
© Emine Cabı and Hacer Türkoğlu, 2025 This document is protected by copyright law. Use of the services of Érudit
(including reproduction) is subject to its terms and conditions, which can be
viewed online.
https://apropos.erudit.org/en/users/policy-on-use/

This article is disseminated and preserved by Érudit.
Érudit is a non-profit inter-university consortium of the Université de Montréal,
Université Laval, and the Université du Québec à Montréal. Its mission is to
promote and disseminate research.
https://www.erudit.org/en/

Document generated on 04/04/2025 10 a.m.

International Review of Research in Open and Distributed Learning

The Impact of a Learning Analytics Based Feedback System on
Students’ Academic Achievement and Self-Regulated Learning
in a Flipped Classroom
Emine Cabı   and Hacer Türkoğlu 

Volume 26, Number 1, March 2025

URI: https://id.erudit.org/iderudit/1117219ar
DOI: https://doi.org/10.19173/irrodl.v26i1.7924

See table of contents

Publisher(s)
Athabasca University Press (AU Press)

ISSN
1492-3831 (digital)

Explore this journal

Cite this article
Cabı, E. & Türkoğlu, H. (2025). The Impact of a Learning Analytics Based
Feedback System on Students’ Academic Achievement and Self-Regulated
Learning in a Flipped Classroom. International Review of Research in Open and
Distributed Learning, 26(1), 175–196. https://doi.org/10.19173/irrodl.v26i1.7924

Article abstract
Recent advancements in educational technology have enabled teachers to use
learning analytics (LA) and flipped classrooms. The present study investigated
the impact of a LA-based feedback system on students’ academic achievement
and self-regulated learning (SRL) in a flipped learning (FL) environment. The
study used a pretest-posttest control group quasi-experimental design with 71
pre-service teachers in the experimental group and 56 pre-service teachers in
the control group, both enrolled in an information technology course. The
experimental group received LA-based feedback during a 4-week training
program in the FL classroom, while the control group did not receive this
feedback. Data were collected using an achievement test, an online SRL
questionnaire, and a student opinion form. The study found that the students’
SRL and academic achievement were not significantly affected by the LA-based
feedback system in FL classrooms. In contrast, according to the qualitative
research findings, students claimed the LA-based feedback helped them learn
because it allowed them to monitor their learning processes.

http://creativecommons.org/licenses/by/4.0
https://apropos.erudit.org/en/users/policy-on-use/
https://www.erudit.org/en/
https://www.erudit.org/en/
https://orcid.org/0000-0002-7488-0309
https://orcid.org/0000-0001-6214-9888
https://www.erudit.org/en/journals/irrodl/
https://id.erudit.org/iderudit/1117219ar
https://doi.org/10.19173/irrodl.v26i1.7924
https://www.erudit.org/en/journals/irrodl/2025-v26-n1-irrodl09959/
https://www.erudit.org/en/journals/irrodl/


 

 

International Review of Research in Open and Distributed Learning 
Volume 26, Number 1                  
                                      
March – 2025 
 

The Impact of a Learning Analytics Based Feedback 
System on Students’ Academic Achievement and Self-
Regulated Learning in a Flipped Classroom 
Emine Cabı1 and Hacer Türkoğlu2 
1Department of Computer and Instructional Technologies Education, Faculty of Education, Başkent University, Ankara, 
Türkiye; 2Department of Mathematics and Science Education, Faculty of Education, Başkent University, Ankara, Türkiye 

 

Abstract  
Recent advancements in educational technology have enabled teachers to use learning analytics (LA) 
and flipped classrooms. The present study investigated the impact of a LA-based feedback system on 
students’ academic achievement and self-regulated learning (SRL) in a flipped learning (FL) 
environment. The study used a pretest-posttest control group quasi-experimental design with 71 pre-
service teachers in the experimental group and 56 pre-service teachers in the control group, both 
enrolled in an information technology course. The experimental group received LA-based feedback 
during a 4-week training program in the FL classroom, while the control group did not receive this 
feedback. Data were collected using an achievement test, an online SRL questionnaire, and a student 
opinion form. The study found that the students’ SRL and academic achievement were not significantly 
affected by the LA-based feedback system in FL classrooms. In contrast, according to the qualitative 
research findings, students claimed the LA-based feedback helped them learn because it allowed them 
to monitor their learning processes. 

