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Abstract—Self-regulated learning theories are used to understand the reasons for different levels of university student academic

performance. Similarly, learning analytics research proposes the combination of detailed data traces derived from technology-

mediated tasks with a variety of algorithms to predict student academic performance. The former approach is designed to provide

meaningful pedagogical guidance, while the latter is designed to identify event patterns and relations that can be translated into

actionable remediation. The benefits of both approaches have motivated this study to investigate if a combination of the self-report data

and data arising from an observation of the engagement of students with online learning events offers a deeper understanding and

explanation of why some students achieve relatively higher levels of academic performance. In this paper we explore how to combine

data about self-regulated learning skills with observable measures of online activity in a blended learning course to increase predictive

capabilities of student academic performance for the purposes of informing teaching and task design. A case study in a course with 145

students showed that the variation of the students’ final score for their course is better explained when factors from both approaches

are considered. The results point to the potential of adopting a combined use of self-report and observed data to gain a more

comprehensive understanding of successful university student learning.

Index Terms—Education, computer-assisted instruction, learning management systems, personalized e-learning

Ç

1 INTRODUCTION

FOR over a decade, higher education has experienced a
rapid development through integration of Internet and

Web-based technologies as part of the student learning
experience. This change has resulted in the widespread
adoption of blended learning contexts. Advances in
research have redefined the boundaries of online learn-
ing, recognizing it as an ecological phenomenon which is
made up of a number of interrelated aspects involving
students, teachers, technologies and physical and virtual
space [1].

Learning in a blended environment requires students to
engage in not only cognitive processes, (e.g., adopting
appropriate learning strategies and activating prior knowl-
edge), but also metacognitive processes (e.g., self-regulated
strategies), motivational processes (e.g., self-efficacy and
intrinsic motivation), and affective processes (e.g., anxiety
and joy) [2], [3], [4], [5], [6], [7], [8]. To account for the

diversity of factors which affect quality of blended learning,
self-regulated learning (henceforth SRL) theories in educa-
tional research offer a way into understanding why some
groups of students are more successful than others.

The disciplines of Learning Analytics and Educational
Data Mining present two distinct research paradigms. They
seek to improve quality of online and blended learning by
collecting massive data sets (i.e., big data) about students’
learning processes through a wide range of conventional
learning management platforms, such as Moodle and Black-
board, or through customer designed virtual appliances.
Using complex algorithms, the numbers derived from the
digital footprints of students reflect how students engage
with a variety of online learning activities to provide
insights to help understand and improve students’ learning
experience [9]. However, big data analysis from a purely
technological perspective has its own limitations, which
reduces the potential of its significance [10]. Without a
proper educational theoretical framework, results produced
by algorithms can be difficult to translate into meaningful
pedagogical guidance. Analogously, generic guidelines
about effective pedagogical strategies still require to be con-
textualized with as much information as possible from the
learning environment. The complex interactions between
different factors in a learning environments requires a holis-
tic approach in which the data captured from student inter-
actions is combined with a theoretical underpinning to
enhance its reliability. In this paper we report a case study
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that investigates the complex relationship between several
variables reflecting self-regulated learning features, a set of
indicators of student engagement with online learning
events, and their academic performance. The results clearly
show the benefits of this type of combined analysis. The fac-
tors based on self-regulated learning features and the events
in a blended learning environment offer a statistically better
prediction of academic performance when they are com-
bined. This result provides robust evidence of the advan-
tages of combining self-reported and observed data sources
to gain more precise insight of the learning experience lead-
ing to more effective overall improvements.

The rest of the paper is organized as follows. Section 2
describes the related work in the areas of self-regulated
learning and learning analytics. Section 3 describes the
experimental method used, the context, and the instruments
for data collection. The results of the study are described in
Section 4 and discussed in Section 5. A set of conclusions
and avenues for future research are presented in Section 6.

2 RELATED WORK

2.1 Self-Regulated Learning

SRL is defined as the extent to which students are motiva-
tionally, metacognitively, and cognitively engaged in their
learning processes [11]. Despite the fact that there are multi-
ple camps in SRL placing emphases on different elements in
the theoretical frameworks, e.g., [12], [13], all the theoretical
models in SRL share the following four common underlying
assumptions [14]. First, students are seen to play an active
role to construct meaning from their prior knowledge and
the context of their learning. Second, students have the
potential to monitor and regulate their own cognition and
motivation. Furthermore, students have abilities to modify
their cognition and motivation to achieve the goals they set
in learning. Lastly, SRL is shaped by an interaction between
the learning context and students own characteristics.

Despite the basic assumptions shared by theoretical mod-
els of SRL, each model has their distinct features. Somemod-
els conceive SRL as an event-based phenomenon, e.g., [2],
[3], whereas others view SRL as a progression throughmeta-
cognitive monitoring and control [15], [16]. Winne [15] and
Winne and Hadwin [17] model adopts an information proc-
essing perspective, whereas the model proposed by McCas-
lin andHickey [18] starts from a sociocultural standpoint.

