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Abstract

Students’ daily interaction with the learning management system generates millions of rows
of digital trace data daily, and the data can expand our understanding of self-regulation. This
study employs the confirmatory composite analysis, a PLS-SEM approach, with 158
participants’ data obtained from the learning management system to investigate the relation
among theory-based constructs: self-regulation, learning behaviors, and academic
performance. By examining the model, the estimated model has a good fitting and moderate
explanatory and predictive power. The results indicate that students' data obtained from the
learning management system is capable of measuring self-regulation and predicting
performance. Unlike some empirical studies, after controlling discussion participation, in-
class participation, file access, and video consumption, self-regulation (an executive function)
has an insignificant association with academic performance, but self-regulation does
moderate the effects of driving learning behaviors.
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1. Introduction

Self-regulation serves as an important set of processes for students to initiate and manage their
learning in the fast-changing world and technology-advanced environment [1]. Students who are able
to regulate their learning have higher academic performance, better construction of knowledge,
increased motivation, advanced collaboration learning skills, and smoother transition between
different course delivery formats [2, 3, 4, 5]. As institutions adopt new learning technologies and offer
more courses in the asynchronous format to respond to rapid changes, including the COVID
pandemic, understanding students' self-regulation, as well as its impacts on behaviors and
performance in the learning management system, have become critical. Engaging and succeeding in
online classes require students to have more self-regulated learning skills and invest more motivation
in learning activities [6]. This study explores how students regulate their learning in the management
system and how self-regulation affects learning behaviors and academic performance.

In recent years, there is an increased interest in new assessments and methodologies that allow
researchers to develop critical knowledge about different dimensions of self-regulated processes [7].
Most research on self-regulation relies on students' perceptions, beliefs, and past experiences about
self-regulation through self-reports. Digital traces bring new possibilities that enable researchers to
explore self-regulation from a new angle by analyzing students' actions when interacting with digital
learning platforms. Digital traces capture the actions that are the results of motivational, cognitive,
metacognitive, and affective processes, reflecting how self-regulation is operationalized during
learning [8, 9, 10]. Traces are also better predictors of academic performance as shown by a
groundbreaking study that “we suggest that relying solely on self-reports may jeopardize the
reliability of scientific research if self-reports are interpreted to align with actual learning events.”
[5]. With new technologies dominating course management and content delivery, the availability of
students' digital traces reveals new possibilities to enhance and expand the understanding of the
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enactment of self-regulation. There are opportunities to collect and analyze situation-specific data
about students’ self-regulation processes when they engage in and reflect on performance and
learning behaviors. Moreover, researchers have found a positive association between self-regulation
and academic achievement [15], but few studies managed to determine the enactment of self-
regulation in the process of learning, especially in digital environments that lack the social
dimensions of co-regulation. It is necessary to investigate how self-regulation act in the digital
learning environment and its association with academic achievement. Additionally, although
researchers employed sophisticated methods, like coherence analysis, to explore and understand self-
regulated learning in open-ended learning [11, 12], digital traces were directly linked to metrics (e.g.
clicks) of self-regulated learning strategies. Therefore, there is a need to develop representations and
measurements of digital traces to analyze self-regulation behaviors across a wider learning
environment [13, 15].

The present study employs a learning analytics approach with the Partial Least Square Structure
Equation Model (PLS-SEM) to investigate the relationship between students' digital traces as
indicators of self-regulation, learning traces, and academic performance, particularly whether
students' digital traces can predict achievement. Compared to the most empirical studies that
investigate the relation between students' digital traces and academic performance, the present study
provides a feasible approach to connecting theories to practices in learning analytics. More
importantly, the present study moves from clicks to constructs in an organized and theory-based
approach and operationalizes the forethought, performance, and reflection process in the social
cognitive model of self-regulation [10, 14]. The two research questions of this study were:

1. How can we create a theory-based measurement of self-regulation?
2. How is self-regulation connected to students’ learning behaviors and academic performance?