Keywords: learning analytics, flipped learning, academic achievement, experimental design, self-
regulation  
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Introduction 

Learning Analytics and Personalised Feedback 
In online learning environments, students’ interactions are typically recorded and stored, generating 
digital traces known as log data. This data can be mined and analyzed to uncover learning behavior 
patterns, offering valuable insights into educational practices. This approach is referred to as learning 
analytics (LA). According to Siemens and Gašević (2012), learning analytics involves the measurement, 
collection, analysis, and reporting of data about learners and their contexts, aimed at understanding 
and optimizing both learning and the environments where it takes place. Due to its potential to enhance 
teaching and learning outcomes, LA has drawn a lot of interest from academics and practitioners 
(Kovanovic et al., 2021; Šereš et al., 2022). To better understand and support the learning process, there 
has been an increasing emphasis on analysing students’ online learning data (Kew & Tasir, 2021; Wong 
et al., 2022). Since it is still in its early stages of development, LA offers a promising method for 
comprehending, optimising, and enhancing the learning process (Klašnja-Milićević et al., 2020).  

Using data gathered by educational tools and platforms, LA is used to make possible data-driven 
decisions to enhance student learning (Kovanovic et al., 2021). One of the main objectives of LA practice 
is to create learning experiences, such as offering personalised feedback, giving advice, and providing 
learning resources to meet students’ needs (Wong et al., 2022). Various features are offered by these 
systems, including learning suggestions, visualisations, reminders, grading, and self-assessment 
options (Klašnja-Milićević et al., 2020). LA empowers educators to monitor each student’s learning 
obstacles and the development of their success, while offering customised feedback based on individual 
progress (Karaoglan Yilmaz & Yilmaz, 2020). As a result, LA has become increasingly prevalent in the 
production of proactive feedback in online or blended learning environments (Lu et al., 2017; Pardo et 
al., 2019; Sedrakyan et al., 2020; Uzir et al., 2020).  

Personalised digital learning systems enable teachers to tailor their instruction to students’ individual 
needs and learner characteristics (Hwang et al., 2020). Feedback plays a critical role in personalised 
learning scenarios. Scholars argue that adaptive and personalised feedback has the potential to raise 
student academic achievement (Ustun et al., 2022), reflect students’ developmental and motivational 
needs (Koenka & Anderman, 2019), and empower them for self-regulated learning (SRL; Ouyang & 
Jiao, 2021; Ustun et al., 2022).  

LA in Flipped Learning  
Flipped learning (FL) is a student-centered approach where teachers’ lectures are moved to pre-class 
time, allowing for more in-class practice and discussion to enhance students’ deep learning and address 
their learning challenges (Bergmann & Sams, 2012). The most comprehensive definition comes from 
the Flipped Learning Network (2014):  

Flipped learning is a pedagogical approach in which direct instruction moves from the group 
learning space to the individual learning space, and the resulting group space is transformed 
into a dynamic, interactive learning environment where the educator guides students as they 
apply concepts and engage creatively in the subject matter (“What is flipped learning?” section). 

In FL environments, learners are accountable for their own learning and are able to customise it to fit 
their needs in terms of time, level, and pace (O’Flaherty & Phillips, 2015; Staker & Horn, 2012). Because 
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the FL model requires learners to prepare for class by studying particular topics outside of the 
classroom, success can be explained in part by frequent and regular access to course materials and 
outside content and how students navigate between materials or content of the classroom (Davies et al., 
2021; Montgomery et al., 2019). Identification of the factors influencing students’ academic 
achievement is one of the ways LA is used in the FL model (Algayres & Triantafyllou, 2020; Lin & 
Hwang, 2018). However, LA makes it simpler to identify students at risk (Bayazit et al., 2022). Design 
of FL environments frequently incorporates LA to reveal students’ learning styles (Dooley & Makasis, 
2020; Jovanović et al., 2017; Lin & Hwang, 2018; Rubio‐Fernández et al., 2019; Silva, et al., 2018).    

SRL, LA, and FL 
According to Pintrich (2000), SRL is a proactive and beneficial process in which students actively set 
their learning objectives, make an effort to manage, regulate, and check on their cognition, motivation, 
and behaviour, and are constrained by their objectives and the contextual elements of their 
environment.  

The link between SRL, improved performance, and desirable learning outcomes has been established 
(Schunk & Greene, 2017). It has been hypothesised that guiding students (Zimmermann, 2002) who 
acquire their metacognitive, motivational, and behavioural attitudes independently to plan, oversee, 
and assess their own learning procedures can promote the use of SRL strategies and thereby enhance 
learning outcomes (Guo, 2022).  