The study described in this paper adopts Pintrich’s
social-cognitive view of SRL where students’ motivational,
affective, and cognitive processes are jointly shaped by their
perception of external environment (i.e., the face-to-face
and online learning environment, and task characteristics)
and internal environment (i.e., students’ state of mind),
which may either facilitate or hamper their SRL, and in turn
affect their learning outcomes [14], [19], [20]. The question-
naire answered by the students contained questions about
these two aspects. To obtain a more comprehensive picture
of how SRL influence students’ learning outcomes in a
blended learning context, we investigated the complex rela-
tionship between a set of SRL variables including self-effi-
cacy and intrinsic motivation, test anxiety, use of self-
regulated learning strategies, and engagement with online
learning events, with levels of academic performance.

In recent years, SRL has been used more widely than
before to investigate students’ learning in computer-based
learning (CBL) and hypermedia learning in higher educa-
tion [21]. These studies have focused on how learner charac-
teristics relate to students’ SRL in the CBL e.g., [13], [22],
[23]; characteristics of hypermedia learning tasks [24], [25];
and how various learning support can enhance students’
SRL, e.g., [26], [27], [28], [29], [30].

As the presented study is concerned with learner charac-
teristics in SRL, we review empirical studies in this area. In
general, past research has shown that learner characteristics,
such as prior knowledge, ability, motivation, and self-regu-
lated strategy use, affect students SRL processes and learn-
ing outcomes in CBL. To be more specific, students with
more prior knowledge tended to plan and monitor their
learning more often than students with less prior knowl-
edge, e.g., [27]. Students who obtained a higher achieve-
ment were more likely to use appropriate and active
learning strategies, such as summarizing and making infer-
ences compared to their counterpart with a lower achieve-
ment, e.g., [22]. Students’ motivational beliefs in SRL, such
as self-efficacy and goal orientation, were found to be
related to academic success in CBL and hypermedia learn-
ing. For instance, Joo, Bong and Choi [31] reported that
students’ self-efficacy for SRL was not only positively
related to efficacy in academic learning, efficacy in using
internet, and self-reported strategy use in web-based learn-
ing but also predicted academic performance. Students
with higher-level of learner control were more likely to gain
more in learning than students with lower level of learner
control [32]. One of the limitations of past studies is that
they often focused only on the metacognitive aspect of SRL
“but has paid little attention to motivation and self-reactions, the
more social cognitive aspects of SRL”, failing to “capture SRL in
its entirety” [21, p. 441]. In this study we attempted to inves-
tigate the combination of a number of SRL variables, namely
self-efficacy, intrinsic motivation, test anxiety, and the use of
self-regulated learning strategies.

2.2 Use of Learning Analytics in Higher Education

The collection of data from technology-mediated activities
to create predictive models of user behavior has been used
with increasing frequency in areas such as marketing, finan-
cial markets, sports, health, etc. In recent years, postsecond-
ary educational institutions started to use the data captured
in their technology-mediated activities and apply data min-
ing algorithms to better understand students’ learning pro-
cesses. The early initiatives explored how to translate
conventional business intelligence techniques to postsec-
ondary institutions [33]. The first problem they addressed at
the level of institutions was student retention [34] and the
area was initially called academic analytics. Over time the
data collected about students was used within institutions
to gain a deeper insight on learning processes and improve
the overall quality of the student learning experience at the
level of degree programs and even individual courses. In
this context the areas of educational data mining and learning
analytics emerged [9], [35]. The data collected from learning
environments is now being used for a wide variety of sup-
port mechanisms. For example, Arnold, Hall, Street, Lafay-
ette and Pistilli [36] used data to derive a traffic-light
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indicating the risk of students failing a course. Similar initia-
tives are included in the systems known as Early Warning
Systems [37], [38]. Dashboards containing data visualiza-
tions are provided to students and instructors to help them
reflect on their learning [39], [40], [41], and some authors
propose the use of data to improve learning design [42].
Other applications of learning analytics techniques rely on
data to provide academic advising [43], but the vast major-
ity focus on predicting academic performance at various
levels, e.g., [44], [45], [46], [47].

But the use of data collected from technology mediated
interactions and its use in algorithms is often insufficient to
gain a comprehensive vision of a learning experience.
Suthers and Vebert [48] proposed the need for a multivocal
approach to combine the contributions of research areas
such as education, learning sciences and computer science,
to inform and guide educational design and learning.
Pardo, Ellis and Calvo [49] presented some preliminary
work on how the combination of self-reported and observed
data could be combined, whose outcomes warranted fur-
ther investigation and in part motivated this study. The
study compared the insight extracted using only self-
reported information, or only observational data and
showed their differences.

The study described here examines the interrelationships
amongst self-regulated learning, students’ interaction with
online learning events, and students’ academic performance
in a first year engineering course. A detail statistical analysis
is provided to ascertain the effect of combining these data
sources. The study was guided by the following research
questions:

1. What is the relationship between self-efficacy, intrin-
sic motivation, test anxiety, self-regulated learning
strategy (henceforth SRL variables), engagement
with online learning events (henceforth observed
variables), and academic performance?

2. To what extent do SRL and observed variables con-
tribute to our understanding of variation in students’
academic performance?

3 METHOD

3.1 Participants

The participants of the study were 145 first year undergrad-
uate students, who majored in a four year Bachelor of Engi-
neering degree in a large research-intensive university in
an Australian metropolitan area. Among the 145 students,
74.5 percent were female, and 24.8 percent were male.

