008; Yot-Domínguez & Marcelo, 2017) but these tools, which 
are easy to implement and measure, may not reflect the actual learning behaviors of online 
students directly (Araka et al., 2020; Gašević et al., 2017). Students’ engagement behaviors 
and learning patterns in LMSs can be measured using trace data and so level engagement 
behavior an indicator of SRL level. Various studies  analyzed trace data that comprised of logs 
related to access of learning materials, completion of quizzes, and answer logs to develop 
profiles in SRL using trace data (including number of completed quizzes, total access time, 
reviewing time, scores of completed quizzes) while examining the SRL process (Li et al., 
2018). While determining of SRL profilies, several learning analytical techniques were used. 
In one of those studies, Ning and Downing (2015) examined differences in university students’ 
SRL strategy orientations with latent profile analysis and explored profile differences in 
students’ academic performance.  Greene et al. (2019, p. 101201) identified three groups of 
students who systematically differed in the frequency of their enactment of SRL activities. In 
another study, Cicchinelli et al. (2018) to identify and measure SRL. An example of clustering 
and classification is which used k-means clustering to understand student SRL behaviour in an 
LMS( Manzanares, Sánchez, García-Osorio, & Díez-Pastor, 2017). Besides, Zheng et al. 
(2020) SRL behaviors were clustered four groups: competent, cognitive-oriented, reflective-
oriented, and minimally self-regulated learners, using K-means cluster analysis. In addition, 
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Hong et al. (2020) performed latent profile analyses to find three metacognitive learning 
profiles (i.e., infrequent metacognitive processing, planning and self-evaluation, and 
monitoring via self-assessment) among 1326 students on a biology course. 

Overall prior studies showed that, different online interaction behaviors result different self 
regulatory behaviors. Since, the idea that there is relationship between SRL and academic 
achievement, we hypothese that when using LMS for online learning, the level of development 
of SRL skills is proportional to the students’ academis achievement. 

1.2. Research Question 

Fewer studies investigate the self-regulation strategies when combined with detailed data about 
student t interactions with online learning activities, and their academic performance so research 
question of this study is; 

What are the relationships between clustered constructed through students’ online SRL skills and 
academic achievement ? 
 

2.Method 

2.1. Research Model 

In this research, data collection and analysis techniques based on learning analytics are 
employed within the framework of relational data mining. 

2.2. Participants 

The research group consisted of fourth-year students studying at the Department of Computer 
and Instructional Technologies Education in the Fall semester of the 2019/2020 academic year. 
The implementation was carried out within the scope of the Scientific Research Methods 
course, which was taught in the fall semester and lasted for 12 weeks. 

2.3. Data Collection Tools 

2.3.1. Log Data 

In learning analytics studies, interaction data is mostly recorded through log records in LMS 
systems. System log records, which are used in various studies today, are a data collection 
method used in most learning analytics studies (Hadwin, Nesbit, Jamieson-Noel, Code, & 
Winne, 2007; Winne & Perry, 2000). In this study, the events determined on the basis of the 
literature were included in the log records as 89 events. 

2.3.2. Online SRL Scale 

In order to test the accuracy of the indicators developed for students' self-regulation skills by 
the Zimmerman (2000) model, developed by Barnard et al. (2009) and adapted to the turkish 
literatüre by Kilis and Yıldırım (2018). It was adapted to Turkish by 9 researchers and 2 
linguists, and its sub-dimensions were; Goal Setting, Environment Structuring, Task Strategies, 
Time Management, Help Seeking and Self Evaluation. The scale contains 24 items and the 
internal consistency coefficients (Cronbach's alpha coefficients) of the scale for which 
reliability calculations were made vary between 0.67 and 0.87, and the reliability coefficient 
for the whole scale was found to be 0.95. 
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2.3.3. Data Analysis 

Within the scope of this research, the data mining analysis process recommended by Han, 
Kamber and Pei (2011), one of the educational data mining and learning analytics studies, was 
followed and cluster analysis (K-means) method, one of the data mining techniques, was used 
in order to group students who have similar patterns of interaction behaviors based on SRL 
skills of students in online learning environments.  