SRL is particularly important in the FL because students need to be actively prepared before coming to 
class in order to benefit from face-to-face activities (Omarchevska et al., 2024). Learners can develop 
strategies to improve their SRL and academic achievement in FL (Silva et al., 2018; Ustun et al., 2022). 
LA is also critical to measuring SRL skills by tracking and archiving students’ strategies (You, 2015). It 
enables instructors to understand how students interact with learning tasks, tools, and materials in their 
academic endeavours (Tempelaar et al., 2024). More specifically, as Gašević et al. (2016) pointed out, 
LA enables instructors to identify the topics students struggle with and provide personalized 
instructions or process-oriented feedback accordingly. Therefore, LA has great potential to directly 
impact students’ SRL and academic achievement. 

Participating in out-of-class activities to prepare for in-class activities in flipped classrooms is a 
challenging aspect of this model and is associated with students’ low self-regulation (Akçayır & Akçayır, 
2018). Additionally, students complain about not receiving enough feedback out-of-class in the FL 
model (Birgili & Demir, 2022). Given the difficulty of participating in out-of-class activities in FL, 
students’ interaction behaviors can be assessed through LA obtained from the learning management 
system (LMS; Yang et al., 2021). Learning analytics dashboards (LAD) are successful in giving students 
feedback, but sometimes the complexity of LAD designs may be overwhelming for students 
(Ramaswami et al., 2023). Therefore, LA-based personalized feedback can be provided out-of-class in 
FL, and these factors constitute the rationale for this study. 

Studies on the impact of LA on student achievement and SRL in the online learning environment have 
been conducted in this context (Çebi & Güyer, 2020; Kim et al., 2018; Li & Tsai, 2017; Lim et al., 2023). 
However, very few empirical studies (Silva et al., 2018) as well as subsequent evaluations of student 
achievement (Ustun et al., 2022) have investigated the impact of LA on students’ SRL. On the other 
hand, there is little proof that the claimed potential for improving learning practices has been 
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successfully transferred to higher education practice, despite the fact that many studies on LA highlight 
this potential (Šereš et al., 2022).  

Based on the limited literature, we decided to investigate the impact of a flipped learning based learning 
analytics (FLLA) feedback system on students’ SRL and academic achievement. 

There were three research questions: 

1. Are there significant differences between students in a traditional FL environment and those 
supported with FLLA-based feedback in terms of their academic achievement? 

2. Are there significant differences between students in a traditional FL environment and those 
supported with FLLA-based feedback in terms of their SRL? 

3. What are the pre-service teachers’ perspectives on the FLLA-based feedback? 

 

Methodology 

Design of the Study 
The research followed a quasi-experimental design. With quasi-experimental designs, a popular 
approach to quasi-experiments, an experimental group and a control group are selected without 
random assignment. Both groups take a pretest, the experimental group receives a treatment, and then 
both groups take a posttest (Creswell, 2009).  

In our study, it was examined whether there was a difference between the experimental and control 
groups determined by selection without random assignment. While the students in the control group 
received traditional FL training, the students in the experimental group received FLLA-based feedback. 
Before and after the 4-week training, pretests and posttests were administered to measure the academic 
achievement and SRL of the students.  The academic achievement test was developed for this specific 
study, and the Online Self-Regulated Learning Questionnaire (OSLQ) was used to measure students’ 
SRL. The OLSQ was developed by Lan et al (2004), then shortened by Barnard et al (2008) and adapted 
into Turkish by Kilis and Yıldırım (2018). The validity and reliability of these data collection tools were 
tested, and both tools were accepted as valid and reliable. Table 1 shows the study design.  

Table 1  

Design of the Research Model 

Group Assignment Pretest Treatment 
 

Posttest 

Experimental R Achievement test 

OSLQ 

FLLA-based 
feedback 

Achievement test 

OSLQ 

Student opinion form 

Control R Achievement test FL Achievement test 
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OSLQ OSLQ 

Note. R = unbiased assignment; OSLQ = Online Self-Regulated Learning Questionnaire; FLLA = flipped learning-
based learning analytics; FL = flipped learning. 

Content and the Procedure 
The necessary learning environments for the experimental and control groups were created to conduct 
the training. A total of 3 hours of instruction were given in the FL environment to both groups, including 
1 hour of face-to-face instruction and 2 hours of online instruction. Before the experimental process 
began, students in both groups received training on how to use the LMS (Moodle) and the FL model, 
and guidance on the roles and responsibilities in this model. Table 2 provides a general description of 
the activities in this FL environment. 

Table 2  

Weekly Activities in the FL Environment 

Week Topic 
Activities 

At home In class 
1 Introduction  

Pretest 
 Readiness training  

OSLQ  
Achievement test 

2 What is Microsoft Excel? 
Table data entry—Formatting 

Weeks 2–5: 
Documents (pdf) 
Microsoft Excel 
Videos 
 

Weeks 2–5: 
Quizzes 
Kahoot games 
In-class applications  
 

3 Data formatting 
Adding a chart 
 

4 Formula usage 
Functions 
 

5 Formulas functions 
Grade calculation 
 

6 Posttest  OSLQ  
Achievement test 
Student opinion form  

Note. OSLQ = Online Self-Regulated Learning Questionnaire. 