2. Theoretical Framework

2.1. Self-regulation

The definition of self-regulation in the present study pertains to the processes that students set goals,
plan to achieve the goals, and continually monitor, react, and reflect on their plan. Self-regulation
leads to better learning, improved capabilities, and effective problem-solving. Students who are able
to regulate their learning enjoy benefits in the learning process and achieve better learning outcomes
in various contexts. For instance, first-year and second-year medical students who advance self-
regulation strategies enjoy higher academic achievement in flipped-classroom environments [3]. Self-
regulated learning strategies also help students to strengthen their knowledge construction in a
college-level introductory physics course [16]. Meanwhile, freshman students achieve higher learning
outcomes in English language proficiency and motivational beliefs after completing self-monitoring
forms after each lecture [17]. In English language learning, students who frequently set goals and
evaluate their learning demonstrate better collaborative learning skills, higher group awareness, and
significantly more contribution to peer interactions than those with low self-regulation skills [18, 19].
In addition, due to COVID Pandemic, traditional teaching and learning environment were rapidly
switched to the online format, and students received less feedback and had fewer opportunities to
reflect in groups because of the disrupted curriculum structure [20]. However, regulated students
show better e-learning acceptance, less anxiety, and a smoother transition to the online learning
format from face-to-face learning [21, 22]. When they are self-regulating, students observe, evaluate,
and react before, during, and after a learning event, directing their thoughts, emotions, and actions
[7, 10, 14]. In the cyclical model [14], skilled self-regulated students spend time reviewing tasks and
planning during the initial phase prior to making decisions and taking actions. They analyze the tasks
ahead of time, act by what they believe about their situations and themselves, and set goals for the
performance. Followed by the initial phase, self-regulated students monitor their thoughts and
behaviors within the performance context. Students may observe their behaviors, thoughts, and
feelings during the process with the feedback and outcomes. In the self-reflection phase, students
assess and react to their own behaviors and efforts after reviewing the outcomes, seeking perceived



causes, and evaluating the effectiveness of behaviors or strategies. After the reflection, students make
an adaption of strategies or change behaviors when necessary. The current study includes three
indicators to measure the cyclical model: checking announcements, the unique days students access
the gradebook, and the unique days students check the course syllabus (see Figure 1).

Forethought I ’ Performance

Reading Syllabus Checking Gradebook

Self-Reflection

Checking
Annoucements

Figure 1: Model adopted from Zimmerman’s cyclical model of self-regulated learning [10, 14]

In the present study, self-regulation is measured with three actions: reading the course syllabus,
checking gradebook, and accessing announcements sent by instructors. The unique days students
check the course syllabus determine the forethought stage of self-regulated learning. The course
syllabus is identified as the crucial and central document for university courses. It provides a roadmap
for students to navigate, learn, and advance the course content in the online learning environment
[23]. With the critical information about the academic policies, lecture requirements, and assessment
deadlines, students are supposed to review the course syllabus periodically during the semester to
understand the tasks and expectations [24]. Because the course syllabus provides a learning path for
students to advance the course content and communicate the instructor's expectations and
requirements, it is the document that helps students set goals and motivates their learning [25]. The
unique days of gradebook clicks are recorded to indicate how frequently they monitor their
achievements. Students' gradebook access describes how students trace personal achievements and
their perceptions of academic performance. Experienced instructors encourage students to routinely
trace formative and summative assessment results as feedback, reflect on learning, and then make
strategic and behavioral adjustments [26]. By checking grades, students can evaluate strategies and
the efforts devoted to learning [27]. Checking announcements is assessed through the total number
of announcements students access. As one of the popular methods that instructors use to
communicate with students, announcements are considered one-way information delivery [28] and
teaching-related events [29]. However, instructors frequently use announcements to provide
emotional support, retrieve students' concertation, help students figure out frustrations, and
encourage them to face challenges [29]. Students could use the information received in
announcements to conduct a strategic review of performance or learning process, considering
alternative plans for further efforts or making revisions of goals.