 

 

 

3.Findings 

Students' online SRL interaction data and scale data were used as analysis input to determine 
the profiles of students on SRL skills. The research findings were presented within the 
framework of the clusters according to the level of development of the students for the SRL 
sub-dimensions within the scope of the Zimmerman model. 

Goal Setting 

It has been determined that students who have the goal setting dimension of online SRL skills 
based on students' interaction behaviors form three clusters. K-Means clustering algorithm was 
tested to define Goal Setting dimension based on interaction data of online students. The 
analysis result showing that the data set can be grouped into three different clusters is displayed 
in the relevant tables and graphs. The distribution of the students in the three clusters, who 
exhibit similar interaction behaviors, is presented in Table 2 below. 

Table 1. Cluster Means of Interaction Behaviors by K-Means Analysis Technique 
Variables Cluster 1 

(n=25) 
Cluster 2 
(n=16) 

Cluster 3 
(n=12) 

Course View (S-C)  568 269 1058 

Glossary View (S-C)  81 26 149 

Assignment View (S-C) 181 102 282 

Assignment Uploaded (S-C) 16 10 21 

Quizz View (S-C)  39 21 69 

Glossary Updated (S-C ) 1 0 1 

Goal_Setting_Scale  15 15 17 

 

When Table 2 is examined, the interaction data associated with the online students' SRL skill 
Goal_Setting dimension emerged as course_view, glossary_view, assignment_view, 
assignment_upload, quiz_view, glossary_update, goal_setting_scale. When the mean values of 
these behaviors are examined, the fact that the average scores of the students in Cluster 3 (n=12) 
are higher indicates that the online SRL skills of the students in Cluster 3 based on the 
interaction data are higher in Goal_Setting. On the other hand, the statistical information 
obtained as a result of the analysis (ANOVA) implemented in order to see whether the 
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interaction data of the events associated with the Goal Setting skill of the online students is 
meaningful in clustering is presented in Table 3. 

Table 3. ANOVA Analysis Results Regarding Goal Setting Dimension 
 
Variables 

Cluster                                          Error      

    F 

     

  p Mean    
Square                        df 

 Mean 
 Square                   df        

Course View (S-C) 2145075,590 2 14571,401 50 147,211 ,000 
Glossary View (S-C) 51904,162 2 2826,499 50 18,363 ,000 
Assignment View (S-C) 111825,016 2 3952,913 50 28,289 ,000 
Assignment Uploaded (S-C) 490,723 2 30,521 50 16,078 ,000 
Quizz View (S-C) 7993,147 2 281,874 50 28,357 ,000 
Glossary Updated (S-C) 6,126 2 3,849 50 1,592 ,214 
Hedef_Belirleme_Slçek 21,076 2 14,691 50 1,435 ,248 

 

Overall, it has been observed that course_view, which is among the interaction behaviors of 
the online students splitted into 3 clusters, has come to the fore significantly, while the 
assignment_view and qlossary_view behaviors based on the student-content interaction type 
are seen to be secondly. Therefore, it can be thought that the course_view interaction behavior 
of online students in the goal setting dimension is an event that should be taken into account. 

Environment Structuring 

Interaction data and scale data based on online students' SRL skills were used as analysis input. 
As a result of the analysis, it is shown in Table 4 that the students with the environment 
dimension divided into three clusters.  

The system interactions used to identify the students in three clusters that emerged as a result 
of the analysis, formed the interaction behaviors of the students' online SRL skills in Table 5 
below. 

