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Abstract

:

Learning analytics (LA) involves collecting, processing, and visualizing big data to help teachers optimize learning conditions. Despite its contributions, LA has not yet been able to meet teachers’ needs because it does not provide sufficient actionable insights that emphasize more on analytics and less on learning. Our work uses specific analytics for student guidance to evaluate an instructional design that focuses on LA agency between teachers and students. The research goal is to investigate whether the minimal and strong guidance provided by the LA learning approach has the same impact on student outcomes. The research questions are as follows “Does the LA-based minimal and strong guidance learning approach have the same impact on student performance and SRL skills? What are the students’ learning perceptions and satisfaction under LA-based guidance?” A mixed methods study was conducted at a university in which LA-based strong guidance was applied to the experimental group and minimal guidance was given to the control group. When strong guidance was applied, the results indicated increased final grades and SRL skills (metacognitive activities, time management, persistence, and help seeking). Furthermore, student satisfaction was high with LA-based guidance. Future research could adapt our study to nonformal education to provide nuanced insights into student outcomes and teachers’ perceptions.
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1. Introduction


Learning analytics (LA) is a multidisciplinary field involving computer science, design, and education based on big educational data mining [1]. The Society for LA Research defined LA as the “collection, analysis and reporting of data about learners and their contexts, for purposes of understanding and optimizing learning and the environments in which it occurs” [2] (p. 34). Therefore, research in LA has extracted significant outcomes in mining patterns of student behavior and deriving predictive models [3]. In addition, higher education institutions (HEIs) are experimenting with LA-based guidance techniques to increase retention rates, support students’ complex trajectories, and use resources effectively [4].



Despite its contributions, LA has not yet been applied to its potential because LA recommendations do not provide sufficient actionable insights to instructors [5,6]. Furthermore, many studies [7,8,9] have reported a slight improvement in student learning through LA. Our focus is on contributing to improving learning through LA, and the specific question we examine is “strong vs. minimal guidance”. In particular, we emphasize the role of LA-based strong (SG) vs. minimal (MG) guidance in developing self-regulated learning (SRL) skills and learning performance. Our intervention engaged students in two compared conditions. The MG group followed a low prompting approach informing students with grades and statistics. The SG group followed a highly prompting approach. Specifically, the instructors implemented an intervention protocol consisting of posting a traffic signal indicator message to indicate how each student performed and an online interview with the instructor for self-evaluation. The research goal is to investigate whether minimal and strong guidance based on the LA approach has the same impact on student outcomes. We propose two null hypotheses for studying how the degree of LA guidance supports students’ learning.



Hypothesis 1.

Performance, as measured by the course grade of the experimental group, is not significantly different from that of the control group.





Hypothesis 2.

The experimental group’s SRL skills are not significantly different from those of the control group.





Our research follows a mixed method (MM) design. In the interdisciplinary domain of technology-enhanced learning, quantitative and qualitative methods can be combined to improve research quality. The need for the MM approach is justified because of method triangulation and contradictions in extracting new research lines [10]. Finally, the article is organized into the following sections: (1) we conduct a literature review and extract the research questions (RQs); (2) we illustrate the research design and study results; and (3) we present the discussion and conclusions.




2. Background


2.1. Learning Analytics


Learning analytics is a rapidly growing community that has emerged for identifying students’ behaviors and academic performance. LA is a type of intelligent data use that aims to translate data into knowledge, providing students with learning insight and educators with evidence-based interventions [7]. Compared with studies using survey approaches, LA selects direct online data, providing timely evidence based on learning design and data science [11]. However, there are numerous challenges, particularly regarding student learning and its implications [5]. The emphasis of LA appears to be on analytics rather than learning, according to Viberg et al. [12]. LA has a limited understanding of pedagogy and underestimates the complexities of teaching processes [13]. Furthermore, LA is pedagogically neutral; therefore, a shift from a technological perspective to an educational one is required [14]. According to Guzmán-Valenzuela et al. [7], institutions’ interest in grades, persistence, and non-completion metrics tends to hinder students’ motivation and satisfaction. We contend that technologically determinist reliance on data analytics was inadequate [1], and research required the incorporation of pedagogical perspectives.




2.2. Strong vs. Minimal Teacher Guidance


The role, degree, and impact of teacher guidance during learning activities, in which feedback is translated into action, have received considerable attention [15]. Learning analytics have the potential to improve teacher guidance practices in higher education. Teacher guidance has been recognized as an effective learning tool that influences student motivation, knowledge, and metacognitive skills [16]. However, Tzimas and Demetriadis [17] do not clearly understand how LA tools can support student guidance practices.



Some researchers state that students learn best when they construct knowledge alone without explicit guidance [18]. However, many researchers suggest that students learn best when provided with explicit instructional guidance [19]. The purpose is to provide students with specific motivational guidance about cognitively using the data in ways consistent with a learning goal [20]. Others claim that prompting students triggers additional cognitive activity, resulting in better learning outcomes [21]. In parallel, LA-based interventions commonly use MG feedback, which compares students’ performance against that of their peers [17]. It is meaningful to examine the effectiveness of MG versus SG because feedback effectiveness can vary depending on the type and level of intervention.