Reading the course syllabus, checking gradebook, and accessing announcements sent by
instructors are grounded on the three phases in the cyclical model [10]. Because students who engage
in self-regulation direct their actions, it is assumed that students’ learning behaviors are all related to
self-regulation, although sometimes are not driven by self-regulation. In this case, students’ learning



behaviors involve participation and learning materials access based on the course design (discussed
in methodology). Participation consists of discussion and in-class participation, evaluating the quality
of participation for required learning activities. Learning materials access describes how students
interact with learning content offered by instructors, including file access and video consumption.

3. Methodology

3.1. Participants and context

The participants for this dissertation study were from a undergraduate course designed and taught at
a large Midwestern research university by the same instructor over four semesters from 2019 to 2020.
The course was delivered originally in face-to-face delivery format with both formative and
summative assessments. Yet because of the pandemic, the Spring 2020 course delivery was changed
to the online format after March 2020. There were 158 participants with about 290,000 rows of data
over the past four semesters who had already completed the course.

The course delivery approach before and during COVID pandemic remained the same. Before
every lecture, students were asked to watch lecture videos, read course materials, and complete pre-
lecture activities. During the lecture, the course instructor addressed important questions and
facilitated in-class discussions. Right before the end of the lecture, students completed formative
assessment questions with iclickers. Due to COVID pandemic, the course instructor moved the in-
classroom discussions to Zoom but followed the same procedure, and students needed to complete
the formative assessments as they do before. Before each module ended, students were assigned to
participate in the online discussion in the learning management system to demonstrate
understanding and applications with guided questions. After each module, students were required to
complete the summative assessment, and instructors provided feedback to students.

Two types of data were collected from the learning management system: navigation data and
gradebook data. Both navigation and gradebook data were collected through a customized Python
program. Each student was assigned a random and unique id for de-identification. Navigation data
consists of students’ digital traces during the semester, such as logins, course materials views,
discussion posts and replies, and clicker usages.

3.2. Learning behaviors

In the present study, learning behaviors are estimated with latent constructs based on students’ digital
traces, including two categories: participation and learning materials access (See Table 1). Learning
materials access refers to students’ access to learning materials posted by course instructors, such as
articles, documents, lecture recordings, and videos. Accessing such learning materials is essential and
the first step to ensuring learning occurs, and self-regulated learners are supposed to be able to control
practices in learning to benefit from the learning materials provided for instructional purposes,
especially in the environment where technology is used [30]. In synchronous or asynchronous
learning, although students are free to choose when and how to access learning materials, they must
log into the course site to access the learning materials. Evidence shows that the count of content
access is a significant predictor of academic performance and student engagement. For example, in
one paper, students who accessed learning materials more frequently were categorized into selective
and efficient learner groups that pursued performance goals and regulated their learning. Completing
the reading and media consumption behaviors also indicate the level of engagement [31]. In this case,
the use of learning materials access to evaluate whether students interact with the course materials
as expected in the course syllabus consists of two constructs: file access and video consumption.

File access determines whether students access files provided and required by instructors, such as
articles, examples, and lecture notes. There are two indicators for the measurement of file access
behaviors. First, the total number of accesses to files is used to measure the aggregated number that
students access the files. Second, the percentage of files accessed measures the coverage of the files
accessed, determining the percentage of assigned files students have accessed. Students are supposed
to read the assigned documents for the course. According to the literature, college students read less



[32, 33, 34]. The aggregation of the number of learning materials accessed can be through attention
to students who regulate their learning and those who pursue performance goals. For example,
students may frequently access some materials for exams, but others may regulate their learning by
accessing all required learning materials step by step. While the frequency of access may be similar,
the files accessed percentage differentiates learning strategies and behaviors, thus evaluating their
engagement.

In addition to file access, video consumption is used as another construct to evaluate students’
behaviors guided by self-regulation. Video-based learning provides an engaged and interactive
learning environment and experience for learners rather than linear broadcasting [35], allowing
students to pause, forward, or rewind videos. More regulated learners tend to have a longer duration
and frequency in which they engage in watching videos [36]. Therefore, two indicators are used to
estimate video consumption: total minutes watched and the total number of videos watched. Total
minutes watched assesses the total number of minutes students consume instructional videos, and
the total number of videos watched measures the aggregated number of individual videos watched
by students.