Table 5. Cluster Means of Interaction Behaviors by K-Means Algorithm 
Variables Cluster 1 

(n=25) 
Cluster 2 
(n=19) 

Cluster 3 
(n=9) 

Course View (S-C)  618 296 1126 

Forum View (S-C)  84 28 217 

Environment_Structuring_Scale 15 14 15 

 

The interaction behaviors of online students in the context of Environment_Structuring 
dimension emerged as course_view, forum_view, environment_structuring_scale. When the 
mean values of these behaviors are examined, it is seen that the scores based on the interactions 
of the students are higher in Cluster 3 (n=9) than the others. On the other hand, 
environment_structuring_scale behavior emerged as the the least average score in this cluster. 
When the average scores of the students for the behaviors in Cluster 1 (n=25) and Cluster 2 
(n=19) were examined, it was seen that Cluster 1 had a higher average score than Cluster 2. At 
this point, Cluster 1 (n=25) is clusters created by Environment_Structuring_Adequate and 
Cluster 2 (n=19) is set by students for Environment_Structuring_Undeveloped. The statistical 
ANOVA test information obtained as a result of the analysis of is presented in Table 6. 
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Table 6. ANOVA Analysis Results on Dimension of Environment_Structure  
 
Variables 

Cluster                                     Error      

    F 

     

  p Mean    
Square                         df 

 Mean 
 Square                        df    

Course View (S-C) 2123543,247 2 15432,694 50 137,600 ,000 
Forum View (S-C) 109405,324 2 5043,452 50 21,693 ,000 
Environment_Structuring_Scale 4,298 2 9,893 50 ,434 ,650 

 

 When Table 6 is examined, it is concluded that behaviors other than 
“Environment_Structuring_Scale” interaction behavior are significant in categorizing them 
into clusters. In addition, when the F values in the Table 6 are examined, it can be concluded 
that the most effective interaction behaviors of clusters are course_view (S-C) (F=137,600, 
p<0.01) and forum_view (S-C) (F=21,693, p<0.01). 

Task Strategies 

The system interactions used to define the students in the three clusters that emerged as a result 
of the analysis in the dimension of Task_Strategies for SRL skills determined based on the 
interaction data of online students. The distribution of these behavioral clusters are shown in 
Table 8 below. 

Table 8. Cluster Means of Interaction Behaviors by K-Means Algorithm 
Variables Cluster 1 

(n=25) 
Cluster 2 
(n=16) 

Cluster 3 
(n=12) 

Course View (S-C) 568 269 1058 
Glossary View (S-C) 81 26 149 
Assignment View (S-C) 181 102 282 
Assignment Uploaded (S-C) 16 10 21 
Chat View (S-S) 37 16 78 
Chat Sent (S-S) 17 4 64 
Forum Viewed (S-S) 20 7 69 
Chat View (S-T) 23 4 50 
Book View (S-C) 10 3 15 
Forum Created (S-S) 1 1 3 
Forum Created (S-T) 2 0 9 
Forum Viewed (S-T) 3 1 5 
Glossary Updated (S-C) 1 0 1 
Forum Updated (S-T) 0 0 0 
Task_Strategies_Scale 12 11 12 

 

When table 8 is examined, the interaction behaviors of online students in the context of 
Task_Strategies skill have emerged as course_view, glossary_view, assignment_view, 
assignment_upload, chat_view, chat_sent, forum_view, resource_view, forum_created, 
glossary_updated, forum_updated, task_strategies. When the average values of these behaviors 
were examined, it was seen that the average scores of the students in Cluster 3 (n=12) based 
on their interaction behaviors were higher. As a result of the average scores based on the 
interaction behaviors, it was revealed that the online SRL skills of the students in Cluster 3 
were higher in Task_Strategies. At this point, this cluster can be called the Task_Strategies 
Advanced students. ANOVA (One-Way Analysis of Variance) test was conducted in order to 
examine the significance values of related behaviors in creating clusters in the dimension of 
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Task_Strategies based on the interaction data of online students’ statistical information is 
presented in Table 9. 

Table 9. ANOVA Analysis Results for Task Strategies Dimension 
 
Variables 

Cluster                                  Error      

    F 

     