The various learning activities shown in Table 2 (resource document, video, quiz, classroom practice) 
were created within the parameters of the study.  

For the experimental group trained with FL, an instructional design based on LA was created. Learners 
were supported with LA feedback. Figure 1 shows an overview of the learning activities of the 
experimental and control groups. 

 

 

 



The Impact of a Learning Analytics Based Feedback System on Students’ Academic Achievement and Self-Regulated Learning  
Cabı and Türkoğlu 

 

180 
 

Figure 1  

Features of the Learning Environments for the Experimental and Control Groups  

 

Support/Intervention Strategies With LA Feedback 
Providing one-to-one advice in LA practice (in areas such as learning paths, resources, feedback, and 
workspaces) gives learners control of their learning processes and progress (Wong et al., 2022). The 
necessity of including individualised feedback in LA is consistently suggested and used in research (Guo, 
2022; Ustun et al., 2022). In this study, the instructors monitored the participation status of each 
student in the experimental group and sent an Individual Learning Analytics Feedback Report by e-
mail at the end of each week. They also directed students to look at their e-mail messages in class time 
to review the reports. Examples from some of the feedback reports, in the original Turkish language, 
are shown in Figure 2.  

 

 

 

 

 

 

 

  

Quiz, Kahoot, 
In-class Applications 

   
   Out of 

class 

 In 
class 

 

 
   
 

Video, Document (pdf), 
Accessing other resources on LMS Quiz, Kahoot, 

In-class applications 

Control 

Video, Document (pdf),  
Accessing other resources on LMS 

Experimental 
 

Support with learning analytics-based feedback 
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Figure 2  

Samples of the Individual Learning Analytics Feedback Report 

A 
 

B 

 
C D 

 

Note. Panel A: Analysis of the students’ individual data of general performance and engagement. Panel B: Analysis 

of LMS/Moodle interaction and in-class applications (Microsoft Excel). Panel C: Analysis of in-class activities (Quiz 

and Kahoot). Panel D: Personalised textual feedback based on recent performance and engagement. All feedback 

was given in Turkish. Data shown in the panels is anonymous.  

The Individual Learning Analytics Feedback Reports featured analysis of student performance and 
engagement with Kahoot, in-class practice, quizzes, Moodle interaction numbers and times, and general 
evaluation. There were three types of feedback: 

1. Statistical feedback from an analysis of the student’s individual data of performance and 
engagement. 

2. Feedback based on descriptive statistics and graphs from analysis of individual and class data 
to facilitate students’ understanding and help them compare their online activities with those 
of their classmates. 

3. Textual feedback including sending each student a personalised message to assess their recent 
performance. 

Both the individual student performance and the class averages were included in the weekly report. 
Individual and class averages were shown in the report to encourage students at risk of failure or 
dropping out to work harder and perform better. 

Participants  
The 127 participants of the study were undergraduate students who took the Information Technologies 
course in the fall semester of the 2021–2022 academic year at a foundation university in Ankara, 
Turkey. All students participating in the research were pre-service teachers—first-year students in the 
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Faculty of Education. Initially, there were 130 participants, but three were excluded because they did 
not participate in the survey and process evaluation. There were 56 participants (52 females and four 
males) in the control group and 71 students (61 females and 10 males) in the experimental group.  

Data Collection Tools 

LMS Interaction Analytics 
Students in the experimental group received the Individual Learning Analytics Feedback Report for 4 
weeks. Data were obtained from the LMS (Moodle) and analysed. Each student’s frequency of course 
access, course sources, and activities (videos, documents, and Microsoft Excel worksheets) for out-of-
class interaction behaviours were examined. As for interaction behaviours during face-to-face 
instruction, in-class applications (score and completion status), a mini-exam (score and completion 
time), and a Kahoot activity score were examined. Class averages of these interaction behaviours were 
also calculated. 

Achievement Test 
A suitable number of questions was chosen for the achievement test items based on the time allocated 
for each topic during the course, and 35 multiple-choice questions were also created. A measurement 
and evaluation expert as well as three subject-matter specialists evaluated these questions to ensure 
content validity (Sireci & Faulkner-Bond, 2014). According to the experts, some changes and revisions 
were necessary. Three items were rephrased, and five items were eliminated. Additionally, in 
accordance with the feedback offered by the measurement and evaluation expert, items testing the same 
subject were grouped together and listed in a linear fashion.  

