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Combining theory-driven and data-driven approaches, this study used both 

self-reported and observational measures to examine: (1) the joint contributions 

of students’ self-reported undergraduates’ motivation and emotion in their 

self-regulated learning, their observed online learning interactions, and their 

academic success in blended course designs; and (2) the extent to which the 

self-reported and observational measures were consistent with each other. 

The participants in the study were 54 social sciences undergraduates in the 

Czech Republic. The participants’ self-reported self-efficacy, intrinsic goals, 

and anxiety were assessed using a Czech version of three scales from the 

Motivated Strategies for Learning Questionnaire. Their online engagement 

was represented by students’ observed frequency of interactions with the six 

online learning activities recorded in the learning management system. The 

results of a hierarchical regression analysis showed that the self-reported and 

observational measures together could explain 71% of variance in academic 

success, significantly improving explanatory power over using self-reported 

measures alone. Departing from the theory-driven approach, students were 

clustered as better and poorer self-regulated learners by their self-reports, and 

one-way ANOVAs showed that better self-regulated learners had significantly 

more frequent online interactions with four out of six online learning activities 

and better final exam results. Departing from the data-driven approach, 

students were clustered as higher and lower online-engaged learners by the 

observed frequency of their interaction with online learning activities. One-

way ANOVAs showed that higher online-engaged learners also reported 

having higher self-efficacy and lower anxiety. Furthermore, the strong 
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association between the students’ profiles in both self-reported measures and 

observational measures in cross-tabulation analyses showed that the majority 

of better self-regulated learners by self-reporting also had higher online 

engagement by observation, whereas the majority of poorer self-regulated 

learners by self-reporting were lower online-engaged learners, demonstrating 

consistency between theory-driven and data-driven approaches.

KEYWORDS

self-regulated learning, self-reported measures, observational measures, academic 
success, blended course designs, Czech Republic

Introduction

Advances in Internet- and computer-based technologies have 
increased the growth of alternative learning spaces, creating 
entirely new ways of conceptualizing and assessing the learning 
experience of students (Wong, 2022). Research has repeatedly 
found positive impacts of various forms of technology-enhanced 
learning, such as those embedded in online tutorials, social 
networking sites, computer-supported collaborative learning, 
web-conferencing, webinars, e-portfolios, digital games, 
simulations, and virtual worlds (Jarvoll, 2018; Winkelmann et al., 
2020). The higher education sector has shown rapid development 
in the use of computer- and web-based technologies, which has 
affected the learning experience of a significant proportion of 
university students worldwide. This change has resulted in the 
widespread use of diverse online spaces developed for learning in 
the form of e-learning courses and combinations of face-to-face 
and online delivery modes, known as blended course designs 
(Pardo et al., 2016a; Shin et al., 2018).

More recently, the coronavirus (COVID-19) pandemic 
emergency has required higher education learning and teaching 
around the world to rapidly respond and, in particular, to redeploy 
even more learning and teaching activities to virtual learning 
spaces to promote physical distancing. As a result, vast numbers 
of face-to-face courses have been delivered either as blended 
courses or as purely online courses (Tang et al., 2021). Learning in 
online and/or blended contexts requires students to take high 
levels of control of and to regulate their learning (Vanslambrouck 
et al., 2019; Wong et al., 2019). This has resulted in an increasing 
number of studies examining students’ self-regulated learning in 
online and blended deliveries (Broadbent and Fuller-Tyszkiewicz, 
2018; Sun et al., 2018). These studies have focused on the various 
computer-generated scaffolds and characteristics of online 
learning tasks, which may affect students’ self-regulated learning 
behaviors (Winters et  al., 2008; Dabbagh and Kitsantas, 2013; 
Venkatesh et al., 2013), and how different aspects of self-regulated 
learning, such as motivation, emotion, and effort, impact students’ 
academic success (Li et al., 2020).