Similar to learning materials access, participation represents the actions students perform in
required course activities. In this context, the course instructor designs two required learning
activities: discussion and clicker questions. Students are required to participate in online discussions
after each module and to answer in-class clicker questions in every lecture. Therefore, discussion
participation and in-class participation are the two constructs for participation measurement.

Discussion participation describes how students participate in online discussion forums and
interact with others. There are three indicators used to measure discussion participation.
Collaborative work is a critical part of learning, and online discussion is one of the most effective
approaches to promoting collaborative work [37]. Research has shown that online discussion
participation facilitated knowledge acquisition and sustained positive effects on academic
performance and achievement [38, 39]. Students participated and engaged in the process of
collaborative work, such as online discussion, by reading, reflecting, and posting messages on the
discussion board, suggesting that the number of times students access the discussion forum is
fundamental for measuring collaborative work [40]. To accurately measure how many times students
access the discussion forum, the number of unique days students access the discussion forum is used
to prevent overcounting. For example, if a student accesses the discussion forum multiple times in
one day, only one access will be counted. Moreover, the number of messages and the length of the
message is also important to discussion participation. Students who contribute a relatively large
number of messages are more active learners than those who post too fewer messages [40]. The length
of the post from the beginning of the root thread post and the length of the post have been used as
the metrics to measure the quality of students' collaborative work [41]. The length of a single post is
often used as a proxy for the quality of the discussion, especially after students read and reflect on
the messages posted by peers. Students participating in collaborative work are more likely to access
the discussion frequently, read more messages, reply to other students more frequently, and write
more in each post.

Beyond discussions in the asynchronous setting, in-class participation also plays a crucial role as
the instructional strategy to engage students in the synchronous setting. Meanwhile, students
consider class participation a crucial learning strategy [42]. Class participation has a positive relation
to academic performance in higher education because students have the opportunity to interact to
learning materials and time for skills practice and content assimilation [43]. In-class participation is
measured by the clicker question participation. Click questions usually serve as the instructional
strategy that focuses on enhancing students' participation, attendance, and attention [44].
Participation describes whether students answer clicker questions offered only in the classroom or
online synchronous meeting room. If students do not show up in class or suddenly shift attention
away from the lecture or activities, they are not able to complete the clicker questions.

3.3. Academic performance

Students' academic performance for the course is usually determined by course grade, generated
based on the weighted or unweighted course assessments [45]. While course grade is an objective



measure to evaluate students' effort to advance the course content, it suffers limitations. Grades in
single courses are often not normally distributed and often suffer from ceiling effects that restrict its
effective range. This is partially caused by grade inflation compromising all students' grades, leading
to a lack of differentiation based on a single course final grade [46]. Practically, it is challenging to
distinguish students' behaviors solely based on their course grades. To address the issue, the present
study evaluates students' academic performance as a latent variable constructed from a series of
summative assessments.

3.4. Model specification, identification, and evaluation

A confirmatory composite model is estimated to uncover the relation between self-regulation,
learning behaviors, and performance using SmartPLS. SmartPLS is a popular graphical interface
analytical software designed specifically for variance-based structural equation models with a partial
least square approach. The proposed model includes a total of six constructs: academic performance,
self-regulation, discussion participation, in-class participation, file access, and video consumption.
Discussion participation, in-class participation, file access, and video consumption are categorized
into learning behaviors, and these latent constructs are all directed to academic performance. Another
latent construct, self-regulation, is linked to all four learning behavior constructs as well as academic
performance.