In the end, separate from the study groups, an achievement test consisting of 30 multiple-choice 
questions was administered to 83 students enrolled in the Information Technologies course, and item 
analysis was performed. The student scores were ranked from high to low for the item analysis. Two 
student groups were identified: the 27% lower group and the 27% upper group, based on score rankings. 
The necessary formulas were used to determine the item difficulty and discrimination indices of the 
questions according to these lower and upper groups. The analysis led to the creation of a test with 30 
items and a difficulty index ranging from 0.34 to 0.98. The discrimination index of the items varied 
between 0.29 and 0.84. One item, which had the lowest discrimination index (0.29), was added to the 
test after correction. The Kuder-Richardson Formula 20 (KR20) was applied to measure the internal 
reliability of the test, and the reliability coefficient was found to be 0.76. As this was within the 
acceptable ranges (Kline, 2013), the test was deemed to have sufficient internal reliability. The test was 
administered to the students as a pretest before the intervention and as a posttest after the intervention. 

Online Self-Regulated Learning Questionnaire (OSLQ) 
The OSLQ was used to gather data on learners’ perceptions of SRL in the online learning environment. 
Lan et al. (2004) originally created the OLSQ, which Barnard et al. (2008) later condensed to 24 Likert-
type items. The questionnaire was adapted into Turkish by Kilis and Yıldırım (2018) and validated with 
data from 321 students. Internal consistency coefficients calculated for the scale’s reliability, as shown 
by Cronbach’s alpha coefficients, ranged from .67 to .87, and .95 for the entire scale. Goal-setting, 
environment structuring, task strategies, time management, help-seeking, and self-evaluation are the 
six subdimensions of the 5-point Likert-type scale. 
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In this study, the OSLQ factor structure was tested with confirmatory factor analysis (CFA) by 
administering it to 130 students. Fit indices were computed for the construct validity factor analysis and 
the six-factor model, which are the same as the original scale. The chi-square value, which is accepted 
as the initial fit index, was examined first and found to be significant (χ2 = 448.31, SD = 237, p = .00). 
The χ2/SD ratio was 1.89, normed fit index (NFI) = 0.92, non-normed fit index (NNFI) = 0.95, 
comparative fit index (CFI) = 0.78, goodness-of-fit index (GFI) = 0.78, adjusted goodness-of-fit-index 
(AGFI) = 0.72, standardised root mean square residual index (SRMS) = 0.07, root mean square error 
of approximation (RMSEA) = 0.05. Based on the fit indices, it was determined that the observed values 
were mostly within acceptable value ranges (Schermelleh-Engel et al., 2003). The GFI ranges from zero 
to one and is affected by sample size, with larger samples yielding more appropriate values (Schumacker 
& Lomax, 2004). The factor loadings of the items were investigated using the scale’s path diagram. The 
factor weights of the items were found to range from 0.35 (item 20) to 0.83 (item 18). 

Student Opinion Form 
After the experimental research process, student opinions were collected from the experimental group. 
Depending on the nature of the response, a semi-structured interview form was employed to gather 
additional data. Regarding the effectiveness of the weekly feedback reports, opinions and suggestions 
were solicited via the interview form. Sample questions asked were: How did the FLLA-based feedback 
contribute to your learning? Were there any disadvantages? A total of 56 pre-service teachers in the 
experimental group answered these questions. 

Data Analysis 
In this study, cluster sampling was used within the scope of probability sampling. First of all, the 
population was divided into clusters. The clusters were selected randomly using simple random 
sampling techniques to form experimental and control groups as per Alvi (2016). To ascertain whether 
there was a significant difference between the groups in terms of academic achievement and the SRL 
subdimensions pretest scores, an independent sample t-test was conducted. 

Table 3  

Independent Samples t-Test Results of Achievement and SRL PreTest Scores of Experimental and 
Control Groups 

Scale  Group x ̄ s SD t p 

Academic 
achievement 

Experimental 14.22 3.81 125 -1.21 .23 

Control 13.21 4.99    

Goal setting Experimental 3.84 0.59 125 0.50 .62 

Control 3.89 0.54    

Environment 
structuring 

Experimental 4.30 0.55 125 0.73 .46 

Control 4.37 0.54    

Task strategies Experimental 3.51 0.72 125 -0.56 .57 

Control 3.44 0.65    
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Time management Experimental 3.44 0.80 125 0.25 .80 

Control 3.47 0.69    

Help-seeking Experimental 3.86 0.60 125 -0.73 .47 

Control 3.78 0.73    

Self-evaluation Experimental 3.75 0.65 125 -0.13 .90 

Control 3.73 0.60    

Note. Experimental group n = 71. Control group n = 56. 