To investigate how different elements in self-regulated 
learning are related to academic success, for quite a long time, 

research has predominantly adopted theory-driven approaches, 
which test hypotheses derived from theories in educational 
psychology, the learning sciences, and pedagogy and curriculum 
research through self-reported instruments and measures (Han, 
2022). In recent years, the modern development of learning 
analytics generated by advanced algorithms makes it possible to 
monitor and record students’ online learning behaviors through 
the digital trace data left in online learning management systems 
(LMS; Ainley and Patrick, 2006). As a result, an increasing number 
of studies have departed from this digital trace data to understand 
students’ self-regulated learning, known as data-driven approaches 
(Barnard-Brak et al., 2011; Dent and Koenka, 2016; Martinez-
Maldonado et al., 2016; Pardo et al., 2016a). However, the extent 
to which theory-driven and data-driven approaches are consistent 
with each other in terms of understanding students’ self-regulated 
learning needs to be empirically investigated. The current study 
combined theory-driven and data-driven approaches to examine 
Czech undergraduate students’ self-regulated learning experience 
in blended course designs.

Theoretical framework

Social-cognitive perspective of 
self-regulated learning

Self-regulated learning describes learners’ cognitively and 
metacognitively oriented thoughts, feelings, and actions toward 
the attainment of certain learning goals (Zimmerman and Schunk, 
2001). Various models have been proposed to describe and 
conceptualize self-regulated learning (Moos and Stewart, 2013). 
Some models conceive self-regulated learning as an event-based 
phenomenon in specific contexts (Greene and Azevedo, 2010; 
Järvelä and Hadwin, 2013); whereas others describe the overall 
process of self-regulated learning (Winne and Hadwin, 1998).

The self-regulated models also have different theoretical bases. 
For instance, Winne and Hadwin’s (1998) model adopts an 
information processing perspective; the model proposed by 
McCaslin and Hickey (2001) departs from a sociocultural point of 
view; and Pintrich’s self-regulated model is based on 
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social-cognitive theory (Pintrich, 2000). Researchers have also 
attached importance to different aspects in the process of self-
regulated learning. While some researchers emphasize 
metacognitive monitoring and control in self-regulated learning 
(Winne and Perry, 2000; Winne, 2001), some focus on emotions 
(Boekaerts and Cascallar, 2006), and others pay attention to the 
cognitive aspect of self-regulated learning (Winne, 1996).

Although self-regulated learning has been conceptualized 
differently (Moos and Stewart, 2013), all the theoretical models of 
self-regulated learning share the following four common 
underlying assumptions (Pintrich, 2000). First, students should 
play an active role in constructing meaning from their prior 
knowledge and the context of their learning. Second, students are 
able to monitor and regulate their own cognition and motivation. 
Third, students have the ability to modify their cognition and 
motivation to achieve their set learning goals. Last, learning is 
shaped by the interaction between students’ learning contexts and 
their own characteristics. All the theoretical models share the 
autonomous and self-directed nature of the self-regulated learning 
process, but they differ on the importance they attach to various 
elements (Azevedo et al., 2008).

Among different conceptualized models of self-regulated 
learning, Pintrich’s (2000) social-cognitive model comprehensively 
describes the main process of self-regulated learning and is one of 
the most widely adopted theoretical framework to measure self-
regulated (Broadbent and Poon, 2015). This model proposes a 
triadic reciprocal interaction among motivation, the environment, 
and behavior, in which self-regulated learning is perceived as a 
“dynamic and contextually bound” phenomenon rather than a 
static trait of students (Winne, 2001; Duncan et  al., 2005). It 
proposes that learners’ motivation, cognition, and self-regulated 
learning strategies may vary depending on the contextual features 
of the learning environment and characteristics of learning tasks 
(e.g., the nature of the course, its structure, and the learning 
activities) along with learners’ internal state of mind (e.g., students’ 
interest and their abilities) (Pintrich and Zusho, 2002). Therefore, 
the external environment, such as the course designs (including 
the design of the online course sites) can either facilitate or 
hamper self-regulated learning processes (Zimmerman and 
Schunk, 2011), and may, in turn, affect the academic performance 
(Broadbent and Poon, 2015). In this perspective, able self-
regulated learners are often described as having higher self-
efficacy to manage and effectively organize study with a minimum 
of distractions, feeling less anxious, having appropriate learning 
goals, and adopting appropriate self-regulated learning strategies 
(Broadbent and Poon, 2015).