  p Mean     
Square                     df 

 Mean 
 Square                    df      

Course View (S-C) 2145075,590 2 14571,401 50 147,211 ,000 
Glossary View (S-C) 51904,162 2 2826,499 50 18,363 ,000 
Assignment View (S-C) 111825,016 2 3952,913 50 28,289 ,000 
Assignment Uploaded (S-C) 490,723 2 30,521 50 16,078 ,000 
Chat View (S-S) 13636,536 2 923,653 50 14,764 ,000 
Chat Sent (S-S) 13551,743 2 2842,866 50 4,767 ,013 
Forum Viewed (S-S) 14172,852 2 855,842 50 16,560 ,000 
Chat View (S-T) 7289,450 2 1114,526 50 6,540 ,003 
Book View (S-C) 502,877 2 74,460 50 6,754 ,003 
Forum Created (S-S) 18,704 2 11,013 50 1,698 ,193 
Forum Created (S-T) 271,877 2 30,025 50 9,055 ,000 
Forum Viewed (S-T) 47,545 2 50,313 50 ,945 ,396 
Glossary Updated (S-C) 6,126 2 3,849 50 1,592 ,214 
Forum Updated (S-T) 1,132 2 1,778 50 ,636 ,533 
Task_Strategies_Scale 7,502 2 9,080 50 ,826 ,444 

 

When table 9 is examined, it is presented that the results obtained in the distribution of the 
other clusters are statistically significant, except for Forum_Created (S-S), Forum_View (S-
T), Glossary_Updated (S-C), Forum_Updated (S-T), Task_Strategies_Scale behaviors. 

 

Time Management 

The values of the data set grouped in three different sets of Time Management, whose cycle is 
based on the interaction data of the students, are shown in the relevant table. The system 
interactions used to identify the students in the three clusters that emerged as a result of the 
analysis, the interaction behaviors of the students' online SRL skills analysis. The distribution 
of these behaviors clusters is shown in Table 11 below. 

Table 11. Cluster Means by K-Means Algorithm 
Variables Cluster 1 

(n=9) 
Cluster 2 
(n=5) 

Cluster 3 
(n=39) 

Course View (S-C) 11000 719 77918 

Assignment View (S-C) 269282 107488 115940 

Forum Viewed (S-C) 205221 1892936 96811 

Chat View (S-T) 1546742 436310 114905 

Book View (S-C) 40524 84238 61638 

Time_Managemen_Scale 9 7 9 

 

When Table 11 is examined, the interaction behaviors of online students in the context of 
Time_Management dimension are course_view, assignment_view, chat_view, forum_view, 
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resource_view, time_management_scale interaction behaviors. When the mean values of these 
behaviors are examined, it is seen that the mean scores based on the interaction behaviors of 
the students in Cluster 3 (n=39) are higher than the others. When the mean scores of the students 
in Cluster 1 (n=9) and Cluster 2 (n=5) were examined, it was seen that Cluster 1 had a higher 
average score than Cluster 2. At this point, if Cluster 1 (n=9) is Sufficient in Time Management 
and Cluster 2 (n=5) called as Time Management Undeveloped. ANOVA test was conducted in 
order to analyze the statistical results of the behavior of the Time Management dimension of 
the SRL skill determined within the framework of the interaction data of the online students. 
The statistical information obtained as a result of this analysis is presented in Table 12. 

Table 12. ANOVA Analysis Results on Time Management Dimension 

 
Variables 

Cluster                                   Error      
    F 

     
  p Mean    

Square                          df 

 Mean 

 Square                            df  

Course View (S-C) 25836402795,788 2 119678957420,130 50 ,216 ,807 

Assignment View (S-C) 89106379232,006 2 99411649516,493 50 ,896 ,415 

Forum Viewed (S-C) 7182872509623,199 2 142011829103,848 50 50,579 ,000 

Chat View (S-T) 7502238929652,405 2 124494501763,439 50 60,262 ,000 

Book View (S-C) 3227149317,040 2 15933923217,063 50 ,203 ,817 

Time_Management_Scale 13,836 2 6,645 50 2,082 ,135 

 

When table is examined, it is seen that the distribution of other interaction behaviors to clusters, 
except for course_view (S-C), assignment_view (S-C), book_view (S-C), 
Time_Management_Scale behaviors, are significant. 

 

Help Seeking 

The interactions used to identify the students in three clusters whose help seeking were created 
based on interaction data of online students' SRL skills clusters are shown in Table. 

