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ABSTRACT
Research has emphasized that self-regulated learning (SRL) is critically important for learning. However, students have different capabilities of regulating their learning processes and individual needs.
To help students improve their SRL capabilities, we need to identify
students’ current behaviors. Specifically, we applied instructional
design to create visible and meaningful markers of student learning
at different points in time in LMS logs. We adopted knowledge engineering to develop a framework of proximal indicators representing
SRL phases and evaluated them in a quasi-experiment in two different learning activities. A comparison of two sources of collected
students’ SRL data, self-reported and trace data, revealed a relatively high agreement between our classifications (weighted kappa,
𝜅 = .74 and 𝜅 = .68). However, our indicators did not always discriminate adjacent SRL phases, particularly for enactment and adapting
phases, compared with students’ real-time self-reported behaviors.
Our behavioral indicators also were comparably successful at classifying SRL phases for different self-regulatory engagement levels.
This study demonstrated how the triangulation of various sources
of students’ self-regulatory data could help to unravel the complex
nature of metacognitive processes.

CCS CONCEPTS
• Information systems → Task models; • Human-centered
computing → Empirical studies in HCI; • Applied computing → Learning management systems.
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1

INTRODUCTION

Self-regulated learning (SRL) is a critical component of student
learning as research has emphasized that it is critically related
to academic performance [16] and regarded as a necessary skill
for life-long learning [18]. However, students differ in their selfregulatory learning skills; they have different capabilities, know
and adopt different strategies and tactics to study. Research showed
that students can learn how to become self-regulated learners [27].
Supporting students with individual self-regulatory needs requires
identifying students’ current metacognitive abilities.
The increasing use of technology in education and the resulting
ability to keep track of learning activities offer the opportunity
to understand students’ behaviors at an unprecedented level of
analysis and scale. A few studies have adopted methods such as
sequence analysis [14, 19], or process mining [5, 6] to detect selfregulatory behaviors from students’ trace data in online learning
environments. Despite recent advances in detecting students’ selfregulatory behaviors, the research has focused more on advancing
analytical methods, rather than examining the extent to which
students’ observed online activities, known as proximal indicators,
contribute to a valid inference of self-regulated learning phases. In
addition, the methods applied to detect behavioral indicators need
to be tested for the extent and conditions to detect self-regulatory
phases. A recent study [24] compared the results of three data
analyses, i.e. sequence, process, and network analytics, to detect
learning tactics and strategies in MOOCs. Their findings indicated
differences in detecting learning tactics from the same trace data
between the three different analytical methods.
In this paper, we developed knowledge-engineered indicators of
students’ self-regulatory phases in the LMS to examine the extent
to which the observed online activities represent valid inference of
SRL phases. We compared behavioral indicators with concurrent
students’ self-reported behaviors while performing a learning task
to test the extent and conditions these indicators and self-reported
measures converge. Since retrospective questionnaires allow participants to rely more on actual behaviors, rather than assessing
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metacognitive knowledge prospectively [11], we used retrospective
self-reported measure of SRL to categorize students’ self-regulatory
engagement level. We have examined the differences between behavioral and concurrent self-reported measures among groups with
different SRL levels. The triangulation of multiple data sources allowed us to create a more accurate picture of different students’
self-regulated learning behaviors.