3.2 The Context of Research

The research was conducted in the 13-week course
“Introduction to Computer Systems” that is compulsory for
first year engineering students. The four major learning out-
comes of the course are: 1) students should be able to design,
build, configure, program, and test an electronic system for a
specific engineering problem through observing common
professional practice; 2) students should understand theoreti-
cal knowledge of how computers work from the digital logic
level to basic programming constructs; 3) students should be
equipped with abilities to draft reports about the design

process; and 4) students will have hands-on experience in
team-based design work and creative tasks in order to solve
an engineering problem. The course also aimed at nurturing
students’ personal and intellectual autonomy, and an in-
depth appreciation of ethical and professional issues.

The design of the course represents a typical blended learn-
ing experience in tertiary education. It consisted of compul-
sory face-to-face learning experiences and of a significant
amount of online learning tasks. The face-to-face component
involved a weekly two-hour lecture, a weekly two-hour tuto-
rial, and a weekly three-hour laboratory session, whereas the
online component was hosted in a custom-designed learning
management system capable ofmonitor and recording a com-
prehensive set of interactionswith the available resources. All
the course resources were available through the online plat-
form. Students were required to complete the online tasks in
their own learning time. The online tasks were scheduled to
prepare the face-to-face plenary sessions and tutorials. The
lecture preparation activities required students to view sev-
eral videos per week, read course notes, answer multiple-
choice questions, and solve a sequence of exercises. A 10 per-
cent final mark value together with a deadline to submit the
answer to the exerciseswas set before the start of the lecture to
encourage student engagement. The activities to prepare the
tutorial session required students to answer an additional set
of exercises before the beginning of the session and counted
an additional 10 percent towards the final course mark. The
weekly events captured by the learning management system
in the preparation activities were summarized in almost real
time andmade available to the students through a dashboard
showing their engagement and the average of the entire
cohort. The datawas reset at the start of eachweek. The rest of
assessments in the course included amultiple-choice question
midterm exam (20 percent), lab report and project design (20
percent), and a final exam (40 percent) with multiple-choice
and open questions.

3.3 Instruments

Three types of data sources were used for the study:

1. Students’ self-regulated learning variables, including
motivational, affective, and cognitive aspects, were
collected using a self-reported questionnaire.

2. Information about the interaction with the online
learning events through the learning management
system.

3. Academic performance as the final marks in the
course.

The following sections provide a more detailed descrip-
tion of each data source.

3.3.1 Motivated Strategies for Learning Questionnaire

The motivational beliefs, affect in learning, and the use of
self-regulated learning strategies by the students were col-
lected using a subset of theMotivated Strategies for Learning
Questionnaire, henceforth, MSLQ [19]. The original instru-
ment has 44 items to be answered using a seven-point Likert
scale answer. In our study we selected 31 items to focus in
four of the five scales in the questionnaire, namely: Self-effi-
cacy (9 items), Intrinsic value (9 items), Test anxiety (4 items),
and Self-regulation (9 items). The section of the instrument
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with questions about the use of cognitive strategy was
removed to focus on those features more directly related to
self-regulation. The scale about test anxiety was retained due
to the presence of two test-based components in the course
assessment (midterm and part of the final exam).

3.3.2 Student Engagement with Online Learning

Events

The engagement of students with the course resources was
captured through the digital footprints left in the learning
management system. The platform hosted all course notes,
task descriptions, questions, videos and additional docu-
ments in electronic format. Every interaction with these
resources was recorded with a time stamp and the user id.
For this study the following seven event categories were
considered:

1. Resource view (Resource). These events are recorded
whenever a student accesses any page of any docu-
ment in the system.

2. Collapse and expand a section of course notes (Col-
Exp). Electronic documents with sections appear
with their content collapsed or not visible, and are
expanded by clicking in the section title. These
events are recorded whenever any student collapses
or expands the content of any of these sections.

3. Video event (Video). These events are recorded
when a video is loaded within a page, the play but-
ton is pressed, the pause button is pressed or the end
of the video is reached. The four events are not
distinguished.

4. Video multiple-choice questions (VMCQ). These
events are recorded whenever students interact with
the multiple-choice questions next to the videos.
Three different events are recorded in this category:
question is answered correctly, question is answered
incorrectly, and the student requests to see the
answers (only possible after providing one answer).

5. Multiple-choice questions (MCQ). These events are
identical to those in the previous category but for the
questions in the course notes (not attached to the
video activities). Both type of questions were forma-
tive (no impact in the course score).

6. Exercise sequences (Exercise). These events are
recorded when the students answer any of the exer-
cises in the sequences to prepare the lecture and
tutorial sessions. The score of this sequence is part of
the summative assessment. These exercises require
the student to understand some stimulus content,
engage in reasoning in a small case-study type exam-
ple, and then select the correct answer.

7. Dashboard views (Dboard). This event is recorded
every time a student reviews the levels of their
weekly engagement on the dashboard.

The system recorded the events occurring during the 13
weeks of the semester. The accumulated event counts over
this period were used for the study. The descriptive statis-
tics of these seven variables for the students that partici-
pated in the study are presented in Table 1

The results show that the frequency of engagement with
the online learning events exhibits large differences among

them, but also between students. The mean (M) values
ranged from 31.10 for dashboard views to 2723.49 for the
number of sequence exercises answered. The high value of
this type of events is related with the fact that they were part
of the summative assessment. All event types also show
large standard deviations (SDs) implying a large dispersion
of values among individuals. To account for this disparity,
all the variables were standardized (Z-score) with a mean of
0 and a standard deviation of 1 for the data analysis.