Research on self-regulated learning 
using theory-driven approaches

To understand students’ self-regulated learning experience, 
the majority of existing research adopted a theory-driven 
approach, which tested hypotheses derived from theories through 

primary means of self-reported measures, in particular, self-
reported questionnaires, such as the Motivated Strategies for 
Learning Questionnaire (MSLQ; Pintrich and De Groot, 1991). 
However, the self-reported measures have been criticized for 
being subjective and have been questioned with regard to their 
accuracy in describing students’ use of learning approaches and 
strategies in real learning contexts (Zhou and Winne, 2012). In 
addition, the self-reported measures and data also suffer from 
their limited capacity to represent the complex (e.g., using 
multiple indicators) and dynamic (e.g., changes over time) nature 
of student learning behaviors. To improve the insights of 
contemporary university student experiences of learning, 
suggestions have been put forward to expand the current self-
reporting methods by including other types of measures for 
studying student learning (Vermunt and Donche, 2017). In this 
regard, learning analytics research is a promising avenue. For 
instance, Richardson (2017, 359) suggests, “The rapidly expanding 
field of learning analytics provides both researchers and 
practitioners with the opportunity to monitor students’ strategic 
decisions in online environments in minute detail and in 
real time.”

Research on self-regulated learning 
using data-driven approaches

Recent developments in educational technology have 
produced prolific studies departing from data-driven approaches 
and have created an area of emerging research in learning 
analytics. Learning analytics research collects rich, detailed digital 
traces of students’ interactions with a variety of online learning 
resources and activities. This type of digital trace/log data, also 
known as observational data, has the advantage of offering 
descriptions of students’ online learning behaviors and strategies 
relatively more objectively and in more granular detail than using 
self-reported measures (Siemens, 2013; Baker and Siemens, 2016; 
Sclater et  al., 2016). In learning analytics research, the 
observational data are processed by advanced data mining 
techniques and algorithms in order to advise students’ career 
choice (Bettinger and Baker, 2014); to detect at-risk students 
(Krumm et al., 2014); to provide personalised feedback (Gibson 
et al., 2017); to facilitate collaborative learning (Kaendler et al., 
2015); to monitor students’ affect in learning (Ocumpaugh et al., 
2014); to identify patterns of learning tactics and strategies (Chen 
et al., 2017); and to predict their academic learning outcomes 
(Romero et al., 2013). For instance, Jovanović et al. (2017) used 
the 13-week digital trace data extracted from the LMS to 
investigate 290 computer science students’ self-regulated online 
learning strategies. The hierarchical sequence analysis identified 
five distinct groups of students which differed in their self-
regulated learning strategies, namely the intensive students 
(diverse online learning strategies); the strategic students (focusing 
on summative and formative assessments); the highly strategic 
students (focusing on summative assessments and reading 
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materials); the selective group (emphasizing summative 
assessments without much involvement in reading the course 
materials); and the highly selective group (predominantly 
performing summative assessments). The students with different 
self-regulated learning strategies also differed in their academic 
performance: the first three groups performed significantly better 
on both mid-term and final exams than the other two groups. 
Despite presenting informative findings with regard to students’ 
use of self-regulated learning strategies in online learning, this 
study failed to reveal information on learners’ internal state of 
mind, such as their motivation, learning goals, and anxiety, which 
are important elements in social-cognitive perspectives on self-
regulated learning.

This kind of learning analytics research using data-driven 
approaches has received criticism on the basis of it being split 
from educational theory and overly focusing on quantitative 
numbers (Rodríguez-Triana et al., 2015). The patterns and models 
of students’ learning patterns and strategies derived from such 
data-centric perspectives without proper guidance from 
educational theory often result in erroneous interpretation, which 
has limited insight for generating actionable knowledge in order 
to locate learning barriers, to offer ideas for teaching practice and 
curriculum design, and to foster a quality learning experience and 
to improve academic performance (Buckingham Shum and Crick, 
2012; Wong and Li, 2020; Han and Ellis, 2021).

Research on self-regulated learning by 
combining theory-driven and 
data-driven approaches

Recognizing the limitations of the theory-driven and data-
driven approaches to researching self-regulated learning, 
researchers have proposed the adoption of a combined approach 
when designing research to gain a more comprehensive picture of 
students’ self-regulated learning. Employing both self-reported 
and observational measures of students’ self-regulated learning, 
the combined approach enables investigations of students’ 
learning to be more holistic by modeling and interpreting big data 
while being guided via sound theories (Lockyer et  al., 2013; 
Gašević et al., 2015; Rienties and Toetenel, 2016).