1.1

Background

Traditionally, the self-regulatory aspects of students’ metacognition
have been measured using questionnaires. However, research on
SRL measures has shown that learners can be inaccurate in calibrating their learning behaviors [32, 44]. There is contention among
some researchers [15] that students are not accurate reporters of
their behaviors and therefore we should question the validity of
self-reported measures. On the other hand, other researchers e.g.
[20] emphasize the importance of understanding students’ conception of themselves. Since disagreements exist regarding SRL
measurements, particularly whether self-reports represent a valid
and reliable approach to measuring these processes, researchers
have advocated the use of behavioral data [44]. Therefore, trace data
has been used to detect students’ learning behaviors in virtual learning environments. This approach has provided promising insight
into learning processes as an alternative to traditional approaches
for measuring self-regulated learning.
A study by [43] is among early research on collecting students’
trace data to measure self-regulatory phases. They used log data
of software called PrepMate designed for authoring instructional
presentations to capture students’ interactions with reading materials. For instance, scrolling through a paragraph before starting any
other actions was used as a proximal indicator of students’ planning phase. A recent study by [8] used students’ access to resources
related to course organizations such as exercise deadlines or index
page with learning objectives in the LMS as proximal indicators
of students’ planning phase. Although these studies detected students’ self-regulatory phases in different contexts, the proximal
indicators of planning phase were quite different in terms of their
operationalization. The former used a learning tactic of skimming
as a representation of planning, whereas the latter used indicators
identifying students’ planning strategy, i.e. organization and goal
setting. Thus, there is a need for a consistent approach to developing proximal indicators that operationalize self-regulatory phases
in online learning informed by theories of self-regulated learning.
Furthermore, SRL is a context-dependent process [31]. Capturing
the context of students’ actions in virtual learning environments is
more feasible when learning activities occur in well-defined tasks.
This is not the case for open-ended asynchronous learning environments such as LMS or MOOCs. Most prior research on identifying
self-regulatory phases was conducted within well-defined tasks in
advanced learning technologies (ALTs), such as intelligent tutoring
systems, simulations, hypermedia, and serious games. For instance,
Hadwin et al. [17] conducted an exploratory case study to examine
in depth the students’ learning activities across studying episodes
in a learning environment, gStudy, designed specifically for this
purpose. However, examining a studying episode in open-ended
environments, particularly LMS, is not the same because of the
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necessarily content-agnostic nature of LMS [22], which makes it
more difficult to capture the context of students’ actions. Similar observable activities in the LMS may represent different behaviors in
different learning contexts. Recent research on detecting SRL behaviors in open-ended environments has shifted away from using the
frequency of students’ activities to observing students’ sequences
of actions to better understand the context of students’ choice of
actions. A study by [19] is an example of adopting the combination
of exploratory sequence analysis and hierarchical clustering to detect patterns in students’ behaviors that indicate learning strategies
in the LMS. However, the sequences may be misrepresented as
evidence of the same behavior and grouped in the same cluster
without accounting for the context surrounding these sequences.
Another study by [38] used their coherence analysis approach [39]
to capture the surrounding context of a sequence of actions. For
instance, they considered two actions as coherent if the second
action was based on information generated by the first action.
Several interdisciplinary researchers have addressed the complex nature of temporally unfolding SRL processes by using multichannel trace data such as log files, eye-tracking, physiological sensors, and screen recordings of learners’ interactions with machines
[2]. For instance, a research study by [23] collected physiological
data, video observations, and facial recognition data in the context
of collaborative learning to explore how different sources of data
can be used to detect self-regulatory components of students’ interactions. However, due to the specific LMS affordances, we only
can track a glimpse of learning processes that mostly occur outside the LMS. One of the common approaches often used in SRL
measurement settings is concurrent think-aloud protocols [12]. A
recent study by [40] integrated coded think-aloud and trace data
and applied process mining to understand students’ self-regulatory
behaviors. A similar approach, such as collecting students’ realtime self-reported behaviors in the LMS, can provide a detailed
trace of the learning process. Additionally, there is evidence that
converging self-reported and process data is key to understanding
metacognitive self-regulatory processes [25].
This study contributes to the growing research of SRL modeling
in several ways. First, we applied instructional design to create a
template for a prevalent learning activity in the LMS not only to
support students’ self-regulatory process but also to create visible
and meaningful markers of student learning at different points in
time in LMS logs. Second, we developed indicators of self-regulated
learning phases from students’ trace data by applying a multimethod approach. Third, we developed and embedded a tool in
the LMS to collect students’ self-reported learning behaviors in
real-time. Finally, to test our indicators’ robustness in identifying
self-regulatory phases in the LMS, our research design allowed us
to empirically examine the extent to which proximal indicators
converge with their corresponding student self-reported behaviors.
Our study highlights the importance of course design in supporting
learning analytics to uncover the context of students’ learning
behaviors. Moreover, our research design demonstrated how the
triangulation of different sources of students’ self-regulatory data
can help to unravel the complex nature of metacognitive processes.
Finally, our empirical findings showed how the indicators of selfregulation were relatively robust in various learning contexts for
different students’ self-regulatory engagement levels.

Measuring Students’ Self-Regulatory Phases in LMS

1.2
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Research Questions

• Marking Scheme clarifies how the solution will be evaluated
based on the accuracy and completeness of the learning
product.
• Submission Instructions explains submission format requirements.

This study is guided by the following research questions:
RQ1. How can we identify proximal indicators of SRL using log
tracing techniques, given specific affordances of the LMS?
RQ2. What specific approach leads to collecting students’ self-reported
behaviors in real-time to minimize the concerns associated with
students’ reporting their metacognition?
RQ3. To what extent do observed indicators of SRL and students
self-reported behaviors converge?