Table 3 shows that the differences in the achievement and attitude scale pretest mean scores of the 
experimental and control groups were not significant at the level of .05. This result indicates that both 
groups could take part in the experiment. 

A descriptive analysis of the distribution of the pretest and posttest results of the research’s dependent 
variable, according to group, was carried out prior to choosing the analyses that would be carried out. 
In this study, the normality of the data was assessed using skewness and kurtosis coefficients as well as 
graphical evaluations. According to George and Mallery (2019), a normal distribution is defined as 
having kurtosis and skewness values between -2 and +2. The covariance analysis (ANCOVA) was used 
to assess the significance of the difference in posttest scores between the groups. Experimental studies 
frequently employ a one-way analysis of covariance, in which pretest results are controlled as a covariate 
(Büyüköztürk, 2021). Before performing the ANCOVA, it was verified that the variance of the dependent 
variable across all groups was equal, that the covariate had a linear relationship with the dependent 
variable across all groups, and that the slopes of the regression curves across all groups were equal in 
terms of the dependent variable’s prediction based on the covariance. 

The academic achievement variables’ pretest and posttest skewness values ranged between -0.69 and -
0.33 (SE= 0.21), respectively, and their kurtosis values ranged between 0.38 and 1.10 (SE = 0.42). 
Examining the ANCOVA assumptions revealed that the variances of the posttest scores from Levene’s 
Test were equal (F = 0.529, p = .468), and the scatter plot displayed linear relationships. Additionally, 
there was no difference in the slopes of the regression curves used to predict academic achievement 
posttest results based on academic achievement pretest results according to group (F = 0.218, p = .641). 

Skewness and kurtosis were visually evaluated for the OSLQ subdimensions of goal setting, 
environment structuring, task strategies, time management, help-seeking, and self-evaluation. Data 
from three participants that fell into the extreme ranges, based on the z-score results, were deleted. The 
skewness values of subdimensions in the pretest and posttest varied between -0.79 and 0.15 (SE = 0.21), 
respectively, and their kurtosis values ranged from between 0.26 and 2.00 (SE = 0.42). All scale 
subdimensions’ presumptions were tested prior to ANCOVA. The posttest scores of the six 
subdimensions of the OSLQ produced equal variances from Levene’s Test. Respectively, these values 
were: F = 1.074, p = .302; F = 0.945, p = .333; F = 0.921, p = .339; F = 1.075, p = .302; F = 2.866, p = 
.093; and F = 0.556, p = .457. The scatter plot revealed linear relationships. In addition, the slopes of 
the regression curves used to predict posttest academic achievement results based on pretest academic 
achievement scores according to group were equal. For each subdimension respectively, the values 
were: F = 0.439, p = .509; F = 2.133, p = .147; F = 0.973, p = .326; F = 0.073, p = .787; F = 0.737, p = 
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.392; and F = 0.023, p = .879. These analyses revealed that the subdimensions of the academic 
achievement test and the online SRL scale met the ANCOVA assumptions.  

 

Results 

Findings Related to Academic Achievement 
When determining whether there was a difference between the academic achievement posttest scores 
of the groups to which various teaching strategies were applied, an ANCOVA was carried out. The 
academic achievement pretest scores, which have an impact on the posttests, were used as a covariate, 
and so, first, the corrected means of the posttest scores were calculated. The academic achievement 
posttest scores of the experimental group were found to be slightly higher than those of the control 
group. Results are shown in Table 4. 

Table 4 

Corrected Means of Academic Achievement Posttest Scores 

Group n x ̄ Corrected x ̄ 

Experimental 71 22.96 22.90 

Control 56 22.04 22.11 

 

Table 5 provides the findings of the ANCOVA of the posttest scores. The academic achievement posttest 
scores of the students in the experimental and control groups did not differ significantly when the effect 
of the academic achievement pretest scores was controlled (F = 2.229, p = .138). 

Table 5  

Results of ANCOVA on Academic Achievement Posttest Scores  

Source SS df MS F p 

Pretest 50.47 1 50.47 5.90 .017 

Group 19.06 1 19.06 2.23 .138 

Error 1,060.34 124 8.55   

Total 65,724.00 127    

Note. ANCOVA = analysis of covariance. 

Findings Related to SRL  
To control the effect of the pretest scores of the subdimensions of SRL, the corrected means of the 
posttest scores were calculated, and these are given in Table 6. The posttest scores for the experimental 
group’s self-regulation subdimensions, with the exception of time management, were similar to those 
of the control group when the corrected means were taken into consideration. The corrected mean 
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scores of the experimental group for time management (x ̄ = 3.75) and help seeking (x ̄ = 4.02) were 
higher than the control group scores for the same variables (x ̄ = 3.65; x ̄ = 3.91, respectively). 