The measurement and structure component of the model was evaluated separately following a
two-stage evaluation recommendation [47]. In the first stage, each latent construct in the
measurement component was evaluated for indicator reliability, internal reliability, convergent
validity, and discriminate validity. For reliability, indicators should have indicator reliability higher
than 0.7 except those indicators are retained for content validity. The composite reliability should be
between 0.7 and 0.9. Any construct with a value higher than 0.9 is not desirable for indicator
redundancy avoidance, which probably compromises content validity [47, 48, 49]. For validity, the
average variance extracted (AVE) from the constructs was calculated by obtaining the grand mean of
the squared loadings of the indicators for convergent validity. An AVE value of 0.5 is desirable
because less than half of the variance remains in the measurement error than extracting from the
constructs. The discriminant validity was assessed with heterotrait-monotrait ratio (HTMT) to ensure
each construct was distinguished from other constructs. HTMT calculates the ratio between between-
trait and within-trait correlations, obtaining the mean of correlations of indicators across all
constructs over the mean of the average correlations of the indicators in the same construct [49]. If
the HTMT value is significantly smaller than 1, the two constructs are clearly discriminated [47, 50].
The HTMT was computed with bootstrapping procedure with 10,000 subsamples to obtain a 95%
confidence interval for hypothesis testing.

In the second stage, path coefficient, collinearity, and explanatory and predictive power were
examined to evaluate the structural component of the model. Variance inflation factor (VIF) was
utilized to measure collinearity. Any VIF below five indicates no substantial collinearity effect on the
structural component [47, 51]. Then a 10,000-subsample bootstrapping procedure with a 95%
confidence interval was performed to assess the relevance and the significance of path coefficients
between the two constructs. The was used to evaluate the explanatory power. Although PLS-SEM
aims at maximizing the variance explained, the model may overfit the data with an excessive of 0.9
or higher [47, 50]. The procedure uses the model estimates generated from the training set to predict
the values for the indicators of the dependent constructs from the holdout sample. The divergence
between the actual and predicted values indicates the predictive power: the lower the divergence, the
higher the predictive power. The mean absolute error (MAE) was used to compute the divergence for
predictive power evaluation. Comparable to the root mean square error (RMSE), MAE assumes the
equal weight of all errors, which is less sensitive to extreme values. Since the prediction error
distribution might be non-symmetric, MAE was preferable to RMSE. The divergence of MAE was
calculated for both PLS and LM in the SmartPLS software. If all MAE values obtained from the linear
regression model benchmark (LM) are greater than the values obtained from PLS, the model has high
predictive power [47]. If the values obtained from PLS are greater than the values obtained from LM,
the model lacks predictive power. If some values from PLS are greater than the values from LM, the
model has medium predictive power.



4. Results

A total of 290,004 log records obtained from the learning management system for 158 students across
four semesters were used to explore the association between proposed latent constructs and academic
performance. Confirmatory composite analysis was used to estimate the path coefficients among all
proposed latent constructs and academic performance, the explanatory and predictive power of the
model, as well as measurement reliability and validity. Because the confirmatory composite analysis
used in the study was a non-parametric method, a bootstrapping procedure was employed to obtain
the standard errors of the estimated coefficients to determine t values and corresponding p values
and the confidence interval for the stability of the estimates. Based on the bootstrapping procedure,
loadings and path coefficients were tested for significance to determine whether there were non-zero
effects.

The model estimation successfully converges in eight iterations, indicating that there is no
problem with data [47, 50, 52, 53]. The results show that the data fit the model well. Discussion
participation, in-class participation, and video consumption are the three constructs that significantly
predict academic performance.

Table 1
Constructs, Indicators, and Definitions

Latent Construct  Indicator Definition

Academic Score Of Summative Assessment 1 (SA1)  Results of summative assessment 1
Performance (AP) Score Of Summative Assessment 2 (SA2)  Results of summative assessment 2
Score Of Summative Assessment 3 (SA3) Results of summative assessment 3
Score Of Summative Assessment 4 (SA4)  Results of summative assessment 4
In-Class Clicker Question Participation (ICP) The total number of clicker question
Participation (IN) answered
Discussion Unique Days of Discussion Access (UDD) The unique number of days
Engagement (DP) participants accessed the discussion
forum
Total Number of Posts (TP) The total number of posts created by
participants, including initial posts
and replies.
Total Number of Words (TW) The total number of words posted by
participants
Video Total Lecture Videos Watched in Minutes The total minutes participants
Consumption (TM) watched lecture videos
(VO) Total Number of Lecture Videos Watched The total number of lecture videos
(VW) participants watched