These differences and the lack of empirical evidence, to the best of our knowledge, encourage research to determine the level of guidance through instructional experiments. Thus, teachers could use analytics to adjust their pedagogic strategies and apply well-targeted interventions. Feedback about the level of self-regulation a student uses guides students in assessing how they can metacognitively reflect on learning. Self-regulated and directed learning is not something students can do unprompted. Students need teacher guidance to make their choices and acquire these skills [22]. This study evaluated the effectiveness of two distinct LA-based guidance methods, focusing on whether explicit guidance was provided.




2.3. Learning Analytics and Student Outcomes


We conducted a literature review of LA in terms of context, methodology, and findings to determine the rationale behind this research. The studies were classified according to students’ SRL skills, performance, and satisfaction.



2.3.1. SRL Skills


Research on the role of LA supported by different levels of teacher guidance is more suitable for enhancing students’ self-reflection in online classes [23]. This point is crucial, and the decision was made to focus on self-reflection instead of self-direction. We understand SRL to be learning managed by the learner or the methods by which learners activate their cognitions, motivations, and behaviors to achieve their goals [24]. SRL strategies are actions directed at acquiring information or skills that involve students’ perceptions. Students diagnose their learning needs, develop goals, and select strategies for self-directed learning.



Nevertheless, discussing the relationship between LA and learning theories is crucial. Extracted from the Tzimas and Demetriadis [13] review, SRL is LA’s most prevalent learning theory among 140 empirical articles investigating the LA domain. Pardo et al. [25] focused on the benefits of SRL skills, which refer to learning guided by metacognition and strategic action. SRL instructional design theory is a complex construct of time management, help-seeking, and self-evaluation axes. The pedagogical aim focuses on metacognitive skills that allow learners to assume control of their decisions. However, students often lack rigorous metacognitive skills [26]. Although the literature has positive outcomes, an in-depth analysis is needed to study strategies for assessing the effect of LA on developing SRL skills [8]. Another observation is that certain studies have implemented SG to support SRL skills development, whereas others have reported MG. Edisherashvili et al. [27] stated that missing studies have focused on the effects of teacher-guided interventions on different areas of SRL. Our study fills the gap in understanding SRL skills using the Self-regulated Online Learning Questionnaire—Revised (SOL-Q-R) [28].




2.3.2. How to Increase Performance through Strong versus Minimal Guidance


Bodily and Verbert [29] explored the use of student-facing LA to improve academic performance. West et al. [30] analyzed instructors’ impacts on students’ performance using LA. The Purdue course signals system [19] uses predictive models based on metrics such as LMS usage to send performance-based feedback to students through visualizations. Courses using this system showed an increase in grades and a decrease in withdrawals. Goggins et al. [31] focused on designing LA that relates the social learning structure to performance measures in a MOOC. Kim et al. [32] indicated how students’ performance evolves through the use of LA. Similarly, Papamitsiou et al. (2018) [33] explained learning performance using self-regulation and satisfaction. To focus on this research direction, we must explain whether MG or SG LA-based instructional interventions could positively affect students’ performance.




2.3.3. LA-Based Feedback Satisfaction


Targeted studies exist on students’ perceptions and thus opinions and feelings about LA [34]. In Ifenthaler’s [35] study, network graph analysis proved the potential of LA design for optimizing learner satisfaction. Because research on LA-based feedback satisfaction is limited [36], our study investigated whether the results would confirm the current findings. Nevertheless, before and after minimal and strong guidance from LA support, students’ opinions need further research to extract insights concerning feedback satisfaction and thus students’ motivation to follow the course. One concern is that LA was developed without the active participation of students, who were relegated to an observer role. Qualitative techniques may aid in investigating teachers’ and students’ perceptions of LA and how students can become more actively involved [7]. Finally, we applied thematic analysis to student interviews in LA, where there was limited qualitative research [37].





2.4. Research Questions


After all, we aim to evaluate an instructional design that focuses on LA between teachers and students. We compared the ability of MG and SG to improve SRL skills and academic performance. In the MG scenario, we use the technocratic side of analytics for mirroring, and in the SG scenario, we communicate analytics to students with SRL skills as a dependent variable. This study introduces teacher guidance as an independent variable, exploring its impact on LA activities by posing the following RQs:




	
Does the LA-based minimal and strong guidance learning approach have the same impact on student performance and SRL skills?



	
What are the students’ learning perceptions and satisfaction under LA-based guidance?










3. Method


3.1. Instructional Design


Our instructional design follows the flipped classroom (FC), motivational interviewing (MI), and ethics pedagogical principles. First, the FC instructional strategy is typical of blended and online learning, in which students are given time on tasks that require higher-order knowledge [18]. FC emphasizes group space, where the teacher and students meet, and individual space, where students learn independently. This approach reverses the concept of traditional instruction, engaging students in understanding the content of teachers’ lectures before the class and practicing in groups [26]. Second, ΜΙ teacher guidance for effective classroom management is a collaborative conversation style that strengthens students’ motivation to change their behavior. This inter-stakeholder communication technique increases participant effort in learning; therefore, MI is a supportive pedagogical intervention [38]. Finally, ethics is a factor that mediates LA adoption. We apply ethics to establish trust among educational stakeholders by addressing the following guidelines [13]: providing informed consent and anonymity; providing students with self-control; guaranteeing instructor feedback motivates students; and informing students that LA should not be the only source of decision making.