Table 14. Cluster Means of Behaviors by K-Means Algorithm 
Variables Cluster 1 

(n=42) 
Cluster 2 
(n=10) 

Cluster 3 
(n=1) 

Chat View (S-S) 28 77 168 

Chat Sent (S-S) 14 32 356 

Forum Viewed (S-S) 18 51 180 

Chat View (S-T) 46 205 264 

Chat Sent (S-T) 38 122 664 

Forum Created (S-C) 2 7 12 

Forum Created (S-S) 1 2 20 

Forum Created (S-T) 1 7 32 
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Forum Viewed (S-T) 1 9 20 

Forum Updated (S-T) 0 0 4 

Help_Seeking_Scale 12 13 11 

 

When table 14 is examined, interaction behaviors of online students in the context of 
help_seeking skill are chat_view, chat_sent, forum_view, forum_created, forum_updated, 
help_seeking_scale. When the average values of these behaviors are examined, the mean scores 
of the behaviors based on interaction data of the student in Cluster 3 (n=1) are higher than the 
others. As a result of the average scores of interaction behaviors, it was seen that the 
Help_Seeking dimension of the online SRL skills of the student in Cluster 3 was higher than 
the other clusters. At this point, this cluster called the Help Seeking Advanced. On the other 
hand, the statistical information obtained as a result of the One-Way Analysis of Variance 
(ANOVA) test of the online students is presented in Table 15. 

Table 15. ANOVA Analysis Results for Help Seeking Dimension 
 
Variables 

Cluster                               Error      
    F 

     
  p Mean     

Square                df 

 Mean 

 Square                df      

Chat View (S-S) 17939,240 2 751,544 50 23,870 ,000 

Chat Sent (S-S) 57531,396 2 1083,680 50 53,089 ,000 

Forum Viewed (S-S) 16236,106 2 773,312 50 20,996 ,000 

Chat View (S-T) 119032,814 2 1222,470 50 97,371 ,000 

Chat Sent (S-T) 210718,234 2 6427,808 50 32,782 ,000 

Forum Created (S-C) 158,452 2 14,082 50 11,253 ,000 

Forum Created (S-S) 185,695 2 4,334 50 42,849 ,000 

Forum Created (S-T) 544,548 2 19,118 50 28,484 ,000 

Forum Viewed (S-T) 399,606 2 36,230 50 11,030 ,000 

Forum Updated (S-T) 7,299 2 1,531 50 4,766 ,013 

Help_Seeking_Scale 5,647 2 9,528 50 ,593 ,557 

 

When table 15 is examined, it is seen that they are statistically significant in separating the 
other behaviors into clusters, with the exception of the "Help_Seeking_Scale" behavior. In 
addition, when F values are examined, the most effective behaviors in the formation of clusters 
are chat_view (S-T) (F=97,371, p<0.01) and chat_sent (S-S) (F=53,089, p<0.01). 

Self Evaluation 

K-Means clustering algorithm was applied to define the Self-Evaluation dimension based on 
the interaction data of the students. The system interactions used to identify the students in the 
three clusters that emerged as a result of the analysis, interaction behaviors of the students' 
online SRL skills behaviors into clusters is presented in Table 17 . 

Table 17. Cluster Means of Behaviors by K-Means Algorithm 
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Variables Cluster 1 
(n=16) 

Cluster 2 
(n=33) 

Cluster 3 
(n=4) 

Assignment View (S-C) 82 202 387 

Assignment Uploaded (S-C) 7 18 26 

Quizz View (S-C) 18 44 93 

Quizz Review (S-C) 8 30 66 

Chat View (S-S) 3 14 29 

Forum Created (S-S) 0 1 7 

Self_Evaluation_Scale 12 14 12 

 

When table 17 is examined, the interaction behaviors of online students in the context of Self-
Evaluation dimension are assignment_view, assignment_upload, quizz_view, quizz_review, 
chat_view, forum_created, self_evaluation_scale. When the average values of these behaviors 
were examined, the mean scores of online students in Cluster 3 (n=4) based on their interaction 
behaviors were higher than the others. On the other hand, the statistical information obtained 
as a result of the ANOVA of the Self-Evaluation skill based on the interaction data of online 
students is presented in Table 18. 