2 METHODS
2.1 Learning Activity Design
Since an LMS is an open-ended learning environment, instructional
design plays a vital role in getting students engaged in self-directed
learning activities such as individual assignments. Gašević et al.
[13] emphasized the impact of differences in instructional conditions, particularly those related to whether and how to use LMS
features, for creating a generalized predictive model of students’
success. Moreover, Rienties et al. [30] indicated that the design
of learning activities influenced students’ engagement in online
learning. Therefore, in this study, we focused on a specific learning
activity designed to engage students in a complex problem-solving
task, which requires students to be self-regulated learners [36]. The
students were provided with information about a computer programming task in the LMS Assignment module. They were required
to integrate theory and practice and apply knowledge and skills
to develop a viable solution to a given problem over two weeks.
Although the assignment instructions can be given in different
formats, such as a downloadable PDF document or a single HTML
page in the LMS (Canvas), we designed a template incorporating
task specific sub-goals (TSSG) [37]. Accordingly, the assignment instructions consisted of six sections, i.e. Overview, General Guidelines,
Detail Specification, Resources, Marking Scheme, and Submission Instructions (see below). The instructions provided information for
students explaining specific, measurable, action-oriented and realistic steps to complete the assignment, and allowed us to track
their progress by when and which kind of information they viewed.
Placing each kind of information into its separate page brings an
advantage of utilizing the built-in logging mechanism of Canvas, as
opening the assignment front page (the organizer) and each of the
pages (sections) creates a separate LMS log entry. These log entries
carry semantic meaning, which we used to develop indicators of
self-regulatory phases. The assignment front page in Canvas, partly
seen in Figure 3, provided the links to six content pages with the
following information:
• Overview explains the learning objectives of the assignment.
• General Guidelines tells learners how to approach the problem by dividing it into sub-tasks, indicating what knowledge
and techniques to use.
• Detail Specification describes technical requirements for the
task, i.e. functional requirements for the solution.
• Resources provides the list of supplementary resources, e.g.
links to the relevant lecture notes, technical documentation,
and worked examples.

2.2

Developing Indicators of Self-Regulated
Learning

To develop SRL indicators for the problem-solving task utilizing
our design, in the Spring 2019 term we collected LMS interaction
data from 92 students in an undergraduate computer programming
course at a large residential research university in Canada. The
log data included every click event in Canvas, including students’
interactions with the six sections of the assignment (described in
the previous section), downloading handout files, accessing worked
examples, and discussion activities regarding the assignment. To
develop the indicators, we have identified three different assignments in which we examined the sequences of 47 students (51%),
until we reached saturation [35]. The students used an integrated
development environment (IDE) to develop the computer program
outside Canvas offline, which was not tracked. However, students’
interactions with the assignment prompt pages, and other related
modules in Canvas, generated sequences of events represented in
the self-regulatory phases.
To develop indicators for our domain, we used a lens of the
well-established SRL model by Winne and Hadwin [42] because of
its information-processing perspective, since we detect students’
behaviors from interactions with the information provided either
as task-specific sub-goals or learning resources for them. Winne
and Hadwin’s model defines a loosely sequenced cycle of four
phases to perform an academic task: task definition, planning and
goal setting, enactment of tactics and strategies, and adapting. In
each of these phases, learners find themselves in a set of processes
involving interaction between the conditions, operations, products,
evaluations, and standards (COPES) [41]. First, we distilled LMS
logs to those clicks related to the assignment. Next, we applied a
text replay tagging technique [3, 34]. A human expert carefully
examined the logs recreating the sequence of clicks through the
pages and evaluated the sequences for possible representations of
SRL phases using the theoretical framework above. For each phase,
we created a set of indicators, i.e. frequent sub-sequences, consisting
of event clicks within a time frame representing self-regulatory
phases. This process led to several findings related to our process
itself, as described in the following subsections.
2.2.1 The importance of the context surrounding the sequence. Our
qualitative analyses of LMS logs suggest that the context surrounding the same learning events’ sequence plays an important role in
discriminating sequences of students’ actions as representations
of self-regulatory phases. The example (Figure 1) shows the same
sequence of LMS events, which can be the indicators of two different
self-regulatory phases. The first occurrence of (View_Assignment_Objective,
View_Assignment) can be an indicator of planning phase while
the second occurrence of the same sequence may not represent
the same self-regulatory phase because of the long elapsed time (3
days) between these two sequences, and the student downloaded a
worked example and viewed a handout for another week between
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them. Thus, this sequence can be an indicator of enactment phase
rather than planning.

Figure 1: The example of the same sequence representing
different behaviors in trace data
2.2.2 The macro-level order of sequences matters. The temporality of self-regulated learning phases should determine the granularity level in which we create a sequence of actions for every
student. That is, the micro-level order of events is not a deterministic factor in detecting self-regulatory phases if the subsequent
events occur within a short time frame. The example in Figure 1
shows subsequent events (View_File, View_Assignment_Objective,
View_Assignment, Download_File) that occurred within a few minutes. The order of these events does not matter in terms of identifying self-regulatory phases; rather, what occurred in this time frame
can help to determine which self-regulatory phase these events
would represent or provoke. As a result, we propose to segment
click streams into sessions or clips. A session is the grain-size of
a time frame at which a self-regulatory indicator can be detected.
Hence, we divided the students’ interactions with the assignment
and related modules in the LMS into sessions. The sessions allowed
us to differentiate the same sequence of events that occurred in
different time frames, representing two different learning behaviors
and accounting for the temporality of the underlying self-regulatory
phases. We defined a 20-minute cutoff for each session, determined
by the students’ LMS use data, which was clustered in this time
frame with a typical length of ~15 minutes. The events within a
session demonstrated:
• access to information about task conditions was determined
as indicators of a "task definition" phase,
• first time access to information concerning task operations
and learning objectives represented a "planning" phase,
• access to information regarding task operations which was
followed by an action outside the LMS, writing a computer
program in the IDE was used as indicators of an "enactment"
phase,
• access to information about assessment criteria or task standards that invoked making evaluations and changes of the
computer program and adapting the product was identified
as indicators of an "adapting" phase.
The list of indicators for each of self-regulatory phases is shown
in Figure 2.