File Access (FA)

Self-Regulation
(SR)

The Percentage of Files Accessed (FP)

The Total Number of Accesses to Files
(FT)

Unique Days of Gradebook View (UDG)

Unique Days of Syllabus View (UDS)

Announcement Views (ANN)

The ratio of files accessed by
participants over the total number of
files assigned

The total number of times students
access files.

The unique number of days
participants accessed gradebook

The unique number of days
participants accessed course syllabus
The number of announcement views




Table 2

Summary results of model evaluation

Latent Indicator Indicator Composite AVE  VIF R?/Adjusted PLS/LM
Construct Reliability = Reliability R? /N
Academic Score of Summative 0.85*** 0.89***  0.67""* N/A 0.65/0.64  0.89 /0.89
Performa  Assessment 1 (SA1) /0
nce (AP)  Score of Summative 0.78*** 5.06 /5.08
Assessment 2 (SA2) /-0.02
Score of Summative 0.86™** 4.84 /4.88
Assessment 3 (SA3) /-0.04
Score of Summative 0.78*** 2.82 /2.84
Assessment 4 (SA4) /-0.02
In-Class Clicker Question 1 1 1 1.89 0.14/0.14
Participati Participation (ICP)
on (IN)
Discussio  Unique Days of 0.73*** 0.88*** 0.71"**  2.65 0.38/0.38
n Discussion Access
Engageme (UDD)
nt (DP) Total Number of 0.88***
Posts (TP)
Total Number of 0.90***
Words (TW)
Video Total Lecture 0.84*** 0.87*** 0.78"*  1.81 0.09/0.08
Consumpt Videos Watched in
ion (VC)  Minutes (TM)
Total Number of 0.92***
Lecture Videos
Watched (VW)
File The Percentage of 0.83*** 0.89"**  0.8™* 149 0.21/0.20
Access Files Accessed (FP)
(FA) The Total Number 0.95***
of Accesses to Files
(FT)
Self- Announcement 0.67*** 0.82***  0.60™™*  1.68
Regulatio Views (ANN)
n (SR) Unique Days of 0.89***
Gradebook View
(UDG)
Unique Days of 0.74***
Syllabus View
(UDS)
Note. *** p <.001



Table 3
Summary Results of The Discriminant Validity

Original Bootstrapping 5% Lower 95% Upper

Subsample Bound Bound
File Access — Discussion 0.668 0.668 0.531 0.800
Participation
In-Class Participation — Discussion 0.661 0.658 0.530 0.765
Participation
In-Class Participation — File Access 0.332 0.333 0.186 0.471
Academic Performance — Discussion 0.878 0.879 0.800 0.941
Participation
Academic Performance — File Access 0.541 0.542 0.398 0.677
Academic Performance — In-Class 0.723 0.719 0.594 0.819
Participation
Self-Regulation — Discussion 0.831 0.836 0.747 0.932
Participation
Self-Regulation — File Access 0.542 0.549 0.393 0.708
Self-Regulation — In-Class 0.390 0.391 0.269 0.510
Participation
Self-Regulation — Academic 0.565 0.571 0.450 0.693
Performance
Video Consumption — Discussion 0.707 0.711 0.541 0.858
Participation
Video Consumption — File Access 0.430 0.433 0.272 0.592
Video Consumption — In-Class 0.720 0.717 0.533 0.865
Participation
Video Consumption — Academic 0.801 0.803 0.668 0.922
Performance
Video Consumption — Self- 0.386 0.389 0.239 0.535
Regulation
Table 4
Summary results of indirect/direct effects
Path Effects T Statistics
Self-Regulation — Discussion Participation — Academic Performance 0.23*** 2.99
Self-Regulation — File Access — Academic Performance 0.03 1.25
Self-Regulation — In-Class Participation — Academic Performance 0.10*** 4.22
Self-Regulation — Video Consumption — Academic Performance 0.07** 2.23
Self-Regulation — Academic Performance 0.432™** 8.02