3.2. Type of Guidance


Our intervention engaged students in two compared conditions: those who received SG and those who received MG. LA was present in both conditions.



	
The MG group followed a low prompting approach informing students with grades and statistics (max, minimum, average grade, and exercise duration);



	
The SG group followed a highly prompting and individualized approach informing students about grades and statistics. Instructors implemented a learner-centered intervention protocol that they created, consisting of (a) posting a traffic signal indicator (Red Yellow Green—RYG) message to indicate how each student performed based on performance and engagement and (b) an online interview (MI) with the instructor for self-evaluation.






Intervention 1. In week three, we sent all the students messages about LA-supported actions per group. The messages were a teacher’s initiative. Similar interventions were conducted in both groups every week, which were identical to intervention 1. This feedback was subsequently sent to the students by the instructors.



MG group: “I am sending you feedback after analyzing your course participation and performance. I attach for self-reflection your grades in the first three exercises and the grades of your fellow students. I encourage you to study the Statistics LMS option for your participation concerning your classmates”.



SG group: In addition to the above message, we sent tips to all the students in the SG group: “Those who did not meet the quiz deadline, schedule required study time; videos you consider boring try completing them persistently. Then, the visualized performance indicators can be studied”.



Finally, we adapted MI to an intervention addressing student behavior by conducting Zoom discussions in the MG group. The timing was determined at week five to ensure sufficient data for discussion after monitoring student performance and participation. Each interview lasted for 15 min. Specifically, the instructor was a consultant in our MI-based guidance protocol, and students were prompted to consider LA-based feedback (analysis phase). Then, the students were encouraged to change their behavior through analytics (change phase). Finally, the students participated in a reflective process explaining how the interventions made sense (reflective phase).




3.3. Participants and the Context


This MM study was administered in a seventh-semester, 13-week undergraduate course named the “senior seminar”. An HEI computer science department in Greece offered this course online during the COVID-19 pandemic. We selected this course because of the high dropout rate (~25%) and failure rate (~40%) of past exams. According to our independent measures design, 110 students initially took the class; however, 93 ultimately participated—47 as an experimental group receiving the LA intervention with SG. The control group was used as a baseline measure and included 46 students who received LA intervention with MG. Randomly allocating students to separate independent groups ensured sample representativeness. A total of 26% of the participants were female. The groups initially had the same assumed knowledge and educational background, having all completed six semesters. Finally, 12 students dropped out, 81 students were graded, and 58 passed the course. The course focused on methods for conducting scientific research and writing a thesis.



3.3.1. Learner Model


Figure 1, Figure 2, Figure 3 and Figure 4 present screenshots of the eClass-based LA interface. The platform’s main features are course management, evaluation, and feedback tools. Specifically, the learner and staff-facing dashboards facilitate the instructor with the course sessions (Figure 2). Finally, the instructor displays analytics related to user actions (Figure 1), comparing the current and past learning statistics. The learning statistics metric analyzes the data weekly to generate recommendations. The options are exercise grade, coursework grade, and access time. Suppose we add a criterion determining the weight value and the thresholds at the critical and advanced levels, the instructors can then monitor the students’ participation and performance (Figure 3).




3.3.2. Learning Design


The teaching experiment lasted 13 weeks with 120 min of synchronous instruction per group once a week, containing 19 educational videos and nine assessment exercises. The passing rate was 62%. The LD follows the pattern of do–analyze–change–reflect.



Week 1—Introduction. We presented the course’s overview and instructional domain. To elaborate on the ethical aspects of ensuring transparency and institution-wide adoption, we informed the department principal about the study and he consented. Informed consent was obtained from all the students. Afterward, the students completed the prequestionnaire SOL-Q-R as a baseline.



Week 2–3—Bibliographic databases. Every week, both groups participated in the exercise. We described which student-facing LA would be used and how students would use them.



Week 4–5—Scientific networking. The experimental group received RYG messages with visualizations based on performance and engagement. Then, the MI meetings occurred.



Week 6–7—Quantitative research. We polled both groups via the Zoom platform regarding learning perceptions and satisfaction.



Week 8–9—Qualitative research. The teacher and students in both groups engaged in a dialog about the semantics of the analytics.



Week 10–11—Perform a literature review. Semester work was presented.



Week 12—The students completed the post-questionnaire SOL-Q-R and the opinion survey. Students were encouraged to take the time to organize their thoughts and reflect on their course experience before completing the survey.





3.4. Research Design


We used the MM convergent approach for internal validity and consistency to analyze the data and contrast the results, deepening the understanding of our study [39]. Finally, triangulating multiple data analysis techniques enhanced the rigor of the research (Figure 5).



3.4.1. Measures and Research Instruments


We implemented a user-centered design to understand learners’ perceptions. Our intervention’s dependent variables are students’ performance and SRL skills.