2.3

Procedure

In the Summer 2020 term, we conducted a quasi-experiment in the
next offering of the same course used to develop the indicators,
taught by the same instructor. A researcher from our team invited
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the students to participate in the study and explained the procedure.
Participation in the study was voluntary; students were informed
that their responses would not be visible or reported to their course
instructor. The participants received a bonus of 2% towards their
final course grade. The participants were to work on the assignment
as other students, for two weeks, at any time they chose. Each time
they looked at the assignment related pages, they were prompted
at specific points during their learning episodes to respond to a
single question asking what they were doing on the assignment. All
participants’ interactions with Canvas, as well as their self-reported
responses, were timestamped and logged. At the end of the study,
the participants were asked to fill out a survey about self-regulation
aspects of their metacognition.

2.4

Participants

We recruited 38 out of 66 (58%) students to participate in our study
(54% female, 44% male, and 2% undisclosed). Two consecutive assignments, Assignment 2 and 3, were chosen to collect participants’
self-reported behaviors. The assignment tasks were different, but
all assignments targeted to develop students’ problem-solving skills.
To minimize the learning effect, which could potentially influence
students’ clickstream trace, the students became familiar with the
assignment structure in Assignment 1, which followed the same
design as Assignments 2 and 3. Assignment 2 was available to students between weeks 3-5 and Assignment 3 between weeks 6-8 of a
13-week term. 21 out of 38 students self-reported their computing
proficiency as meeting expectations for the course materials, 13
below expectations, and 4 exceeded expectations. After six students
dropped the course between Assignments 2 and 3, we collected
data for Assignment 3 from a total of 32 students.

2.5

Collecting Real-Time Self-Reported
Behaviors

Self-reported questionnaires are a form of measure that is easy to
collect, however, there are two main concerns regarding students’
self-reported measures. First, self-regulated learning is considered
to be a context-dependent process [41], and it may vary both across
and within learning tasks and contexts. The second concern is the
question of whether students can self-report their metacognitive
behaviors, because of students’ imperfect memory, inclination to
provide socially desirable answers, or lack of awareness or control
of their metacognition [32]. Due to these concerns, researchers have
increasingly advocated the use of other forms of measures such as
a multi-method approach by incorporating short micro-analytic
questionnaires at various points during learning episodes [9].
To address the above concerns, we developed an embedded popup survey tool in the LMS (Canvas). The students were prompted
to answer a question (see Figure 3). The prompt (orange box) appeared at the beginning of a student’s interaction with any of the
assignment pages; the question was asked again every 20 minutes
after the student’s last answer, as long as the student kept any of
the assignment pages open in any of the browser tabs. This schedule was designed based on our findings in Section 2.2. The pop-up
did not block the rest of the page. This design was intentional to
avoid rushing students to respond. If a student did not react to the
prompt, a pop-up alert was issued every 5 minutes. The question
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1 The "Organizer" refers to the assignment front page with links to other sections of the assignment instructions.

Figure 2: The indicators of SRL phases in the context of assignment in the LMS
was multiple-choice (Figure 3, cutout); each choice was designed
to describe one of the self-regulatory phases that a student may
engage in. The participants were able to choose among the choices
or describe their activity. The question asked what they were doing on the assignment at that moment. One choice described: task
definition ("I determine exactly what the assignment requirements
are"), planning ("I plan how to do the assignment"), enactment ("I
am working on the assignment"), and two choices described: adapting ("I identify the remaining tasks to complete the assignment", "I
evaluate how far I have progressed in completing the assignment").