Note. * p <.05. ** p <.01. "™ p <.001.
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Figure 2: Estimated model

4.1. Measurement model

As shown in Table 2, all indicators have indicator reliability higher than 0.7 except announcement
views (ANN), which is close to 0.7. This indicator is retained in the model because it improves the
content validity. ANN represents the self-reaction behaviors students perform, an essential phase for
self-regulation (7, 10, 14]. Moreover, composite reliability is used to evaluate internal consistency. All
the constructs have significant composite reliability between 0.8 and 0.9 (the composite reliability of
the single-item construct IN was fixed at 1), indicating a relatively high level of reliability.

AVE is used to establish the convergent validity of the latent constructs. All AVE values are above
the threshold of 0.5, suggesting that the construct explains more than 50% of the variance for its
indicators. For the single-item construct IN, AVE is not the appropriate method for the convergent
validity because the loading for the indication is fixed at 1 (see Table 2).

HTMT values of the 95% upper bound is obtained to measure discriminant validity from a
bootstrapping procedure with 10,000 subsamples since PLS-SEM is a non-parametric method (see
Table 3). Because all HTMT values of the 95% upper bound are below 1, meaning that all two latent
constructs are empirically distinct.

4.2. Structural model

Variance inflation factor (VIF) is applied to evaluate the collinearity among all latent constructs. The
ideal VIF value is close to or below 3. In the present study, all the VIF values in the proposed model
are below 3, suggesting collinearity issue is not found among all proposed constructs (see Table 2).

Path coefficients assess the hypothesized relations among the constructs. The path coefficients
were standardized values obtained from a bootstrapping procedure with 10,000 subsamples. Figure 2
shows the path coefficients between academic performance and all other constructs. Discussion and
in-class participation have a significant coefficient of 0.37 and 0.29 on academic performance. Video
consumption has a significant coefficient of 0.24 on academic performance, but the other learning
material access construct, file access, has a non-significant coefficient of 0.07 on academic
performance. Self-regulation also has a non-significant coefficient of 0.02 on performance.

Because the relation between self-regulation and academic performance is not significant, the
indirect effects are then analyzed (see Table 4). The indirect effects between self-regulation and
academic performance via discussion participation, in-class participation, and video consumption are
all significant and at 0.23, 0.1, and 0.07. The indirect effect between self-regulation and academic



performance via file access is 0.03 and insignificant. The sum of indirect effects between self-
regulation and academic performance was 0.432 and significant.

The coefficient of determination is used to assess the model's explanatory power. Table 2 shows
that 64% of the variance in academic performance is explained by the combination of learning
behaviors and self-regulation. Beyond the performance, 38% of the variance in discussion
participation and 14% of the variance in in-class participation are explained by self-regulation.
Twenty percent of the variance in file access and 8% of the variance in video consumption are
explained by self-regulation.

Predictive power is utilized to evaluate whether the model could produce generalizable findings.
Table 2 shows the mean absolute error (MAE) divergence between PLS and linear regression model
benchmark (LM) for four assessments are 0, -0.02, -0.04, and -0.02, meaning that three of four MAEs
from the PLS model are smaller than the predicted LM model. Since the majority of MAE differences
between PLS and LM are fewer than 0, suggesting that the model has a moderate predictive power
[47].