Performance: Performance was measured by the final course grade (exercises counted 20% and work semester presentation 80%), which is convenient for causal and statistical analysis. The grading system follows the graded scale: 0.00–10.00/pass: 5:00 (excellent: 8.50–10.00; very good: 6.5–8.49; and good: 5.00–6.49).



SRL skills: Students (38/31 participants from the experimental and control groups) completed self-reporting online pre-/post-questionnaires about their SRL strategies. The contents of the questionnaires were equivalent. Evaluations were based on the SOL-Q-R questionnaire, which has high usability and reliability [28] and contains 42 questions (Appendix A) related to seven SRL strategies. Responses were assessed based on a graded criterion instrument using a 7-point Likert scale.



Satisfaction: The instruments used to collect student opinion data were an opinion-mining survey after the course and a poll conducted on week 7. The survey developed by the researchers included 25 questions (Appendix B): three open-ended and 22 seven-point Likert scale items. The objectivity of the survey was ensured with uniform and clear instructions. Finally, this reflection phase addressed usability, usefulness, shortcomings, and the effect on students’ perceptions




3.4.2. Data Collection and Analysis


First, we used the following quantitative data: LMS http://www.openeclass.org (accessed on 12 November 2023) extracted log data; pre-/post-questionnaires to measure SRL skills; and final grades to determine course achievement. Second, qualitative data were collected: perception survey data were used to measure student satisfaction, and semi-structured interviews were used to extract student views regarding the effectiveness of the interventions.



A quantitative analysis (descriptive statistics and hypothesis testing) was aligned with RQ1. The level of significance was set at p = 0.05. Furthermore, we applied normality (Shapiro–Wilk) and variance (Levene) controls to the available data (N > 30). The results indicated statistical nonsignificance, suggesting that the sample data were normally distributed and from populations with the same variance, appropriate for parametric test analysis. SPSS 25.0 was used to analyze the data. Finally, we conducted t-tests and analyses of covariance (ANCOVAs) to determine the effects of the intervention. Moreover, ANCOVA measures the treatment’s impact, namely, effect size.



To address RQ2, we analyzed the qualitative data from the student survey. We used content analysis to interpret patterns in the data. In parallel, we used the thematic analysis method to collect MI data to extract common themes. We combined manual techniques using printed copies and software such as Excel 2019. Therefore, we asked questions to elicit opinions (Table 1). We created a taxonomy based on the students’ open responses and frequency analysis for classifying the comments. This inductive reasoning approach means that the identified themes are strongly linked to the data without fitting into a pre-existing coding framework. In parallel, we used research journaling to support the reliability of the findings. This journal was used to record critical events, questions, next steps, and reflective memos concerning the study. We wrote journal entries within 24 h after field experiences.






4. Results


4.1. Research Question 1


We propose two null hypotheses for studying how the degree of LA guidance supports students’ learning.



Hypothesis 1.

Performance, as measured by the course grade of the experimental group, is not significantly different from that of the control group.





The mean score of the experimental group (M = 7.22, SD = 2.71) was higher than that of the control group (M = 5.28, SD = 3.95). Independent t-tests comparing course grades between the groups revealed statistically significant differences (t = 2.75, p = 0.007) (Table 2). Overall, the null hypothesis is rejected.



Hypothesis 2.

The experimental group’s SRL skills are not significantly different from those of the control group.





Since the normality and homogeneity of variance criteria were satisfied, parametric tests were conducted to examine the differences between the two conditions based on students’ scores on the pre- and post-questionnaires. To compare students’ prior SRL skills, we conducted independent t-tests to identify potential issues related to allocating participants to different conditions. To determine SRL skills measured via the post-questionnaire, we used ANCOVAs, with the prequestionnaire scores used as covariates.



Independent sample t-tests were applied to the prequestionnaire SRL skills scores in the MG and SG conditions (Table 3). There was no significant difference (p > 0.05) in the scores for these conditions. These results suggest that SRL skills were comparable before the intervention.



ANCOVAs were applied to the post-questionnaire SRL skills scores as the dependent variables and the prequestionnaire scores as the covariates. Table 4 shows statistically significant differences (p < 0.01) in the five experimental and control conditions. The results showed that students in the experimental group scored higher, with statistically significant differences in metacognitive activities before and after learning, time management, persistence, and help-seeking subscales. In contrast, there were no significant differences in metacognitive activities during the learning and environmental structuring subscales.




4.2. Research Question 2


We applied an opinion survey to address the second RQ. Thirty-four students completed the survey (Table 5), and the questions focused on student training satisfaction, LA-based guidance usefulness, and usability perceptions. The findings from the content analysis suggest that students were satisfied with the intervention quality. Most of the participants reported that the interventions were helpful (M = 5.2, SD = 1.3), simple (M = 5, SD = 1.8), interpretable (M = 5, SD = 1.2), actionable (M = 5, SD = 1.6), enjoyable (M = 4.9, SD = 1.5), and motivating (M = 4.8, SD = 1.5). Concerning the open question “What emotions does LA use evoke?”, the topics in descending order are encouragement (n = 14), self-confidence (9), stress (9), and dissatisfaction (3).