 

Table 2. ANOVA Analysis Results for Self-Evaluation Dimension 
 
Variables 

Cluster                               Error      
    F 

     
  p Mean     

Square              df 

 Mean 

 Square              df        

Assignment View (S-C) 171219,319 2 1577,141 50 108,563 ,000 

Assignment Uploaded (S-C) 928,296 2 13,018 50 71,311 ,000 

Quizz View (S-C) 9892,682 2 205,893 50 48,048 ,000 

Quizz Review (S-C) 6161,666 2 238,979 50 25,783 ,000 

Chat View (S-S) 1269,742 2 332,099 50 3,823 ,029 

Forum Created (S-S) 76,417 2 8,705 50 8,779 ,001 

Self_Evaluation_Scale 16,924 2 14,285 50 1,185 ,314 

 

When table 18 is examined, other behaviors are statistically significant created of then clusters, 
with the exception of the “Self-Evaluation_Scale” behavior. In addition, when the F values are 
examined, the most effective interaction behavior is assignment_view (S-C) (F=108,563, 
p<0.01), assignment_uploaded (S-C) (F=71,311, p<0.01), quizz_view (S-C) (F=48,048, 
p<0.01) and quizz_review (S-C) (F=25,783, p<0.01). The least effective behaviors are 
chat_view (S-S) (F=3,823, p<0.01), forum_created (S-S) (F=8,779, p<0.01). 

Overall 
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As a result of the analysis, online students were divided into 3 clusters according to their self-
regulation skills in each dimension. The clusters and the number of students who are advanced, 
sufficient and undeveloped students are presented in table 19. 

Table 19. As a result of the analysis, clusters consisting of advanced, sufficient and 
undeveloped students 

Constructed Clusters Advanced Sufficient Undeveloped 

Goal Setting N=12 (S3, S7, S8, S9, 
S12, S17, S18, S27, S30, 
S31, S40, S42) 

N=25 (S1, S2, S4, S5, 
S10, S13, S14, S15, S23, 
S24, S25, S28, S29, S33, 
S34, S36, S37, S38, S41, 
S43, S46, S49, S50, S52, 
S53) 

N=16 (S6, S11, S16, 
S19, S20, S21, S22, S26, 
S32, S35, S39, S44, S45, 
S47, S48, S51) 

Environment 
Structure 

N=9 (S7, S8, S9, S12, 
S18, S27, S30, S40, S42) 

N=25 (S2, S3, S5, S10, 
S13, S14, S15, S17, S23, 
S24, S25, S28, S29, S31, 
S33, S34, S36, S37, S38, 
S41, S43, S49, S50, S52, 
S53) 

N=19 (S1, S4, S6, S11, 
S16. S19, S20, S21, S22, 
S26, S32, S35, S39, S44, 
S45, S46, S47, S48, S51) 

Task Strategies N=12 (S3, S7, S8, S9, 
S12, S17, S18, S27, S30, 
S31, S40, S42) 

N=25 (S21, S2, S4, S5, 
S10, S13, S14, S15, S23, 
S24, S25, S28, S29, S33, 
S34, S36, S37, S38, S41, 
S43, S46, S49, S50, S52, 
S53) 

N=16 (S6, S11, S16, 
S19, S20, S21, S22, S26, 
S32, S35, S39, S44, S45, 
S47, S48, S51) 

Time Management N=39 (S1, S2, S3, S4, 
S5, S6, S7, S8, S9, S10, 
S13, S17, S18, S20, S22, 
S23, S24, S25, S27, S28, 
S29, S30, S33, S34, S35, 
S36, S37, S38, S40, S42, 
S43, S44, S45, S47, S48, 
S50, S51, S52, S53) 

N=9 (S12, S14, S15, 
S19, S21, S26, S31, S46, 
S49) 

N=5 (S11, S16, S32, 
S39, S41) 

Help Seeking N=1 (S40) N=10 (S2, S3, S5, S7, 
S9, S12, S28, S30, S34, 
S43) 