There is only limited research that adopts a combined 
approach to investigating students’ self-regulated learning. These 
existing studies have two different foci. One line of research aims 
at examining how self-reported and observational measures of 
students’ self-regulated learning predict their academic access 
(Reimann et al., 2014). In a study by Pardo et al. (2016a), the first 
multiple regression analysis which only used self-reported 
measures (i.e., students’ reported anxiety in learning and their 
reported use of self-regulated learning strategies) as predictors 
could only explain 7% of variance in students’ academic 
performance. In the second multiple regression analysis which 
added the observational measures (i.e., observed frequency of 
students’ interactions with online learning activities), an additional 

of 25% of variance in students’ academic performance was 
explained. This means that combining self-reported and 
observational measures could explain 32% of variance in students’ 
academic performance, much higher than using either self-
reported or observational measures alone.

Another focus of the studies which combine self-reported and 
observational measures is to investigate the extent to which the 
two types of measures are consistent in describing students’ self-
regulated learning. Li et  al. (2020), for example, used the 
observational data collected from an LMS to measure two aspects 
of students’ self-regulated learning: time management and effort 
regulation. The results showed that the observational measures 
were significantly associated with students’ self-reported time 
management and effort regulation in the post-course survey but 
not the pre-course survey, demonstrating a certain level of 
alignment between the more objective observations of what they 
did to manage time and effort in learning and students’ own 
interpretations of their time management and effort-
regulation behaviors.

Only limited research has addressed the above-mentioned two 
research aims in a single study In an asynchronous online 
agriculture course, Ye and Pennisi (2022) investigated: (1) the 
extent to which the patterns of self-regulated learning measured 
by self-reported data (i.e., questionnaire and interviews) and 
observational data (digital traces of students’ online interactions 
with learning activities, peers, and teaching staff) were consistent; 
and (2) how the patterns of self-regulated learning measured by 
two types of data sources contributed to students’ academic 
success, respectively. With regard to the first research aim, the 
results showed a certain level of consistency between the self-
reported and observational data, as some correlations between the 
two sets of variables were in an unexpected direction. For instance, 
students’ self-reported help-seeking was negatively correlated with 
the average lecture completion rate and the average time spent on 
additional resources. In addition, students’ self-reported self-
evaluation was negatively correlated with the average topics and 
items visited and lecture completion rate. In accordance with these 
correlation results, students’ clusters by the self-reported 
questionnaire and digital trace data showed overlaps were only 
30.8% (for the three-cluster solution) and 53.8% (for the 
two-cluster solution). Concerning the second research aim, two 
separate sets of regression analyses were conducted to examine 
how students’ self-regulated learning in the course predicted their 
final grades. One set of regression analyses used self-reported 
measures as predictors whereas the other set employed 
observational measures as predictors. The results found that while 
the self-reported measure could explain only 11% of variance in 
students’ final grades; the observational measures could explain as 
high as 73% of the variance in the final grades. However, the study 
did not examine how a combination of self-reported and 
observational measures predict students’ final grades.

The current study will address the above-mentioned two aims 
in a single study among Czech university students, which is a less 
researched population in the field of blended learning. The current 
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study had two aims to investigate: (1) the joint contributions of 
students’ self-reported and observed self-regulated learning; and 
(2) the extent to which the self-reported and observational 
measures offer consistent evidence with regard to students’ self-
regulated learning. The first aim would be addressed by the first 
research question, and the second aim would be addressed by the 
second and third research questions.

(1) What are the joint contributions of students’ self-reported 
motivational and emotional aspects in self-regulated learning, and 
how do their observed interactions with online learning activities 
contribute to their academic success?

(2a) How do observed students’ interactions with online 
learning activities and academic success differ based on the 
profiles of students’ self-reported motivational and emotional 
aspects in self-regulated learning?

(2b) How do students’ self-reported motivational and 
emotional aspects in self-regulated learning and academic success 
differ based on the profiles of observed students’ interactions with 
online learning activities?

(3) To what extent do students’ clusters result from theory-
driven and data-driven approaches which are consistent with 
each other?

Materials and methods

The participants and the learning context

The participants were 54 (males = 26; females = 28) full-
time second-year university students who were enrolled in a 
bachelor’s degree program in a middle-sized public university 
in the Czechia Republic. The mean (M) age of the participants 
was 20.94 (SD = 0.71). The learning context of the study was 
a research methodology in the social sciences, which was 
designed using the flipped classroom learning principles. The 
flipped classroom learning design requires students to engage 
in “interactive content focusing on key concepts prior to class 
thus allowing class time for collaborative activities that clarify 
concepts and contextualise knowledge through application, 
analysis, and planning and producing solutions” (Karanicolas 
et al., 2018, p. 1).