After answering the open-ended question, “Feel free to comment on the experience of using LA”, students’ views extracted the following: “I wish we had this guidance in all courses”; “LA use helped me see my level concerning fellow students”; “Using LA helped set high rankings, and seeing I was doing better than my classmates boosted my self-confidence”; “I consider LA an excellent strategy if done correctly; otherwise, it wastes time”; “When I saw my deficiencies, I tried to focus on them”; “I prefer to configure LA based on my needs”; and “It was not the LA itself that motivated me, but that there was a sort of accountability for my learning and a motivation to know I have to stay on track”.



For the question, “In what ways did LA help or hinder the learning process?”, the answers focused on the following concepts: comparison, motivation, awareness, persistence, visualizations, self-regulation, guidance, self-confidence, and time management. Finally, the students reported positive experiences with LA-based support. A total of 89% of respondents stated that interventions provided a positive experience and 58% wanted to use LA in every course.



In parallel, we extracted the following results from the poll (75 participants) conducted on week 7 in both groups. In the question “Do you study analytics for your performance”, 48 (83%) students answered Yes and 10 (17%) answered No. In the question “Do you find reflection useful?”, 36 (62%) students answered, “Yes, I am better aware”, 11 (19%) answered, “Yes, I am becoming competitive”, 9 (16%) answered “No, it makes me anxious”, and 7 (12%) answered, “No, it is unnecessary information”. Finally, in the question “What positive emotions do analytics evoke in you?”, 35 (63%) students answered interesting, 25 (45%) motivation, 20 (36%) satisfaction, 18 (32%) encouragement, and 10 (18%) self-confidence. In contrast, for the question “What negative emotions do analytics evoke in you?”, 27 (48%) students answered curiosity, 18 (32%) anxiety, 10 (18%) irritability, 9 (16%) confusion, and 8 (14%) dissatisfaction.



Furthermore, thematic analysis was applied to the interviews (MI). The analysis of the discussions generated eleven common themes. Combining the themes and refining their semantics resulted in the eight crucial themes presented in Table 6. For instance, many students mentioned changing their behavior during the semester. This pattern suggested that students at risk of withdrawing may change their learning path and behavior after RYG intervention, and MI may further exacerbate this risk. Student ST3 illustrated this mindset: “The RYG alert awakened me, and I decided to start doing exercises”. Similarly, five students mentioned that they thought of dropping out when they finally passed the course. Three SG students who ultimately dropped out did not participate in the MI session. The students in the SG group who participated in the MI had the highest scores for SRL skills among both groups. Finally, some students mentioned the absence of student involvement in the design process.





5. Discussion and Conclusions


This study presents the intervention conditions that trigger student outcomes, providing evidence that the SG mode is more effective than the MG mode. The interpretation of the quantitative, qualitative, and MM results follows.



5.1. Research Question 1


The experimental group had higher scores than the control group (Table 2). This result is consistent with previous studies [40] stating that students tend to perform better when they accept well-targeted LA interventions. As with other contributions, we conclude that there is no performance improvement without the instructor SG. However, research into social phenomena is often contradictory. Our result contrasts with Ott et al. [21], who stated that students value feedback information but, despite high engagement, learning outcomes remain unaffected.



Another observation is that both groups were comparable regarding SRL skills at the start of the course (Table 3). Additionally, Table 4 shows that students in the SG group exhibited statistically significant improvement at the end of the course compared with those in the MG group in terms of metacognitive activities before and after learning, time management, persistence, and help seeking. These results showed that the degree of guidance significantly affects students’ SRL skills development. The effect size (ηp2) showed that the variance in skills development was due to the level of guidance. Our findings conform to those of related studies [9]. Kirschner and Hendrick [22] stated that asking students to discuss their actions can help them think like independent learners. In addition, if LA-based feedback is based solely on warning systems, it may increase the mental load, whereas combining warning systems with encouragement can result in higher emotional and cognitive engagement [12]. However, both groups’ metacognitive activities during learning and environmental structuring skills were at the same level.



Metacognition has been identified as an accurate predictor of academic performance and the ability to accomplish complex tasks [33]. Reflecting further on Table 2, Table 3 and Table 4, students who more actively regulate their learning had higher course performance [41]. These findings indicate that LA activities improve learning outcomes with appropriate SG. This conclusion is consistent with Kizilcec et al.’s [42] suggestion that additional guidance could help students persist with the course and achieve better grades. In addition, these findings agree with studies highlighting the positive effect of LA on performance [43]. Finally, self-efficacy is an essential aspect of self-regulation related to using specific strategies and self-monitoring performance [22].



In conclusion, knowing that the only difference between the groups was the level of guidance, we suggest that appropriate guidance leads to better learning outcomes and consequently actionable LA [11]. Next, we discuss how students qualitatively account for the effectiveness and adoption of LA-based interventions and to what extent they triangulate the quantitative findings from RQ1.




5.2. Research Question 2


Table 5 shows that student satisfaction was high which agrees with Nguyen et al.’s [44] findings. Students’ positive response to the usefulness of LA services concurred with the literature [29,45] and our poll’s findings (81% of students recognized LA’s usefulness). Following Viberg et al. [12], the above findings strengthen the understanding of opinions on LA qualitatively rather than as technical methods.