N=42 (S1, S4, S6, S8, 
S10, S11, S13, S14, S15, 
S16, S17, S18, S19, S20, 
S21, S22, S23, S24, S25, 
S26, S27, S29, S31, S32, 
S33, S35, S36, S37, S38, 
S39, S41, S42, S44, S45, 
S46, S47, S48, S49, S50, 
S51, S52, S53) 

Self Evaluation N=4 (S3, S18, S27, S40) N=33 (S1, S2, S4, S5, 
S7, S8, S9, S10, S11, S12, 
S13, S14, S17, S19, S20, 
S23, S24, S25, S28, S29, 
S30, S31, S33, S34, S36, 
S38, S41, S42, S43, S46, 
S50, S52, S53) 

N=16 (S6, S15, S16, 
S21, S22, S26, S32, S35, 
S37, S39, S44, S45, S47, 
S48, S49, S51) 

 

 

The Relationship of Clustered Students with Academic Achievement 
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The relationships between the profiling of students based on interaction data in the context of 
online SRL skills and academic achievement are presented in the following headings. 

Goal Setting & Academic Achievement 

Variables Variance 
Source 

Sumof 
Squares 

df Mean 
Square  

F p 

Goal  
setting 

Between 
Groups  

2970,689 2 1485,344 
 

 
8,745 

 
0,001 

Within 
Groups  

8492,566 50 169,851321 

Total  11463,255 52 
 

The cluster analysis mean scores show that the events of course_view, assignment_view, 
glossary_view receive more interaction and these events come to the fore in students with high 
GS. The glossary updated event with a lower average score was negligible and 
glossary_updated event was found to be meaningless in the ANOVA test results. The 
course_view event is found important to have GS skills and students who interact more with 
the course content have high GS skills. In addition, online students goal setting skills is 
significantly relationship with the academic achievement on ANOVA results [F (2-50)=8, 745, 
p< 0.01]. 

 

Environment Structuring & Academic Achievement 

Variables Variance 
Source 

Sumof 
Squares
  

df
  

Mean 
Square  

F p 

Environment 
structuring 

Between 
Groups  

3265,381
  

2 1632,691
  

 
9,958
  

 
,000
  Within 

Groups  
8197,873
  

50 163,957
  

Total  11463,255
  

52 

 

The cluster analysis mean scores indicate that course_view, forum_view, events get more 
interaction and students with high ES skills also come to the fore. No other event with a 
lower mean score was found. The effect of this ES cluster on academic achievement is 
significantly related according to ANOVA test results [F (2-50)= 9,958, p< 0.01]. 

 

Task Strategies & Academic Achievement 

Variables Variance 
Source 

Sumof 
Squares
  

df
  

Mean 
Square  

F p 
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Task 
strategies 

Between 
Groups  

2970,689
 
  

2 1485,344
 
  

 
8,745 
  

 
,001 
  

Within 
Groups  

8492,566
  

50 169,851
  

Total  11463,255
  

52 

 

It is found that the events of course_view, assignment_view, glossary_view and chat_view 
received more interaction regarding students with high TS skills. On the other hand, 
forum_created_SS, forum_view_ST, glossary updated and forum_updated events with low 
mean scores were found to be negligible. ANOVA test results were also found to be 
meaningless. TS cluster on academic achievement is significantly related according to 
ANOVA test results [F (2-50)= 8, 745, p< 0.01]. 

 

Time Management & Academic Achievement 

Variables Variance 
Source 

Sumof 
Squares
  

df
  

Mean 
Square  

F p 

Time 
Management 

Between 
Groups  

439,589
  

2 219,794
  

,997 
  

,376 

Within 
Groups  

11023,666
  

50 220,473
  

Total  11463,255
  

52 

 

In the context of cluster analysis mean scores, it is seen that forum_view, chat_view, events 
get more interaction and these events come to the fore in students with high TM skills. On the 
other hand, the course_view, assignment_view, book_view events with lower mean scores 
were negligible within the framework of this variable, and the ANOVA test results were found 
to be meaningless. Beside this, the effect of this TM cluster on academic achievement is no 
significantly related according to ANOVA test results [F (2-50)= 0, 997, p>0.01]. 