2.6

Survey Study

In addition to collecting students’ real-time self-reports in Canvas
while working on the assignment, we also asked participants to
fill out a survey at the end of the study about their self-regulatory
behaviors using the self-efficacy and metacognitive self-regulation
items of the well-established MSLQ instrument [28, 29]. Among
the variety of motivational beliefs involved in self-regulation, selfefficacy has been emphasized [7] since it influences students’ goal
setting and commitment to those goals, decision making to reach
those goals, and their persistence [4]. 32 participants that completed the study filled out the questionnaire. The responses were
recorded on a 7-point Likert scale, from 1 (not at all true of me)
to 7 (very true of me). The scores for two MSLQ sub-scales, i.e.
self-efficacy and self-regulation, were used to create a measure of
students’ self-regulatory engagement level. Then, agglomerative hierarchical clustering applied to two features identified three groups

of students in terms of their self-regulatory engagement levels, i.e.
high, moderate, and low self-regulated learners.
Figure 4 shows three clusters of students generated from their
responses to the survey. The size of the clusters was reasonably even.
High self-regulating students reported that they have a high level
of self-efficacy, and they more frequently regulated their learning
process (cluster 1, n = 12). The students with moderate (cluster 2, n
= 11) and low (cluster 3, n = 9) levels of self-regulatory engagement
reported similar self-regulation levels but differed in their selfefficacy level.

3

DATA ANALYSIS

The students’ interactions with the Canvas assignment pages (i.e.
Overview, General Guideline, Detail Specification, Resources, Marking
Scheme, Submission Instructions) and related handout files, worked
examples, and discussion forum were collected over two weeks as
the students worked on each assignment. These streams of click
events were segmented into sessions for every student. The cutoff
for a session was defined to be 20 minutes, after which subsequent
events were considered to be within the next session.
During the classification, we developed an automated system
to identify self-regulatory indicators and classify each student’s
sessions with one of the self-regulatory phases, i.e. task definition,
planning, enactment, and adapting, which we called observed SRL
tags. If one or more indicators were found in the session, we applied
the macro-ordering of the SRL phases to determine the SRL tag. The
list of these indicators is shown in Figure 2. For example, if a student
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Figure 3: The view of the prompt (orange box) embedded in Canvas and the pop-up question
clicks on (General Guidelines, Overview, Worked Example, Detail
Specification) in one session, this session is labeled by enactment
tag, since it has one of the indicators representing enactment phase
which is (Worked Example, Detail Specification).
The timestamped self-reported responses were categorized into
associated self-regulatory phases, which we called self-reported
SRL tags. Next, the self-reported and observed SRL tags were
merged. The observed SRL tags from Canvas logs were paired with
self-reported SRL tags based on the timestamp proximity (nearest neighbor search). Since students were able to stay on Canvas
course pages as long as they desired (Canvas did not have a timeout feature set) and our tool would continue prompting students
every 20 minutes to answer the question, we had a larger number
of self-reported SRL tags; hence we paired the self-reported SRL
tag with the observed SRL tags with the closest timestamp.
Finally, to address RQ3, we examined the extent to which selfreported and observed SRL tags converged. In this study, two different assignments were analyzed. We calculated weighted Cohen’s
kappa [10, 33] for each assignment separately to measure corrected
for chance agreement between self-reported and observed SRL tags.
When calculating kappa, only the perfect classification would count
toward an agreement. However, in the weighted kappa statistic, the
most weight is given to perfect agreement with less weight given
to cells with near-perfect agreement (partial agreement). Because
self-regulated learning is a loose cycle of phases that learners engaged in, the weighted kappa provides a better measure of these
partial agreements. For instance, the manifestation of task definition and planning phases are relatively similar in the LMS. It
requires detecting the context surrounding student activities to

distinguish one from another, and this information is not always
available in the LMS, considering the necessarily content-agnostic
nature of this learning environment. Moreover, students may not
have full awareness or effective control of their metacognition. If a
student reported their current behavior as defining a task and our
system classified their behavior as a representation of a planning
phase, these two classifications would count as a disagreement for
the kappa statistic but would count as a partial agreement in the
weighted kappa statistic. We calculated and compared both measures in our analyses. Further, we examined the specific sessions
which received partial agreement (near perfect agreement) between
two classifiers, considering the level of students’ self-regulatory
engagement measure from the survey study. We discuss the results
in the next section.

4 RESULTS
4.1 Comparing Classifications in Assignment 2
The total number of 243 sessions in Assignment 2 was identified
for 38 students. For each session, the participants reported what
they were doing on the assignment (self-reported SRL tags) and our
classifier labeled that session based on the detected indicators of
SRL phases in the log data (observed SRL tags). The results of classifications in Assignment 2 are shown in Table 1, where the values
are reported in terms of frequencies and percentages (e.g., the value
of the first cell Task Definition indicates that 37 out of 243 sessions
were classified as the students were in task definition phase). The
marginal row totals indicate the percentage of observed SRL tags
by our behavioral classifier. Similarly, the column totals indicate the
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enactment and our classifier categorized these same sessions as
adapting.