In addition, students’ answers extracted emerging themes associated with (a) LA quality (I had adequate guidance for using LA), (b) the effectiveness of LA (I would like LA to be applied to other courses), (c) satisfaction (LA was an enjoyable learning experience), and (d) motivation to use (LA helped me to be aware of my course). Specifically, the need for quality and timely feedback to self-reflect [29] is extracted from the following quotations: “It is insufficient to have a good score without receiving feedback. I feel there is more to improve beyond the grade”; “Few teachers care if students are going at the same pace”. Therefore, students expect their educational data to be used to inform support diminishing teacher resistance to LA adoption.



We conclude from the interviews (MI) that students had a favorable view of LA-based guidance. The main topics we extracted were behavioral change, motivation, help seeking, time management, persistence, and stress. We observed students’ satisfaction with LA to support awareness and self-reflection, which agrees with the findings of Arnold and Pistilli [19]. As described by student S17, “The guidance I had for using LA was needful”. However, students were initially not accustomed to working with LA-based feedback; therefore, guidance is necessary. In addition, we observed a positive change in attitude among students who reacted negatively before the intervention. This explains the contradiction in the dropout rates between the groups (three students dropped out in the SG and nine in the MG).



To explore differences across the datasets, some students stated dissatisfaction, stress, or anxiety; thus, HEIs cannot ignore this critical perspective. This finding is unexpected and generates unanticipated insights because prior extracted themes indicate that SG feedback may motivate the promotion of learning outcomes. A possible explanation could be that peer comparisons are stressful or discouraging. According to Roberts et al. [46], some students did not desire services that allowed peer comparisons. Students reported extreme anxiety when asked about their views on progress (e.g., underperforming). Barreiros et al. [47] propose that student opinions be included in LA-based decision making (codesign), but these opinions are often not considered [48]. Thus, although a university may view feedback and teacher effort as advantageous, they may not necessarily reflect what students want. Similarly, some students reported anxiety and irritability in the poll.



In antithesis, most SG students understood the value of guidance. Many quotes illustrate this mindset: “My grades were below the class average, so this comparison changed my study habits”; “LA offers motivation, reflection, and stress, pushing students to become more productive”; and “Using LA helped set high rankings and boosted my self-confidence”. We conclude that guidance is meaningful for improving self-regulation and performance expectancy and that peer comparisons can encourage students to improve their skills in line with the RQ1 results.



A scenario in student-facing LA involves students being shown a dashboard but failing to consider what it means to them [29] because the feedback is not explainable. This contradicts the students’ statements during the study interviews: “It is beneficial. I wish we had this specific guidance in all courses” (obligation to act and data literacy); “LA use helped me see my level concerning fellow students” (reflection and understanding); and “This thing is there and works. Go for it”.



Regarding SRL skills, SG allows students to practice SRL skills systematically. After following the MI guidelines and expressing their thinking about their study behavior, the students in the SG group were more likely to practice these skills. Finally, by reflecting on students’ subjective impressions, we observed that the students reported adequate assimilation of SRL skills as the interventions progressed. This confirms Kitto et al.’s [34] discussion that students should analyze their behavior using self-regulation methods.



Involving students in the LA design process may be complex and time-consuming. However, involving them through participatory and codesign methods can transform an unsuccessful prototype into a successful system. Therefore, shifting LA from something done to students toward something done with students is a human-centered learning analytics approach [48]. Understanding students’ priorities, values, needs, and constraints through inter-stakeholder communication leads to the agentic positioning of learners [11]. The above insights are derived from students’ statements: “LA should be tailored to my needs”; “It would help if I could configure LA based on my preferences”.



Reflecting on the poll results, most students considered LA feedback (83% answered yes) and recognized its usefulness (81%). The most prevalent positive emotions are motivation, satisfaction, and encouragement, whereas the most prevalent negative emotions are anxiety, irritability, and confusion. A comparison of the survey, poll, and MI data sources highlights similarities across the datasets. Encouragement, self-confidence, persistence, and stress are consistent themes. This makes sense for the RQ1 findings explaining the improvement in learning outcomes.



Finally, we must consider concerns about students’ perceptions. Differences have been observed between the predicted learning outcomes (judgments of learning) and the actual learning outcomes (e.g., performance). This is because of illusions of competence and an overestimation of future learning outcomes [16].




5.3. Study Limitations and Future Work


Notwithstanding that the findings are generalizable due to the random assignment of groups, we acknowledge limitations in interpreting the findings. The sample size was not sufficiently large, and the data covered one semester in a domain-specific course.



Among the aspects of SRL discussed are the findings that, although students’ beliefs about their learning can sometimes be accurate, they can inaccurately assess their actual learning, creating illusions of competence. Furthermore, the LMS captures a subset of learning events, whereas other student characteristics may influence learning outcomes. We could search for latent variables differing between the two groups. Specifically, our data lack the personal and social information that impacts learning.