Table 6  

Corrected Means of SRL Posttest Scores 

Factor Group x ̄ Corrected x ̄ 

Goal setting Experimental  4.00 4.01 

Control 4.04 4.03 

Environment structuring Experimental  4.21 4.23 

Control 4.30 4.28 

Task strategies Experimental  3.69 3.68 

Control 3.67 3.69 

Time management Experimental  3.74 3.75 

Control 3.66 3.65 

Help-seeking Experimental  4.04 4.02 

Control 3.89 3.91 

Self-evaluation Experimental  3.94 3.94 

Control 3.99 3.99 

Note. Experimental group n = 71. Control group n = 56. 

The SRL subdimensions of the corrected posttest mean scores for the experimental and control groups 
were compared using ANCOVA to determine whether there was a statistically significant difference. The 
analysis showed that there was no statistically significant difference between the experimental and 
control groups. Table 7 presents these findings. 

Table 7  

Results of ANCOVA on SRL Posttest Scores 

Source SS df MS F p 

Goal setting  

Pretest 45236.00 1 45236.00 22947.00 .000 

Group  0.01 1 0.01 0.03 .863 

Error 33018.00 124 0.27   

Total 2087.2 127    

Environment structuring 

Pretest 9988.00 1 9988.00 32438.00 .000 

Group  0.01 1 0.09 0.31 .579 

Error 38182.00 124 0.31   

Total 2344.50 127    
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Task strategies 

Pretest 10542.00 1 10542 24.26 .000 

Group  0.06 1 0.06 0.01 .911 

Error 53881.00 124 0.44   

Total 1787188.00 127    

Time management 

Pretest 8495.00 1 8495.00 17667.00 .000 

Group  0.27 1 0.27 0.56 .454 

Error 59623.00 124 0.48   

Total 1812954.00 127    

Help-seeking 

Pretest 8554.00 1 8554.00 23014.00 .000 

Group  0.365 1 0.37 0.98 .324 

Error 46.09 124 0.37   

Total 2059375.00 127    

Self-evaluation 

Pretest 4784.00 1 4784.00 12934.00 .000 

Group  0.08 1 0.08 0.23 .634 

Error 45861.00 124 0.37   

Total 2046875.00 127       

Student Perception of FLLA-Based Interventions 
The opinions of the students in the experimental group were collected following the implementation of 
FLLA, and the opinions were then divided by content analysis into two themes: positive and negative. 
Table 8 lists the categories, some sample statements, and their frequency for students’ positive 
perceptions. 

Table 8  

Frequency of Positive Views on the Impact of Weekly Feedback Reports 

Category Sample statement f 

Positive effects on 
learning 

“It aided in identifying my knowledge gaps.” 10 

“By identifying my knowledge gaps and creating a study plan, it 
assisted me in resolving this shortcoming.” 

8 

“It helped me learn better.” 6 

Contentedness Satisfied (general expression: “good,” “positive”) 20 

Providing motivation Motivated (general expression: “motivated,” “encouraged”) 9 

“It encouraged me to study for the upcoming week.” 4 

“I was motivated by realising my success and how well I performed 
compared to the rest of the class.” 

2 
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“It inspired me to work harder and conduct more research.” 1 

“It helped me to love the lesson. I began to like the lesson.” 1 

Raising awareness 
about improvement 

“It gave me the opportunity to monitor my progress.” 3 

“It made me aware of my improvement.” 2 

 

The FLLA-based feedback was generally deemed satisfactory by the students. Nevertheless, there were 
also negative remarks, though they were few in comparison to the positive ones. While two participants 
said, “I am upset to receive negative comments in the feedback,” another said, “It doesn't have any 
disadvantages, but it is frustrating to see my performance decline week by week. However, the instructor 
knows that this should motivate us rather than annoy us.” Only one student admitted, “I initially had 
trouble following the reports, but eventually I got used to it.” 

 

Discussion 
The purpose of this study was to investigate how students’ academic achievement and SRL are affected 
by a feedback system based on FLLA. Although the mean scores of the students in the experimental 
group were higher than those of the students in the control group, it was found that there was no 
statistically significant difference between them as has been the case in other studies (Kim et al, 2016; 
Park & Jo, 2015). However, contrary to these findings, some studies (Aguilar et al., 2021; Roberts et al., 
2017; Ustun et al., 2021) have shown that students who have access to a LAD perform better 
academically than students who do not.  