3.4 Academic Performance

The final marks in the course were used as the measure of
academic performance. The values in this variable were in
the range 20 to 98.50 (out of 100), with a mean value of 65.50,
and a standard deviation of 16.12. The pass mark for the
course is set to 50, which means the average score is above
the passmark, but with a wide spread in the values. This sce-
nario is fairly common in first-year university courses.

The final mark was computed as the accumulated sum of
six assessments. The sequence of exercises to prepare each
lecture had a weight of 1 percent over a period of 10 weeks
for a total of 10 percent. The sequence of exercises to pre-
pare the tutorial sessions had the same policy and
accounted for another 10 percent. A written laboratory
report documenting one of the laboratory sessions
accounted for 5 percent. Students had access to the grading
rubric for the report and were allowed to make multiple
submissions (each of them graded) over a period of four
weeks. A design project requiring the design of a computer
system, programming, a written report describing its struc-
ture, a presentation and a demonstration accounted for 15
percent of the course mark. The scores of the midterm and
the final exams contributed to 20 percent and 40 percent
respectively. To facilitate interpretation of the results, the
total mark was also transformed into a Z-score with a
median of 0 and a standard deviation of 1.

3.5 Data Collection Procedure

Data collection followed the ethical procedures stipulated in
the Human Ethics Committee of the University where the
data was collected. Students were informed that participat-
ing in the study was completely voluntary and their written
consent was obtained to use their answers to the question-
naire, their final marks, and their digital footprint in the
Learning Management System.

TABLE 1
Descriptive Statistics of Engagement with

Online Learning Events

Variables Min Max Mean SD

Dboard 0 233 31.10 41.84
Col-Exp 59 1182 421.97 234.36
Resource 138 2492 818.07 443.00
Video 0 2890 338.59 395.48
MCQ 0 3054 233.01 300.50
VMCQ 0 5598 191.05 471.17
Exercise 353 9957 2723.49 1419.81

Note: Dboard ¼ Dashboard views, Col-Exp ¼ collapse and expand a section,
Resource: access to any document, Video: any event in a video, MCQ ¼ multi-
ple-choice questions, VMCQ ¼ multiple-choice questions embedded in videos,
Exercise: answer to exercise in sequence.
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3.6 Data Analysis

We used the following statistical methods to analyze the
data. First, we performed a series of Exploratory Factor Anal-
ysis (EFA) using Principal Component procedures followed
by Varimax rotation to examine the scale structure of the
answers the MSLQ. This method was used to identify which
items of the questionnaire were more relevant and how to
group them according to the similarity of the answers. To
determine the number of scales we reviewed a screen plot
and deleted those items with coefficients less than .40 within
a scale and those with high multiple coefficients loaded
across scales [50]. The scales with the highest interpretability
were retained [51]. To evaluate the internal consistency we
calculated the Cronbach’s alpha reliability analyses for each
resulting scale. The result of this step was a set of four scales
that grouped the items of the questionnaire.

To investigate the relationship between the scales in the
questionnaire, the interactions with online learning events,
and students’ academic performancewe adopted threemeth-
ods. The objective was to show the relationships both at the
level of variables and at the level of sub groups of students
within the population sample. The use of multiple methods
also contributes to the integrity of the whole analysis [52].
The methods selected were influenced by the presence of the
academic performance. Hierarchical clustering analysis was
chosen to identify which factors better distinguish the varia-
tion in academic performance. This technique calculates the
ideal number of clusters to maximize the differentiation and
the statistical descriptors characterizing each factor in the
cluster. Additionally, regression analysis was chosen to
explore the potential linear relationship between the numeri-
cal factors and the academic performance.

At the level of variable, we first used correlation analysis
to display the interrelationship between pairs of variables.
Principal Component Analysis was then used to explore the
relationship between the scales from the questionnaire, the
aggregated scores of frequency of all the engagement with
events, and the academic performance results. At the level
of student, we adopted a hierarchical cluster analysis using
the motivational and self-regulated variables, and students’
academic performance to identify subgroups of students to
maximize similar learning experiences within groups and
different learning experiences between groups. On the basis
of the cluster membership computed with this method, one-
way ANOVA analysis was performed to see whether stu-
dents in different clusters differ from each other on the
motivational, self-regulated, and academic performance.
Then one-way ANOVA analysis was also conducted to
examine whether students’ engagement with online learn-
ing events differed between groups.

To investigate how motivation, self-regulation, and enga-
gement with online learning events, contributed to the aca-
demic performance, we conducted a hierarchical multiple
regression analysis. The construction of the model is based
on the results from the bivariate correlation analyses so that
only variables that significantly correlated with academic
outcomes are considered. This method is especially adequate
when handling a large number of factors and the most rele-
vant ones need to be identified. Additionally, the model pro-
vides an indication of its quality which can be used to
compare different solutions and quantify this difference.