Overall, this study showed that the SG group outperformed the MG group in improving student outcomes. Given that the same didactical settings were applied to both groups, this difference occurred because of the degree of guidance. We intend to replicate the study in nonformal education and new groups (teachers and students of different backgrounds) with significant at-scale populations. In this way, we could determine how our findings apply to multiple contexts. Furthermore, most related research describes systems that target students as end-users. Finally, we aim to stimulate further discussion on SRL-related LA to achieve an efficient instructional design.
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Appendix A



The Self-regulated Online Learning Questionnaire






Metacognitive activities before learning





	
I think about what I need to learn before I begin a task in this online course.



	
I ask myself questions about what I will study before I begin to learn for this online course.



	
I set short-term (daily or weekly) goals as well as long-term goals (monthly or for the whole online course).



	
I have set goals to help me manage my study time for this online course.



	
I set specific goals before beginning a task in this online course.



	
I think of alternative ways to solve a problem and choose the best one in this online course.



	
At the start of a task, I think about the study strategies I will use.







Metacognitive activities during learning





	8.

	
When I study for this online course, I try to use strategies that have worked in the past.




	9.

	
I have a specific purpose for each strategy used in this online course.




	10.

	
I am aware of the strategies I use when I study for this online course.




	11.

	
I change strategies when I do not make progress while learning for this online course.




	12.

	
I periodically review to help me understand the important relationships in this online course.




	13.

	
I find myself pausing regularly to check my comprehension of this online course.




	14.

	
I ask myself questions about how well I am doing while learning something in this online course.








Metacognitive activities after learning





	15.

	
I think about what I have learned after I finish working on this online course.




	16.

	
I ask myself how well I accomplished my goals once I’m finished working on this online course.




	17.

	
After studying for this online course, I reflect on what I have learned.




	18.

	
I find myself analyzing the usefulness of the strategies after I studied for this online course.




	19.

	
I ask myself if there are other ways to do things after I finish learning for this online course.




	20.

	
After learning about this online course, I think about the study strategies I used.








Time management





	21.

	
I make good use of my study time for this online course.




	22.

	
I find it hard to adhere to a study schedule for this online course.




	23.

	
I ensure that I keep up with the weekly readings and assignments for this online course.




	24.

	
I often find that I do not spend very much time on this online course because of other activities.




	25.

	
I allocate my study time to this online course.








Environmental structuring





	26.

	
I choose the location where I will study for this online course to avoid too much distraction.




	27.

	
I find a comfortable place to study for this online course.




	28.

	
I know where I can study most efficiently for this online course.




	29.

	
I have a regular place to study in this online course.








Persistence





	30.

	
When I feel bored studying for this online course, I force myself to pay attention.




	31.

	
When my mind begins to wander during a learning session for this online course, I make a special effort to keep concentrating.




	32.

	
When I begin to lose interest in this online course, I push myself even further.




	33.

	
I work hard to do well in this online course even if I don’t like what I have to do.




	34.

	
Even when the materials in this online course are dull and uninteresting, I manage to keep working until I finish.




	35.

	
Even when I feel lazy or bored while studying for this online course, I finish what I plan to do.




	36.

	
When work is difficult in this online course, I continue to work.








Help seeking





	37.

	
When I do not completely understand something, I ask other course members in this online course for ideas.




	38.

	
I share my problems with my classmates in this course online so that we know what we are struggling with and how to solve our problems.




	39.

	
I am persistent in getting help from the instructor of this online course.




	40.

	
When I am not sure about some material in this online course, I check with other people.




	41.

	
I communicate with my classmates to determine how I am doing in this online course.




	42.

	
When I have trouble learning, I ask for help.








Appendix B


	
LA was simple to understand.



	
LA helped increase participation.



	
I prefer LA use in the learning process over traditional LA use.



	
LA helped me perform better.



	
I would like LA to be applied to other courses.



	
LA was an enjoyable learning experience.



	
LA had pedagogical value.



	
LA was confusing/non-functional.



	
There was an understandable explanation using LA.



	
LA made me feel I had better control over the learning process.



	
LA has boosted my confidence.



	
There was anonymization when using LA.



	
LA helped me be aware of the course.



	
There was a sufficient interpretation of LA.



	
A discussion was provided to explain the LA results.



	
The LA service helped me make decisions during the course through encouragement and suggestions.



	
LA maximized my motivation to engage with the course.



	
LA resulted in putting more effort into the course.



	
The guidance for using LA was adequate.



	
I ignored the use of LA throughout the course.



	
Comparing the performance of my fellow students helps me (e.g., increases competitiveness).



	
Using LA helps me seek help from fellow students and teachers.



	
What feelings does using LA evoke (e.g., dissatisfaction, encouragement, anxiety, confidence)?



	
How did LA help or hinder the learning process?



	
Feel free to comment on your experience with LA.
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Figure 1. Screenshot of the feedback for students. LMS access per student. 
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Figure 2. Personalized feedback with visualizations. 
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Figure 3. Students’ progress. 
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Figure 4. View per student. 
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Figure 5. Diagram of the triangulation design procedures used in this research. 
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Table 1. Guide to MI with the students.
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	Code
	Questions





	(Q1)
	What is your LA-based learning experience as a whole? Were the analytics valuable?