4.2

Figure 4: Participants’ self-regulatory groups based on survey study

number of self-reported SRL tags by students. In Assignment 2, the
students self-reported 19% of total sessions as task definition phase,
and our system placed 22% of the sessions in that phase. Similarly,
the students reported 17% of total sessions as planning and the
system classified 20% in this phase. The students reported 37% as
enactment and 27% as adapting, whereas the system labeled 18%
as enactment and 40% as adapting. The diagonal values of Table 1
represent classifications on which the two SRL tags agreed exactly,
which indicates that perfect agreement was reached on 61% of the
sessions. However, the chance-corrected agreement is moderate (𝜅
= .48). Since the largest confusion is between classifying enactment
and adapting phases, and these two phases are adjacent in the SRL
cycle, we calculated the quadratic weighted Cohen’s kappa to account for partial agreement (e.g. enactment and adapting) between
these two sets of tags. The result showed substantial agreement
[21] between self-reported SRL tags and observed SRL tags (𝜅 =
.74).
4.1.1 Examining partial agreements on session classification. Since
survey data was not complete for all students in Assignment 2, we
identified a total of 224 sessions for 32 students. As noted above, the
largest percentage of confusion in Table 1 was when the students
reported enactment while the automated classifier categorized those
sessions as adapting phase. Another noticeable confusion was when
the students reported enactment and our classifier labeled them as
planning. We examined how differences in students’ self-regulatory
engagement levels influenced these discrepancies. We examined
85 sessions that were reported as enactment by students. The total
number of sessions was different from what is shown in Table 1 due
to the reduced number of students who participated in the survey
study at the end of the study. As shown in Table 2, all three groups of
students (high, moderate, and low self-regulatory learners) reached
a perfect agreement with the automated classifier on enactment
almost equally. The highest number of discrepancies (17 out of
85) belongs to the high self-regulated group when they reported

Comparing Classifications in Assignment 3

We recorded the total number of 187 sessions in Assignment 3 from
32 participants. The results are shown in Table 3. Perfect agreement between observed and self-reported SRL tags was found in
59% of sessions. The chance-corrected agreement was moderate
(𝜅 = .43). The students reported 22% as task definition phase, and
10% as planning phase. On the contrary, our classifier categorized
14% of total sessions as task definition and 22% as planning. The
participants reported enactment and adapting in 44% and 24% of
sessions, respectively. Our system placed 33% of the sessions in
enactment and 30% in adapting phase. Similarly, we calculated quadratic weighted Cohen’s kappa coefficient to account for partial
agreement, since again the highest percentage of confusion was
between planning, enactment and adapting, enactment, which are
adjacent phases in the SRL cycle. The self-reported and observed
SRL classifications reached partial agreement, which was verified
by weighted Cohen’s kappa (𝜅 = .68).
4.2.1 Examining partial agreements on session classification. We
examined further the sessions having high non-identical tags. Similar to Assignment 2, the highest disagreement belongs to sessions
classified as adapting whereas the students reported them as enactment phase. In addition, there are sessions which were categorized
as planning by the automated classifier while the students equally
reported them as either task definition or enactment. Table 4 shows
how three groups of self-regulated learners reported these sessions
as enactment whereas these same sessions were classified mostly as
either adapting or planning by our classifier. Similar to Assignment
2, the high self-regulated learners had the highest level of disagreement with the automated classifier (14 out of 83) comparing to their
peers.
Given relatively equal distributions of disagreement among three
self-regulatory groups in two assignments, as shown in Tables 2 &
4, we examined whether there is an association between students’
reporting of enactment and the observed tags of the sessions in two
assignments. The association was not significant (𝜒 2 = 11.48, p =
.07).

5

DISCUSSION

The present study contributes to research on modeling students’
self-regulated learning in an open-ended learning environment
(LMS). We created visible markers of student learning progress at
different points in time in the LMS by utilizing instructional design, which can be reproduced in various courses and disciplines in
Canvas. We adopted a theoretically-based and empirically-derived
approach to collecting and modeling multi-channel data to extend
the current SRL frameworks. Focusing on an open-ended technology (LMS), which is used widely across higher education, we framed
our study around three research questions to develop indicators of
self-regulatory phases in the context of the problem-solving task.
Regarding the first research question, we developed proximal
indicators of self-regulated learning phases using trace data (LMS
logs) of students’ interactions with the LMS while working on the

LAK21, April 12–16, 2021, Irvine, CA, USA

Salehian Kia et al.