 

 

Help Seeking & Academic Achievement 

Variables Variance 
Source 

Sumof 
Squares
  

df
  

Mean 
Square  

F p 

Help 
Seeking 

Between 
Groups  

755,011
 
  

2 377,505
 
  

1,763 
 
  

,182  
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Within 
Groups  

10708,244
 
  

50 214,165
 
  

Total  11463,255
  

52 

 

The cluster analysis show that chat_view and chat_sent events get more interaction and 
students with high HS skills. Thus, chat_view and chat_sent events were important within the 
framework of student-student_SS and student-teacher_ST interactions in online students' 
having HS skills. Accordingly, students who interact with these events have high HS skills. 
Beside this, the effect of this HS cluster on academic achievement is no significantly related 
according to ANOVA test results [F (2-50)= 1, 763, p>0.01]. 

Self Evaluation & Academic Achievement 

Variables Variance 
Source 

Sumof 
Squares
  

df
  

Mean 
Square  

F p 

Self  
Evaluation 

Between 
Groups  

3456,340
  

2 1728,170
  

10,792  ,000  

Within 
Groups  

8006,914
  

50 160,138
  

Total  11463,255
  

52 

 

Students with high SE skills interacted more with assignment_view, quizz_view, quizz_review 
events. Accordingly, the students interacted via assignment view event and quizz events have 
high SE skills. The effect of this SE cluster on academic achievement is significantly related 
according to ANOVA test results [F (2-50)= 10, 792, p< 0.01]. 

4.Discussion and Conclusion 

Researchers argue that successful students actively participate in their learning in terms of 
regularly, self-evaluating their learning, asking questions when they need help, and attentively 
communicating with others (You, 2016). One can infer that students’ online interactions in 
learning activities reflect SRL and may influence in academic performance. Several studies 
that utilized LMS data have shown that participation indicators and patterns are strongly 
correlated with academic achievement (Asarta & Schmidt, 2013; Goldstein & Katz, 2005; 
Michinov et al., 2011; Rafaeli & Ravid, 1997). Similarly, other studies have reported the 
benefits of utilizing learning analytics in terms of retention and the prevention of academic 
failure (Campbell et al., 2007; Dietz-Uhler & Hurn, 2013; Jayaprakash, Moody, Lauría, Regan, 
& Baron, 2014). Self-regulation failures in online learning contexts have been suggested to 
lead to greater detrimental effects (Dabbagh & Kitsantas, 2004; Jonassen, Davidson, Collins, 
Campbell, & Haag, 1995; King, Harner, & Brown, 2000; Warnock, Bingham, Driscoll, Fromal, 
& Rouse, 2012) compared with those obtained from failures in traditional learning 
environments. The results derived from a naturalistic experiment among a cohort of first year 
engineering students showed that positive and negative self-regulated strategies affected both 
the interaction with online activities and academic performance (Pardo, Han, & Ellis, 2016).  
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Ths sub dimensions of SRL may affect academic achievement differently. For example, the 
fact that students with a high Goal Setting skills score have more interactions with the content 
indicates that the course_view event is important in this dimension. Therefore, it has been 
emphasized in various studies that interaction with the content increases the engagement to the 
courses so that goal-oriented students performs highly correlated with the their SRL skills 
(Cho, Cheon, & Lim, 2020). In contrast to prior studies Jo et al. (2015), in this study, time 
management is not significianlty correlated with the academic achievement. The order of log 
in and the log in time, which are kept in the log records of the adult students on the LMS 
system, positively affect their learning performance.  

Overall, the results show that different self-regulated skills presented by online learners results 
different interactions in various online tools and this affect academic achievements.  

5. Suggestions 

The indicators that emerge as a result of the self-regulation skills-based clusters of online 
students are gathered with the help of affordances of the LMS. In future studies, considering 
the clusters some artificial intelligence techniques may be applied to provide support for 
students. On the other hand, in this study, online interaction behaviors indicating the time 
management and the help-seeking dimensions did not provide meaningful relationships with 
academic achievements. We think, this interesting finding is remarkable to  be examined in 
future study in depth. We hope this study may shed a light for examining online SRL via 
learning analytics techniques. 
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