	(Q2)
	Are you satisfied with your study behavior? Under which criteria did you decide to change?



	(Q3)
	What changes do you need to make to improve your performance?



	(Q4)
	Specify which interventions helped improve your performance. Explain how they influenced your behavior.



	(Q5)
	How much would you rate yourself thus far, and why?



	(Q6)
	How similar are your test scores to those of others?



	(Q7)
	What positive or negative emotions do analytics evoke in you? Have you considered dropping out of the course?



	(Q8)
	Do you have any comments to add that we have not already discussed?










 





Table 2. Performance t-test results for the experimental and control groups.
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	Group
	N
	M
	SD
	t (91)
	p





	Experimental
	47
	7.22
	2.71
	2.75
	0.007



	Control
	46
	5.28
	3.95
	
	










 





Table 3. Independent samples t-test prequestionnaire results between the groups.






Table 3. Independent samples t-test prequestionnaire results between the groups.





	
SRL Skills

	
SG (N = 38)

	
MG (N = 31)

	
p

	
t (67)




	
M (SD)

	
M (SD)

	

	






	
Metacognitive activities before learning

	
3.47 (1.33)

	
3.19 (1.22)

	
0.370

	
0,90




	
Metacognitive activities during learning

	
3.50 (1.20)

	
3.29 (1.27)

	
0.485

	
0.70




	
Metacognitive activities after learning

	
2.90 (1.29)

	
3.06 (1.15)

	
0.602

	
−0.52




	
Time management

	
3.21 (1.11)

	
3.22 (1.23)

	
0.957

	
−0.54




	
Environmental structuring

	
5.42 (1.64)

	
5.09 (1.61)

	
0.415

	
0.82




	
Persistence

	
3.10 (1.35)

	
2.83 (1.09)

	
0.379

	
0.88




	
Help seeking

	
3.34 (1.75)

	
3.16 (1.45)

	
0.647

	
0.46











 





Table 4. Post-test questionnaire analysis: ANCOVA results between the groups.
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SRL Skills

	
SG (N = 38)

	
MG (N = 31)

	
ANCOVA




	
M (SD)

	
M (SD)

	






	
Metacognitive activities before learning

	
5.21 (1.50)

	
4.20 (1.17)

	
F [1,66] = 8.375, p = 0.005 *, ηp2 = 0.113




	
Metacognitive activities during learning

	
4.21 (1.31)

	
4.09 (1.16)

	
F [1,66] = 0.001, p = 0.975, ηp2 = 0.000




	
Metacognitive activities after learning

	
4.93 (1.38)

	
3.70 (1.20)

	
F [1,66] = 27.398, p = 0.000 *, ηp2 = 0.293




	
Time management

	
5.34 (1.12)

	
4.12 (1.28)

	
F [1,66] = 22.502, p = 0.000 *, ηp2 = 0.254




	
Environmental structuring

	
5.35 (1.51)

	
4.75 (1.54)

	
F [1,66] = 2.521, p = 0.117, ηp2 = 0.037




	
Persistence

	
5.21 (1.52)

	
3.70 (1.21)

	
F [1,66] = 22.181, p = 0.000 *, ηp2 = 0.252




	
Help seeking

	
5.17 (1.43)

	
3.80 (1.54)

	
F [1,66] = 25.266, p = 0.000 *, ηp2 = 0.277








* Significant difference at the 0.05 level.













 





Table 5. Summary of student opinion survey descriptive statistics (N = 34).
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Survey Statements

	
M

	
SD






	
LA quality

	




	
LA was simple to understand

	
5.0

	
1.8




	
LA helped increase participation

	
4.9

	
1.6




	
The guidance for using LA was adequate

	
5.0

	
1.6




	
There was a sufficient interpretation of the LA

	
5.0

	
1.2




	
Effectiveness of LA on SRL skills

	




	
I prefer LA use in the learning process over the traditional one

	
4.7

	
1.6




	
I would like LA to be applied to other courses

	
4.9

	
1.8




	
LA resulted in putting more effort into the course

	
4.4

	
1.7




	
LA made me feel I had better control over the learning process

	
4.6

	
1.9




	
Student satisfaction

	




	
LA was an enjoyable learning experience

	
4.9

	
1.5




	
LA had pedagogical value

	
4.5

	
1.5




	
LA has boosted my confidence

	
4.4

	
1.5




	
LA maximized my motivation to engage in the course

	
4.8

	
1.5




	
Motivation to use

	




	
There was an understandable explanation using the LA

	
5.0

	
1.2




	
A discussion was conducted to explain the LA results

	
5.0

	
1.6




	
LA helped me be aware of the course

	
5.2

	
1.3











 





Table 6. Interview results—Qualitative themes.
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	Theme
	Sample Evidence Quotes
	Freq. (n = 36)





	Behavior change
	The RYG alert awakened me, and I decided to start doing exercises (ST3)
	52%



	Guidance
	My grades were below the class average; therefore, this comparison changed my study habits (ST17)
	45%



	Help seeking
	LA services encouraged me to ask for support (ST32)
	39%



	Motivation
	LA motivated me to keep trying (ST5)
	34