5. Conclusion

This study moves from correlating clicks to creating and validating the possibility of measuring
theoretical learning constructs from digital traces. Self-regulation is not a significant predictor of
academic performance after controlling learning behaviors, but self-regulation is significantly
associated with all learning behaviors. The present study measures self-regulation based on students'
digital traces with various data sources to capture students' learning behaviors impacted by self-
regulation and on academic performance. It is a practical and meaningful approach that we hope will
be increasingly adopted by the learning analytics research community and self-regulation
researchers. Because not all the variables are directly observable, learning analytics researchers could
extract more information from students' digital traces to assess learning rather than assuming every
component of learning is observable by implementing educational measurement concepts. The
exploratory and predictive power estimated suggest that the current method increases the accuracy
and variance explained by indicators or constructs for the outcome variable.

Further, the present study provides a meaningful and valid measurement and model for self-
regulation, advancing the operational theories. The measurement of self-regulation should not only
be captured by think-aloud protocols, but it should also be students' behaviors or actions recorded in
the learning management system. The current measurement overcomes the large expense happened
to think-aloud protocols and captures self-regulation without disrupting some of the key processes.
The usage by the learner is intended to promote instant feedback for self-regulated learning. Students
could receive both behavior-based and performance-based feedback to sharpen self-regulation and
improve performance.

Additionally, the study enables professionals to conveniently model self-regulation and learning
behaviors at the course level with a relatively small sample. It is particularly beneficial for instructors
and professionals eager to monitor students' learning and improve self-regulation. First, as the
learning management system allows professionals to retrieve students' digital traces in nearly real-
time, instructors and learning experience designers could evaluate teaching and learning with an
evidence-based approach rather than expensive and disrupting methods. Second, learning experience
designers usually revise and adjust their design to improve self-regulated learning by communicating
with instructors and students, lacking action-based information. This model allows instructors and
designers to overview how students monitor their learning and make decisions. Both designers and
instructors could use this model to improve the design and motivate students. For example,
instructors can encourage students to access all required documents before preceding forward by
restricting the access until items in previous modules are completed before specific deadlines. Third,
the current model echoes the significant role of instructors in how students regulate their learning,
especially in a dynamic learning environment. Without prompt feedback to students (announcement
and grade) and an expectation-specific syllabus, students would have fewer chances to engage in self-
regulation and thus suffer from the course. Last, the present study brings opportunities for learning
analytics and self-regulation researchers to reconsider how to use student data.



There are two limitations to the present study. First, data used to model self-regulation and
learning behaviors represent how students engage in the learning management system. Since
learning occurs in a lifelong and diverse ecosystem, the assessment of learning does not lie on single
elements built with an exclusive data view. Data not included in the respective modeling is equally
important, if not more important, to the dataset used to model student learning [54]. While data
utilized in this study consists of all students' digital traces, it neither represents all students' learning
activities nor any offline tasks. This limitation is also a common limitation in all learning analytics
research. Second, more evaluation should be done with various course designs. Factors in course
design and construction, such as the content in announcements, learning objectives, type of
assessments, grading schema, or syllabus written, vary course by course, and a slight change in any
of the factors may influence students' expectations and actions, affecting how students regulate their
learning.

Future studies can focus on three aspects of self-regulation with students' digital traces. First, the
current results show that self-regulation is a significant predictor of learning behaviors, but the role
of self-regulation is unclear. Understanding the relation between self-regulation and other learning
behaviors could improve the current model. It is important to focus on what role self-regulation plays
(mediator or moderator) and how self-regulation affects learning behaviors in the learning
management system. Second, additional in-depth qualitative data could also be used to approach self-
regulation with self-reported attitudes, perceptions, and strategies. Comparing students' perceptions,
attitudes, and behaviors in the learning management system could reveal more about how students
regulate their learning. Third, the goal of the present study is to evaluate and measure self-regulation
and its role in the learning process. Although the model’s moderate predictability allows instructors
to make data-informed decisions to assist those who suffer in class, the model itself does not predict
self-regulated learning strategies used in empirical educational data mining studies. Further studies
may focus on the construct-based approach of prediction for self-regulation strategies. Finally, the
present study applies the reflective measurement that changes in a specific type of construct would
result in changes in all indicators, but changes in one of the indicators would not result in a change
in the construct. Therefore, it is necessary to explore how self-regulation relates to academic
performance with formative measurement.
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