Table 1: Observed SRL tags vs. students’ self-reported SRL tags for Assignment 2

Observed SRL Tag
Task Definition
Planning
Enactment
Adapting
Total

Observed SRL Tag
Task Definition
Planning
Enactment
Adapting

Students’ Self-Reported SRL Tag
Task Definition Planning Enactment Adapting
37 (15%)
4 (2%)
2 (1%)
3 (1%)
46 (19%)

10 (4%)
24 (10%)
3 (1%)
4 (2%)
41 (17%)

Students’ SRL level
High
Moderate
Low
2 (6%)
1 (4%)
1 (4%)
7 (19%)
3 (13%)
7 (27%)
10 (28%) 11 (48%) 10 (38%)
17 (47%)
8 (35%)
8 (31%)

Table 2: The observed tags which were reported as enactment
among three levels of SRL groups (Assignment 2)

assigned tasks. We addressed three major challenges to detect selfregulatory phases in LMS logs. First was identifying the underlying
patterns of self-regulatory phases to develop the proximal indicators from log data. We adopted a theoretically-based approach
to develop these indicators from a sample of authentic LMS logs.
Second, creating the representations of the theoretical assumptions
from trace data was challenging. For instance, to do a download of
worked example and revisit of assignment instructions represented
an enactment phase in the process of a problem-solving task. We
used multi-channel data as a source of ground truth for behavior
detection. Another challenge was the granularity level at which
self-regulatory phases should be detected. We proposed to create a
macro-level sequence or what we called "a sequence of sessions"
to account for the underlying temporality of the self-regulated
learning process.
Concerning the second research question, we developed a prompting tool, embedded in the LMS assignment pages, to collect students’
real-time self-report behaviors in terms of four self-regulatory
phases. The prompting schedule was designed based on the granularity level at which the indicators of self-regulatory phases are
found in the log data. We conducted a quasi-experiment to collect
real-time self-reports in two consecutive assignments. The main
challenge in this phase of the study was the temporal alignment
of multi-channel SRL data based on different sampling rates. The
number of times that students reported their behaviors was more
frequent than the logs’ sessions because LMS (Canvas) only stored
click events initializing the opening of the pages. However, students
could stay in the assignment pages longer than the session cutoff
and be asked to report their behaviors again. We aligned these
two data sets using their closest timestamps. The timestamps were
not always exactly aligned. We set the threshold of 20 minutes of
absolute difference between the timestamps of self-reported tags
and corresponding observed tags (M = 4m 05s, SD = 3m 40s). Our
findings indicate that, in particular, the self-reported SRL tags of enactment phase did not converge with their corresponding observed

5 (2%)
20 (8%)
32 (13%)
34 (14%)
91 (37%)

1 (0%)
1 (0%)
7 (3%)
56 (23%)
65 (27%)

Total
53 (22%)
49 (20%)
44 (18%)
97 (40%)
243 (100%)

SRL tags in ~20% of the sessions. Research [11] also supported our
findings that students may evaluate different sub-components of
the factors when they compare multiple measures of metacognition (e.g. planning and monitoring correlated to evaluation and
reflection). Furthermore, we were concerned with not overburdening students with the number of times they should report their
behaviors, so we used a single item survey. A few students used the
"Other" option frequently and wrote their responses. Some of the
answers detailed what they were doing on the assignment (e.g. "I’m
really stuck- I can’t complete Sketch 3, go to bed."). The willingness
to provide additional information made us consider revising the
survey in future studies to collect more information about how
students exercise self-regulated learning.
Finally, to address the third research question about the extent to
which behavioral indicators converge with self-report SRL phases,
we computed Cohen’s kappa statistic on the 243 sessions in the
second assignment and 187 sessions in the third assignment. The
results shown in Tables 1 & 3 indicate substantial agreement if
the most weight is given to perfect agreement (dark gray) with
less weight given to cells with near-perfect agreement (light gray).
Specifically, self-report and automated classifier did not exactly
agree on enactment and adapting phases. In the second assignment,
the students reported 14% of the sessions as enactment, which were
labeled as adapting by the automated classifier. The disagreement
was fairly similar in the third assignment. The students reported
11% of sessions as enactment, which were classified as its adjacent
phase adapting. We investigated these sessions further, to assess
which students reported enactment while our classifier categorized
these same sessions as either planning or adapting phases. The high
self-regulated students tended to disagree with the behavioral classifier more than other groups on adapting (31 out of 168 sessions
collectively). They reported these sessions as enactment. The results were not consistent for those sessions, which were classified as
planning. In particular, there is not a significant association among
students with different levels of self-regulation and the observed
SRL tags of those sessions reported as enactment phase. The results
suggest that our indicators are comparably successful at classifying
SRL phases for different self-regulatory engagement levels. Next,
we examined which indicators led to partial agreements of these
sessions. The indicator (Organizer, Overview, General Guideline,
Detail Specification), is a common representation of planning and
enactment phases. In addition, the indicator (Organizer, Detail Specification) is shared by enactment and adapting phases. In these
cases, the macro-level sequence, i.e. prior session classification, was
a deterministic factor to identify the observed SRL tag. For instance,
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Table 3: Observed SRL tags vs. students’ self-reported SRL tags for Assignment 3