Two models were constructed using multiple regression
techniques. The first model included the academic perfor-
mance (dependent variable) and the self-regulated learning
variables from the questionnaires (independent variables)
[12], [53], [54]. The second model was constructed adding
the variables derived from the student engagement. In both
models the effect size was calculated using Cohen’s f2.
According to Cohen [55], a value of .02 is considered a small
effect, and a value of .15 and .35 are indicative of medium
and large effect respectively.

4 RESULTS

4.1 EFAs and Reliability of Scales

The results of EFA for the MSLQ are presented in Table 2.
Out of the initial 31 items in the questionnaire, 24 were
retained generating five scales, namely: self-efficacy (EF),
intrinsic motivation (IM), test anxiety (TA), positive self-
regulation (PS), and negative self-regulation (NS). The
remaining items were removed because the rotated factor
loading were below the value of 0.4. The Eigen-values of
the five scales were 3.88, 3.16, 2.80, 2.16, and 2.03 respec-
tively, and they accounted for 17.61, 14.28, 12.73, 9.84,
and 9.21 percent of the total variance. The reliability anal-
ysis showed that the five scales had Cronbach’s alpha of
.89, .85, .84, .68, and .72, indicating acceptable reliability
for all of them.

4.2 Correlation Analysis

The pairwise correlations among variables are displayed in
Table 3 (bold values denote statistically significant correla-
tion). These numbers are indicators of how similar are the
variations when considering pair-wise comparisons among
factors. Positive correlation means similarity in both magni-
tude and sign, whereas negative variationmeans similarity in
magnitude but with opposite sign (one factor varies at a simi-
lar rate than the negative of the other factor). As it can be
seen, self-efficacy (SE) is significantly and positively associ-
ated with intrinsic motivation (r ¼ :45; p < :01) and posi-
tive self-regulated strategy (r ¼ :48; p < :01). Additionally,
intrinsicmotivation is also significantly and positively related
to positive self-regulated strategy (r ¼ :35; p < :01), even
though the value was lower than those between self-efficacy
and positive self-regulated strategy.

On the other hand, self-efficacy was found to have nega-
tive correlation with anxiety (r ¼ �:18; p < :05) and nega-
tive self-regulated strategy (r ¼ �:22; p < :05), so was the
correlation between intrinsic motivation and negative self-
regulated strategy (r ¼ �:23; p < :05). The values of the
three negative correlations were small. In contrast, test anxi-
ety was positively and moderately associated with negative
self-regulated strategy (r ¼ :48; p < :01), but the correla-
tions of test anxiety with intrinsic motivation (r ¼ �:09;
p ¼ :30) and positive self-regulated learning were not sig-
nificant (r ¼ :02; p ¼ :77). We can also see that the correla-
tion between positive and negative self-regulated strategy
did not reach significance (r ¼ �:13; p ¼ :13). These
results point to relationships between the scales that have
been described in the research literature.

The relationship between qualitative variables and those
capturing the engagement with online learning events
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shows some interesting trends. Intrinsic motivation seems
to have almost no relation with online activities (except
with the use of video). However, positive self-regulation
shows significant correlation with most of the quantitative
variables. These results seem to suggest that students who
adopted a positive self-regulated strategy tended to interact
more frequently with online learning events. A different
pattern emerges when considering negative self-regulation
as no quantitative variable shows statistically significant
correlation. This seems to suggest a lack of connection
between negative self-regulation and engagement with
learning events. The last row in the table also highlights the
significant correlation of most of the quantitative variables
with academic performance. These relationships point to a
potential increase in the capacity of all the variables to
explain a larger variation of academic performance.

4.3 Cluster Analysis and One-Way ANOVA

A hierarchical cluster analysis using Ward’s method was

conducted using the students’ self-regulated learning varia-

bles (from MSLQ) and the academic performance. The aim

of this analysis is to explore the presence of subgroups of

learners that can be differentiated based on their self-regula-

tion and academic performance. Based on the increasing

value of the squared euclidean distance between clusters, a

two-cluster solution was obtained. Obtaining the clusters,

although relevant, it is not a satisfactory solution as it needs

to be shown if the factors under study show variation

among the clusters. On the basis of membership, a series of

ANOVA were performed to examine whether there were

significant differences of the mean for the self-regulation

variables. The ANOVA analysis was also extended to

TABLE 2
Results of EFA for MSLQ

Scales Description of items Rotated factor loadings

Self-efficacy (.89) Compared with other students in this class I expect
to do well.

.59

I’m certain I can understand the ideas taught in this
course.

.69

I expect to do very well in this class. .76
Compared with others in this class, I think I’m a
good student.

.65

I am sure I can do an excellent job on the problems
and tasks assigned for this class.

.79

I think I will receive a good grade in this class. .82
Compared with other students in this class I think I
know a great deal about the subject.

.66

I know that I will be able to learn the material for
this class.

.73

Intrinsic Motivation (.85) It is important for me to learn what is being taught
in this class.

.73

I think I will be able to use what I learn in this class
in other classes.

.69

I think that what I am learning in this class is useful
for me to know.

.81

I think that what we will learn in this class is inter-
esting.

.69

Understanding this subject is important to me. .85

Test Anxiety (.84) I am so nervous during a test that I cannot remem-
ber facts I have learned.

.72

I have an uneasy, upset feeling when I take a test. .85
I worry a great deal about tests. .81
When I take a test I think about how poorly I am
doing.

.74

Positive Self-regulated
strategy use (.68)

I ask myself questions to make sure I know the
material I have been studying.