For this course, students’ online learning took place online in 
their own pace and at their own time before and after taking part 
in the face-to-face classroom learning and teaching. Specifically, 
before taking face-to-face classroom learning each week, students 
were required to: (1) viewing instructions on how to navigate the 
course site (instructions); (2) watching pre-recorded online video 
lectures (videos); (3) reading compulsory learning materials in 
either Word documents or PDFs (materials); (4) browsing web 
pages containing supplementary learning materials (web pages); 
and (5) answering pre-lecture questions (questions). After taking 
the in-person classroom learning, students were required to (6) 
doing test items for the week (tests). The in-person classroom 
learning was a weekly 2-h lecture each week, which recapped and 

expanded the concepts from pre-lecture videos; clarified 
ambiguities and questions from students; and had hands-on 
practice of data analysis methods with specific examples.

Measures and instruments

Self-reported measures of motivation and 
emotion in self-regulated learning

The self-reported measures of the motivational and emotional 
aspects of self-regulated learning were drawn from the MSLQ 
(Pintrich and De Groot, 1991). The MSLQ consists of two main 
sections, a motivation section (items 1–31) and a learning 
strategies section (items 32–81). The 31 items of the motivation 
section had three scales, namely expectancy (self-efficacy), value 
(intrinsic goals), and affect (anxiety). However, the translated 
Czech version of the instrument has been modified according to 
the Czech educational environment. The modified and validated 
version (Jakesova and Hrbackova, 2014) had less items in the three 
similar scales, namely self-efficacy, intrinsic goals, and anxiety. 
Hence, the three scales were used to measure students’ 
motivational and emotional aspects of self-regulated learning in 
this course.

Self-efficacy assessed students’ perceived ability to succeed in 
the course (6 items, Coefficient H = 0.88, e.g., I am confident I can 
do an excellent job on the assignments and tests in this course). 
Intrinsic goals measured students’ perceived orientation stemming 
primarily from internal motivations (3 items, Coefficient H = 0.82, 
e.g., In a class like this, I  prefer course material that really 
challenges me so I  can learn new things). Anxiety evaluated 
students’ perceived feelings of worrying about not performing well 
in the tests in the course (3 items, Coefficient H = 0.80, e.g., When 
I take a test, I think about how poorly I am doing). All the items 
were measured on 7-point Likert scales with 1 representing not at 
all true of me and 7 indicating very true of me.

Observational measures students’ interactions 
with the online learning activities

The observational measures were frequencies students’ 
interactions with the above-mentioned six online learning 
activities, which were collected through the LMS—the Modular 
Object-Oriented Dynamic Learning Environment (Moodle). 
Although the full functions of Moodle for hosting the course 
sites were fully enabled for teachers in order to ensure that 
students have good learning experience, only limited learning 
analytics functions were released for teachers to monitor 
students’ learning. Hence, students’ interactions with different 
online learning activities were only represented in the format 
of frequency.

Measures of academic success
Academic success was measured by the final exam, which 

consisted of both multiple-choice and open-ended questions, with 
5 being the maximum possible score (M = 2.22; SD = 0.79).
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Data collection

Prior to the data collection, ethics approval was obtained from 
the University Human Resources Ethics Committee and the 
University Institutional Review Board. The participants were 
informed about voluntary participation and written consent was 
sought if they indicated a willingness to participate. The 
questionnaire was distributed online through the LMS and the 
students were instructed that the answers given on the 
questionnaire should be  a reflection of their learning in this 
course. Upon the completion of the course, students’ interactions 
with the online learning activities were drawn from the LMS and 
their final exam scores were obtained from the course coordinator.