The mean scores of goal setting, environment structuring, task strategies, help-seeking, and self-
evaluation on the SRL scale were approximately equal in the experimental and control groups. However, 
the experimental group’s mean time management and help seeking scores were higher than the control 
group. . When the corrected posttest scores of the groups from the sub-dimensions of the SRL scale 
were examined, no significant difference was identified in the mean scores of the experimental group 
compared to the control group. This result demonstrates that a LA-based feedback system has no 
influence on students’ SRL. In a related study Kim et al. (2016) stated that a LAD is interesting and 
impressive at first glance, but it is insufficient to motivate students to revisit it. However, Lu et al. 
(2017), Silva et al. (2018), and Lim et al. (2023) contended that using LA in FL can foster SRL by 
assisting students in identifying techniques that will boost their academic achievement. 

The findings revealed that the students who did not receive FLLA-based feedback engaged in learning 
activity patterns similar to those of students who did, which may help to explain why the students in all 
groups achieved similar learning outcomes. There are some possible reasons why this should be the 
case. 

For one, LA is directly related to student engagement in online courses and engagement is the most 
significant predictor of achievement in the FL (Polat et al., 2022). The fact that the frequency of 
students’ access to course elements was close between the groups may explain the lack of a significant 
difference in their achievement. However, Doo and Park (2024) showed that one of the factors affecting 
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success in the FL was time and space among the students’ resource management strategies, and that 
resource access was not related to success. 

Another reason could be that the experimental period of 4 weeks may not have been sufficient for the 
experimental process. Perhaps more significant results could be achieved if the training were provided 
for a longer period of time—for example, between 10 and 16 weeks (Fidan, 2023; Shen & Chang, 2023; 
Ustun et al., 2021). In fact, in similar studies, Pardo et al. (2019) conducted their experimental periods 
for 3 years. However, in the design of the FL, there is no clear distinction in how long a course should 
be in order for the FL structure to be effective. As a matter of fact, there are studies in which the effect 
on academic achievement in FL environments as short as 4 or 6 weeks has been shown to be positive 
(Karaca et al., 2024; Polat & Taslibeyaz, 2023). 

Another factor that may have affected the results is student characteristics (Gašević et. al., 2016). 
According to Kim et al. (2016), instead of providing the same feedback to all students, grouping students 
in clusters based on their learning characteristics before the training and intervening afterwards would 
be more effective. As in other studies (Karaoglan Yilmaz, 2022; Ustun et al., 2021), while FLLA appears 
to increase learner motivation because it allows students to control their own learning processes, it may 
also raise students’ stress levels by making them realise their failures (Ustun et al., 2021). Therefore, 
the frequency and timing of LA-based reports, along with guiding advice and suggestions, should be 
designed according to student preferences, as this positively affects student motivation and 
participation in the course (Sedrakyan et al., 2020; Wang & Han, 2021). 

 

Conclusion 
This study was conducted to determine the effect of FLLA-based feedback on academic performance 
and SRL. Within the scope of the study, the in-class and out-of-class participation of the students in the 
experimental group was monitored and weekly individual feedback reports with the LA statistics 
obtained from the LMS were sent to students. Although the average scores of the students in the 
experimental group were higher than the students in the control group, no significant difference was 
found in terms of academic achievement and SRL. This shows that the FLLA-based feedback system 
had no effect on students’ achievement and SRL. In contrast, according to the qualitative research 
findings, students claimed the feedback helped them because it allowed them to monitor their own 
learning progress. 

This study presents several limitations. First of all, the data only included information from one 
particular course at one university. Future research should be done to confirm that student 
subpopulations and learning patterns are valid in other contexts. 

Many facets of LA may be represented by the interaction behaviours looked at in the individualised 
feedback report examined in this study. However, additional interaction behaviours could also be 
investigated, such as submitting homework, taking part in a live lesson, participating in a discussion, 
and answering questions.  

Four weeks may not have been sufficient for the experimental process. Instead, if more training were 
provided, perhaps more accurate results could be attained. In future studies, the effect of variables 
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related to both student-system interaction and where and when students access pre-class activities on 
achievement could be taken into consideration. 

Finally, there were probably other variables to consider. The homogeneous assignment of students from 
various programmes to the experimental and control groups, the use of the same course materials and 
instructor, and the students’ perspectives on the information technology course as controlling factors 
could all result in different interpretations. Importantly, in this study, the lecturers developed the 
personalised feedback reports manually via the LMS and in-class activities. Using software that could 
be integrated into the LMS or other learning platform that reports LA indicators and sends these 
automatically to students on a regular basis could allow for a more systematic process and the 
elimination of potential flaws that could be created in manually prepared reports.  
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