Observed SRL Tag
Task Definition
Planning
Enactment
Adapting
Total

Observed SRL Tag
Task Definition
Planning
Enactment
Adapting

Students’ self-reported SRL Tag
Task Definition Planning Enactment Adapting
19 (10%)
14 (7.5%)
6 (3%)
2 (1%)
41 (22%)

Students’ SRL level
High
Moderate
Low
0 (0%)
0 (0%)
4 (12%)
4 (12%)
4 (23%)
6 (18%)
15 (47%) 11 (65%) 18 (55%)
14 (41%)
2 (12%)
5 (16%)

Table 4: The observed tags which were reported as enactment
among three levels of SRL groups (Assignment 3)

if there is an indicator of (Organizer, Detail Specification) within
a session and its prior session is enactment, then the session is
classified as adapting phase. However, our results suggest that distinguishing planning and adapting phases from an adjacent phase,
such as enactment, requires more information.
Overall, our study showed that the instructional design of learning activity in the LMS could support learning analytics to uncover
the context of students’ learning behaviors, such as their progress
through the SRL phases. We have developed SRL indicators from
the students’ log data while interacting with the LMS in the context
of the problem-solving process. We examined how the indicators,
after being applied them to the students’ clickstream in the next
offering of the same course with two different activities, aligned
with students’ self-reported behaviors. Relatively high weighted
Cohen’s kappa agreements indicated the robustness of indicators
in detecting student SRL phases in computer programming tasks
of similar scope. The similar results from two subsequent assignments suggest that the indicators are, to some extent, resilient to
the learning effect where students may use specific information
more than others (e.g. Detail Specification section of instructions).
Furthermore, our study addressed some of the important challenges
in modeling SRL. In particular, in open-ended technologies like an
LMS, in which students also engage in learning activities within the
intervals between events observed in the learning environment (socalled censored observations), the triangulation of different sources
of students’ data benefits not only the cultivation of data-driven
decision-making but also our understanding of how they perceive
their own learning experience outside of the content provided by
instructors.
A further critical aspect of detecting SRL behaviors concerns
measuring the qualities of students’ SRL. In this particular study,
we strived to create representations of SRL phases and examine
whether they matched with what students reported. As SRL is a
complex metacognitive process, it is not directly observable. Thus,
measuring the qualities of self-regulated learning in each phase

3 (2%)
13 (7%)
3 (2%)
0 (0%)
19 (10%)

4 (2%)
14 (7.5%)
44 (24%)
21 (11%)
83 (44%)

1 (.5%)
0 (0%)
9 (5%)
34 (18%)
44 (24%)

Total
27 (14%)
41 (22%)
62 (33%)
57 (30%)
187 (100%)

is difficult to capture at scale in online learning environments,
but it could significantly improve practice and consequently help
learners to learn more effectively. Winne [41] stated that each time
learners engage in SRL process, they potentially do an experiment
by gathering and analyzing data about why their approaches to
learning are more or less successful. He recommended educators
and instructional designers offer heuristics for practices instead of
providing what-to-do instructions. If we move forward to learning
design approach that promotes the learner being in charge, we may
have richer trace data that help further to measure the qualities of
students’ engaging in SRL phases.

5.1

Study Limitations and Future Directions

The present work is the first empirical study to examine our framework for identifying self-regulatory phases in an LMS. One limitation was that Canvas log tracing capacity did not record how
long students stayed on an individual page. Thus click event logs
resulted in a loss of part of our self-reported data in the process of
merging with Canvas log data. Consequently, some self-reported
tags were aligned with the same observed SRL tags that had the
closest timestamps. This may cause a partial disagreement between
self-reported and observed tags found in this study. Finally, as with
all studies where participation is voluntary, the results may be
influenced by the self-selection of participants.
Our immediate next steps are already in progress. Following the
recent work by [25], we developed a plug-in to log duration-based
events in Canvas. This means we can track which Canvas page students attend and for how long. These duration-based log data will
allow us to have a more precise alignment between self-reported
and observed SRL tags. We follow a similar research protocol and
apply our framework to more diverse learning activities across university courses. Our assignment design template has already been
used in other courses that targeted different cognitive skills such
as critical thinking. In the current semester, we follow a similar
approach to collecting students’ real-time self-reported behaviors,
and their trace data involving 350 students in 2 large undergraduate
courses. We intend to improve our framework robustness, in particular, to differentiate adjacent phases of enactment and adapting.
From the outset, we have designed the assignment template with
a vision to expand on our campus. Given the extensive penetration
of Canvas in the LMS marketplace, such modification could have a
significant impact. As current empirical research [1] on learning
indicate that undergraduate students have difficulty learning about
problem-solving, reasoning, and more complex topics in STEM
areas and shows that metacognitive skills are teachable [26], this
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framework of self-regulatory phases may have the potential to
provide real-time adaptive scaffolding and/or feedback for students
at scale with different self-regulatory needs.
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