Data analysis

To answer the first research question—the joint contributions 
of the self-reported motivational and emotional aspects of self-
regulated learning and the observed students’ interactions with 
online learning activities and academic success—hierarchical 
regressions were performed using the final exam scores as the 
dependent variable; the independent variables were decided by 
using the results of correlation analyses to ensure the linear 
relationship between independent and dependent variables. The 
mean scores of the three self-reported scales and the frequencies 
of the observed students’ interactions with online learning 
activities which were significantly correlated with the final exam 
scores were used as independent variables. A number of 
assumption tests were also conducted. Values of Tolerance and the 
variance inflation factor were screened to see if there was 
multicollinearity. The Koenker test was conducted to examine if 
the homoscedasticity assumption was met. Two models were 
constructed for hierarchical regression analyses. In the first model, 
the final exam scores were regressed on the self-reported measures 
from the questionnaire, as past research has consistently reported 
that students’ self-efficacy, intrinsic goals, and anxiety in learning 
contribute to their academic success (Zimmerman, 2008; 
Beishuizen and Steffens, 2011; Lynn et al., 2011). Based on the first 
model, the observed students’ interaction with online learning 
activities was added to examine the extra contribution to academic 
success made by observational measures.

For the second research question, two separate hierarchical 
cluster analyses were conducted using the self-reported measures 
and observational measures, respectively. The first hierarchical 
cluster analysis used the mean scores of the self-efficacy, intrinsic 
goals, and anxiety scales to cluster students. On the basis of cluster 
membership, a series of one-way ANOVAs were performed to 
examine if there were significant differences in the interaction 
with online activities and academic success (for research question 
2a). The second hierarchical analysis used the mean scores of 
interactions with the six online activities to cluster students. 
Similarly, based on cluster membership, one-way ANOVAs were 
conducted to investigate if students differed in their responses to 

the self-efficacy, intrinsic goals, and anxiety scales in the self-
reported questionnaire (for research question 2b). Because of the 
small sample size, we also conducted power analyses for all the 
one-way ANOVAs. To provide an answer to research question 
3—the consistency between theory-driven and data-driven 
approaches—cross-tabulation using students’ clusters resulted 
from the two above-mentioned hierarchical cluster analyses.

Results

Results of research question 1: The joint 
contributions of self-reported and 
observational measures to academic 
success

The results of the correlation analyses are presented in Table 1, 
which shows that all three scales were significantly associated with 
the final exam. While both self-efficacy (r = 0.37, p < 0.01) and 
intrinsic goals (r = 0.49, p < 0.01) showed positive relations with 
the final exam, anxiety was negatively correlated with the final 
exam (r = −0.31, p < 0.05). The final exam also had significant and 
positive relations with all the observed students’ interactions with 
the online learning activities (rs ranging from.27 to.59), except for 
questions. The variables which had significant correlations with 
academic success were used as independent variables in the 
hierarchical regression analyses. Both the values of tolerance 
(>0.20) and the variance inflation factor (< 5) indicated that there 
was no presence of multicollinearity. The results of the Koenker 
test also met the homoscedasticity assumption that supposes that 
the residuals for the regression model have the same variability 
along the regression line.

Table 2 presents the results of the hierarchical regression 
analyses. In regression model 1, where academic success was 
only regressed on the three scales from the questionnaire, both 
self-efficacy (β = 0.29, p < 0.05) and intrinsic goals (β = 0.43, 
p < 0.01) made significant contributions to the final exam scores, 

TABLE 1 Results of correlation analyses.

Variables Self-
efficacy

Intrinsic 
goals

Anxiety Final 
exam

Self-reported measures

Self-efficacy – – – 0.37**

Intrinsic goals 0.12 – – 0.49**

Anxiety −0.21 −0.21 – −0.31*

Observational measures

Web pages 0.17 0.40** −0.26 0.27*

Videos −0.02 0.19 −0.28* 0.50**

Materials 0.43** 0.19 −0.24 0.33*

Instructions 0.31* 0.16 −0.17 0.55**

Tests 0.19 0.30* −0.15 0.59**

Questions 0.04 −0.01 −0.11 0.06

*p < 0.05 and **p < 0.01.
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but anxiety did not (β = −0.16, p = 0.18). The two scales explained 
33% of the variance in academic success: F (3, 50) = 9.67, p < 0.01, 
f 2 = 0.49. In the second regression model, adding the observed 
students’ interactions with the online learning activities into the 
regression equation explained an additional 38% of the variance 
in students’ academic success: F (8, 45) = 17.09, p < 0.01, f 2 = 2.45. 
This means that a combination of students’ self-reported and 
observational measures of students’ self-regulated learning could 
explain 71% of the variance in their final exams. Specifically, two 
of the self-reported scales, self-efficacy (β = 0.35, p < 0.01) and 
intrinsic goals (β = 0.35, p < 0.01), still made significant 
contributions to academic success. Three out of six observed 
students’ interactions with the online learning activities were 
significant contributors to academic success: videos (β = 0.54, 
p < 0.01), materials (β = −0.51, p < 0.01), and instructions 
(β = 0.75, p < 0.01).