.53

I work on practice exercises and answer end of
chapter questions even when I don’t have to.

.62

Even when study materials are dull and uninterest-
ing, I keep working until I finish.

.73

I work hard to get a good grade even when I don’t
like a class.

.71

Negative self-regulated
strategy use (.72)

When work is hard I either give up or study only
the easy parts.

.69

I often find that I have been reading for class but
don’t know what it is all about.

.75

I find that when the teacher is talking I think of other
things and don’t really listen to what is being said.

.67

Values less than .40 removed; KMO (Kaiser-Meyer-Olkin measure of sampling adequacy): .83.
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include the variables encoding the use of the online learning

events. The results are shown in Table 4.
The 145 students in the study were classified in two

groups: a group of 62 students denoted “High self-regulated
and high achieving”, and a group of 83 students denoted as
“Low self-regulated and low achieving” cluster. Based on
the groupmembership, we found that the two groups of stu-
dents differed significantly on all self-regulation variables as
well as academic performance with statistically significant
differences and effect sizes as reported by eta square values.

Students in the “High self-regulated and high achieving”
cluster had significantly higher ratings on self-efficacy
(M ¼ 0:55), intrinsic motivation (M ¼ 0:48), positive self-
regulated strategy use (M ¼ 0:64), and achieved signifi-
cantly better in the course (M ¼ 0:20) than “Low self-regu-
lated and low achieving” students. However, they tended
to feel less anxious about tests (M ¼ �0:28) and adopted
less of negative self-regulated strategy (M ¼ �0:60) than
those in the “Low self-regulated and low achieving” group.

In contrast, the “Low self-regulated and low achieving”
tended to have significantly lower ratings on self-efficacy
(M ¼ �0:41), intrinsic motivation (M ¼ �0:36), positive
self-regulated strategy use (M ¼ �0:48), higher ratings on
test anxiety (M ¼ 0:21) and negative self-regulated strategy
use (M ¼ 0:45), and tended to perform significantly poorly
(M ¼ �0:15) than their counterparts in the “High self-regu-
lated and high achieving” cluster.

In relation to engagement with online learning events bet-
ween the two clusters, we found statistically significant differ-
ences on three out of the seven event types: Dashboard views

F ð1; 144Þ ¼ 7:46; p < :05; h2 ¼ :05, multiple-choice questions

F ð1; 144Þ ¼ 4:15; p < :05; h2 ¼ :03, and solving exercise
sequences F ð1; 144Þ ¼ 12:58; p < :01; h2 ¼ :04. The two
groups of students did not show any significant difference
with respect to the events Col-Exp F ð1; 144Þ ¼ 0:62; p ¼ :43;

h2 ¼ :00, Resource F ð1; 144Þ ¼ 2:11; p ¼ :15; h2 ¼ :02, Video

F ð1; 144Þ ¼ 1:65; p ¼ :20; h2 ¼ :01, and MCQ embedded
in video activitiesF ð1; 144Þ ¼ 3:74; p ¼ :06; h2 ¼ :03.

TABLE 4
Result of One-Way ANOVA of the Student Clusters

Variables High self-regulated
and high achieving
(N ¼ 62) Mean (SD)

Low self-regulated
and low achieving
(N ¼ 83) Mean (SD)

F p h2

Self-regulated Learning

Self-efficacy 0.55 (0.80) �0.41 (0.94) 41.15 .00 .22
Test Anxiety �0.28 (1.02) 0.21 (0.94) 8.74 .00 .06
Intrinsic motivation 0.48 (0.79) �0.36 (0.99) 29.72 .00 .17
Positive self-regulated strategy use 0.64 (0.75) �0.48 (0.90) 63.46 .00 .31
Negative self-regulated strategy use �0.60 (0.71) 0.45 (0.94) 55.00 .00 .28

Engagement with online learning events

Dboard 0.26 (0.93) �0.19 (1.01) 7.46 .01 .05
Col-Exp 0.08 (0.98) �0.06 (1.00) 0.62 .43 .00
Resource 0.14 (1.06) �0.10 (0.95) 2.11 .15 .02
Video 0.12 (0.98) �0.09 (1.01) 1.65 .20 .01
MCQ 0.19 (1.35) �0.14 (0.60) 4.15 .04 .03
VMCQ 0.18 (1.49) �0.14 (0.26) 3.74 .06 .03
Exercise 0.22 (1.11) �0.16 (0.88) 5.41 .02 .04

Outcomes
Academic performance 0.20 (0.95) �0.15 (1.01) 4.54 .04 .03

TABLE 3
Correlation Analysis

Variables TA IM PS NS AP DB CE RE VI MC VM EX

SE �.18� .45�� .48�� �.22�� .10 .11 .02 .09 .09 .13 .12 .16
TA — �.09 .02 .48�� �.28�� .07 .06 .01 .07 .02 �.05 .04
IM — — .35�� �.23�� .01 .06 �.01 .02 .21� .10 .11 .14
PS — — — �.13 �.02 .18� .21� .23�� .14 .17� .06 .28��

NS — — — — �.20� �.03 .15 .10 �.03 �.01 �.11 .02
AP — — — — — .24�� .35�� .44�� .14 .28�� .14 .38��

DB — — — — — — .34�� .35�� .19� .41�� .35�� .50��

CE — — — — — — — .93�� .24�� .31�� .06 .74��

RE — — — — — — — — .25�� .28�� .06 .76��

VI — — — — — — — — — .11 .08 .52��

MC — — — — — — — — — — .85�� .73��

VM — — — — — — — — — — — .57��

Note: ��p < 0.01, �p < 0.05, SE: Self-efficacy, TA: test anxiety, IM: intrinsic motivation, PS: Positive self-regulated strategy use, NS: negative self-regulated
strategy use, AP: academic performance, DB: dashboard view event, CE: collapse-expand event, RE: access to a resource, VI: video event, MC: multiple-choice
question, VM: multiple-choice question in videos, EX: exercise in sequence.
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As it can be seen, the students in the “High self-regulated
and high achieving” cluster interacted significantly more fre-
quently with the dashboard and the exercise sequences than
their classmates in the “Low self-regulated and low achieving”.

4.4 Multiple Regression Analysis

The academic performance may have a linear relationship
with a subset of the factors under consideration. Multiple
regression methods allow you to calculate which factors are
more likely to be linearly related to the dependent variable,
and identify the linear coefficients of such dependency.
Before performing the multiple regression analysis, a series
of assumption tests were run to examine whether the data
met the required assumptions. A standard residuals test
showed that no outliers were found (Std. Residual
Min ¼ �2:21, Std. Residual Max ¼ 2:60). Multicolinearity
tests showed that the values of Tolerance and VIF were
within the acceptable limits, thus that the data met the
assumption of multicolinearity. The value of the Durbin-
Watson suggested that the assumption of independence of
errors were satisfied (Durbin-Watson ¼ 2.20).

The results of the hierarchical multiple regressions are
presented in Table 5. The first model (Model 1) only consid-
ered self-regulated learning variables as independent varia-
bles. The results show that only test anxiety and negative
self-regulated learning significantly predicted the academic
performance with a small effect ½F ð1; 143Þ ¼ 6:18; p <

; :01; f2 ¼ :08�. The two variables accounted only for 7 per-
cent of the variance.

A second model was obtained (Model 2) considering the
additional independent variables encoding student engage-
ment with online learning events. This model explains an
additional 26 percent of variation in academic performance
in the course, F ð7; 138Þ ¼ 10:44; p < :01; f2 ¼ :37, for a
total of 32 percent, and a large effect size.

The second model also shows that not every independent
variable was a significant predictor of students’ academic
performance. To be more specific, three variables, test anxi-
ety (b ¼ �:22; p < :05), Resource (b ¼ :85; p < :01), and
MCQ (b ¼ :31; p < :05) significantly contributed to aca-
demic performance. Negative self-regulated strategy use
(b ¼ �:11; p ¼ :16), interaction with Dashboard (b ¼ :07;
p ¼ :40), and interaction with exercises (b ¼ �:28; p ¼ :
14) were not significant predictors of academic performance.

5 DISCUSSION

The aim of the study was to explore to what extent the self-
report and observed variables of the students experience of
learning could explain variation in academic performance,
which would help to predict why some students are more
successful than others. The first set of variables (SRL) con-
tained self-reported qualitative self-regulation variables
(including indicators for self-efficacy, intrinsic motivation,
test anxiety, and positive and negative use of a self-regu-
lated strategy). The second set (quantitative) contained
observed indicators of the engagement of students with
online learning events. The initial exploration of correlation
among these variables shows an interesting point of depar-
ture for the discussion (see Table 3). Some of the SRL varia-
bles, as expected, show significant correlation among
themselves, but also with academic performance. This is
coherent with previously reported results, e.g., [21], [56].
More specifically, the variables capturing potentially nega-
tive aspects (test anxiety and negative use of self-regulation
strategy) clearly show their negative relation with academic
performance. When the correlation is compared with quan-
titative variables two interesting observations emerge. A
significant portion of the quantitative variables correlates
with the use of a positive self-regulation strategy as previ-
ously reported in other studies, e.g., [32], [57], [58]. This
result confirms the connection between self-regulation and
behavior in the online space. But even more revealing is the
fact that five of the seven quantitative variables show a sig-
nificant correlation with academic performance. The results
of this first step of the analysis suggest the value of explor-
ing how a combination of these variables may more fully
account for why some students are more successful than
others, knowledge which can help to inform teaching. SRL
variables provide insight from the point of view of the stu-
dent and suggest those factors that are shaping their learn-
ing experience, whereas the observed variables provide
evidence of how students interacted with the online events
in their course.

The clustering results shown in Table 4 also emphasized
the value of combining the variables in the analysis of the
student experience. While the correlation identified pair-
wise associations at the level of the variables, the cluster
analysis identified sub-groups within the population sam-
ple that reported similar experiences of learning. One clus-
ter of students (n ¼ 62) reported a relatively higher
achieving experience marked by self-efficacy, intrinsic moti-
vation, positive self-regulation, relatively higher academic
performance and greater use of the online learning environ-
ment. The second cluster of students (n ¼ 83) reported rela-
tively lower achieving experience marked by test anxiety,
negative self-regulation, relatively lower academic perfor-
mance and a lesser use of the online learning environment.
These outcomes motivated the researchers to look for which
variables were most likely to explain the differences in the
learning experience of the two clusters of students using
multiple regression analysis.

In this study, multiple regression analysis was used to
identify those variables that accounted for the variation in
the students learning experience. When the analysis
included only the SRL variables (Table 5), only test anxiety

TABLE 5
Results of Multiple Regression Analysis

Variables B SE B b t Adj. R2 p f2

Model 1 .07�� .00 .08
Test Anxiety �2.89 1.09 �.24�� �2.66 .01
Negative Self-Regulation �1.11 1.24 �.08 .90 .37

Model 2 .32�� .00 .37
Test Anxiety �2.60 0.95 �.22� -2.75 .01
Negative Self-Regulation �1.54 1.09 �.11 �1.40 .16
Dboard 0.03 .03 .07 0.84 .40
Col-Exp �0.02 .01 �.32 �1.69 .09
Resource 0.03 .01 .85�� 4.12 .00
MCQ 0.02 .01 .31� 2.56 .01
Exercise �0.01 .01 �.28 �1.49 .14

Note: ��p < .01, �p < .05, SE B: Standard error in B, Adj R2: Adjusted
R-square
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provides a statistically significant coefficient in the regres-
sion and the amount of variation in academic performance
was only 7 percent. When both the SRL and quantitative var-
iables are used in the analysis three variables have statisti-
cally significant coefficients (test anxiety, engagement with
resources, andmultiple-choice questions in the course notes)
and together explain 32 percent of the variation of academic
performance. This last result offers solid evidence to answer
the two research questions posed at the beginning of the
paper. The students approach to self-regulation and their
engagement with online learning events offer a more com-
plete understanding that explains significant differences in
the students’ academic performance. Up to almost one third
of the variation in academic performance is determined by
themodel when the two sets of variables are combined.

5.1 Implications

The results of this study offer a number of ideas for teaching
students in blended courses. The associations amongst the
variables in the correlation and cluster analyses suggest that
a positive student experience of self-efficacy, tests, motiva-
tion, self regulation and positive interaction with many of
the online events, particularly those that offer feedback
(such as the dashboard and the multiple choice questions)
and reflection and reasoning (such as the problem-solving
exercise sequences) will correlate with relatively higher aca-
demic achievement compared with negative experiences of
these aspects. These results offer strategies for teachers to
explore task designs and approaches that involve revealing
to students what positive self-regulation for learning
involves, how to interact effectively with the online learning
events, or redesigning the instructional materials accompa-
nying these activities. The regression analysis reinforces
these ideas and suggests that attention to negative aspects
of the experience such as test anxiety and addressing poor
student engagement with the online events through
improved task design and modeling effective engagement
online may improve student outcomes.

5.2 Limitations

Even though the current research provided a more nuanced
picture of the relation between self-regulation, online
engagement and academic performance, some limitations
need to be pointed out. First, the self-reporting questionnaire
was designed for the whole course experience, encompass-
ing both face-to-face and online learning. No distinction was
made between face-to-face and online learning for each vari-
able. In future research, different items could be used so that
a more detailed relationship can be revealed. Second, the
self-reporting data were collected towards the end of the
semester so that students had almost a complete learning
experience for the course. However, the digital footprint was
recorded throughout the whole course from the beginning to
the end. Self-regulation is dynamic [14], [59] and students
may have different perceptions of their level of self-efficacy,
motivation, and test anxiety throughout the course. A poten-
tial improvement would consist on collecting self-reporting
data at multiple times and take this aspect into account to
identify potential dynamic relationships. Thirdly, the events
recorded in the study were from a considered from a purely

observational standpoint (summarized by event counts). It
would be more interesting if the qualitative feature of how
students engaged with different online learning activities
were also traced. For example, when students engage with a
video resource, pair that visualization with other resources
that they use at the same time, or in the same session.

6 CONCLUSIONS AND FUTURE WORK

The study described in this paper highlighted the impor-
tance of analyzing learning experiences combining the
insight gained with self-reported data based in well estab-
lished theoretical frameworks such as self-regulation, with
those obtained bymethods such as recording the interactions
between students and course events in an online platform.
The analysis of self-reported factors undoubtedly explains
fhow students approach aspects of their learning experiences
and identifies the factors that contribute to better academic
outcomes. But when complemented with observed behavior
in an online environment, there is a significant portion of the
specific context that is brought into the analysis and themod-
els offer a more accurate description. The study used a
blended learning course in which students are required to
prepare two of the three weekly sessions using online mate-
rial. The relevance of this scenario is very important, as it pla-
ces the combination of face-to-face and online tasks as one of
the defining features. Although students reported their pref-
erences with respect to self-regulation aspects of their learn-
ing approach, the combination with indicators of
engagement online offered a linear model explaining 32 per-
cent of the variance of the academic performance.

This result requires more extensive evaluation to see its
replicability in other contexts and instructional designs. A
second iteration of the case study would strengthen the
insight and validity of the claims. Nevertheless, the result
also suggests exciting avenues for further exploration. There
is a vast range of possibilities to study models of student
learning that combine self-report and observational sources
of data that offer explanations and predict academic perfor-
mance more adequately. Ultimately, we envision an
approach in which these sources of data are used in increas-
ingly useful combinations to provide a more nuanced
description of learning to both teachers and students for the
purposes of improving teaching and learning.
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