Results of research question 2a: The 
differences in the observed students’ 
interactions with online learning 
activities and academic success based on 
the self-reported questionnaire

The hierarchical cluster analysis identified a two-cluster 
solution of 33 and 21 students in each cluster, respectively (see 
Table 3). The one-way ANOVAs showed significant differences on 
all the three self-reported scales between the two clusters: self-
efficacy: F (1, 52) = 23.70, p < 0.01, η2 = 0.31; intrinsic goals: F (1, 
52) = 57.19, p < 0.01, η2 = 0.52; and anxiety: F (1, 52) = 17.49, 
p < 0.01, η2 = 0.25. Cluster 1 students reported having higher self-
efficacy, a higher level of intrinsic goals, and lower anxiety than 
cluster 2 students; hence, cluster 1 students were referred to as 

better self-regulated learners, whereas cluster 2 students were 
poorer self-regulated learners. The one-way ANOVAs also found 
that of students’ interactions with the six online learning activities, 
four of them differed significantly: interactions with web pages: 
F(1, 52) = 4.61, p < 0.05, η2 = 0.08; interactions with videos: F(1, 
52) = 9.27, p < 0.01; η2 = 0.15; interactions with materials: F(1, 
52) = 12.56, p < 0.01, η2 = 0.20; and instructions: F(1, 52) = 5.07, 
p < 0.05, η2 = 0.09. So did the final exam scores: F(1, 52) = 17.30, 
p < 0.01, η2 = 0.25. The Ms showed that the better self-regulated 
learners interacted with these four online learning activities 
significantly more frequently, and also obtained higher final exam 
grades than the poorer self-regulated students. The power analysis 
results of all the significant results were above the commonly 
accepted 0.80, except for frequencies of students’ interaction with 
web pages (0.56) and with instructions (0.60), which also showed 
small effect sizes (η2 = 0.08 and η2 = 0.09 for web pages and 
instructions, respectively). This suggests that in order for large 
effect sizes to be detected for the differences on interactions with 
web pages and instructions with 80% of power and with alpha at 
0.05, large sample sizes are needed.

Taken together, better self-regulated learners, who showed the 
characteristics of having a higher level of self-efficacy and intrinsic 
goals, and a lower level of anxiety, also tended to browse web page 
links, watch video lessons, read course learning materials, and 
view the guidance about the course site significantly more 
frequently than the poorer self-regulated learners, who reported 
being less confident, being less intrinsically motivated to learn the 
course, and having higher anxiety.

Results of research question 2b: The 
differences in the self-reported measures 
of students’ self-regulated learning and 
academic success based on their 
observed interactions with online 
learning activities

The hierarchical cluster analysis using observational measures 
also produced a two-cluster solution, presented in Table 4. Clusters 
1 and 2 had 33 and 12 students, respectively. The one-way ANOVAs 
found significant differences between the two clusters on all the six 
observational measures: interactions with web pages: F(1, 52) = 74.62, 
p < 0.01, η2 = 0.59; interactions with videos: F(1, 52) = 30.56, p < 0.01 
η2 = 0.37; interactions with materials: F(1, 52) = 30.54, p < 0.01, 
η2 = 0.37; interactions with instructions: F(1, 52) = 5.65, p < 0.01, 
η2 = 0.09; interactions with tests: F(1, 52) = 10.11, p < 0.01, η2 = 0.16; 
and interactions with pre-lecture questions: F(1, 52) = 13.41, p < 0.01, 
η2 = 0.21. Specifically, cluster 1 students had a higher frequency of 
interaction on these four observational measures than their 
counterparts in cluster 2. Hence, cluster 1 and cluster 2 were referred 
to as learners with higher and lower online engagement, respectively. 
On the basis of cluster membership, the one-way ANOVAs further 
revealed that the two clusters of students also differed significantly 
in self-reported self-efficacy: F(1, 52) = 4.08, p < 0.05, η2 = 0.07 and 

TABLE 2 Results of hierarchical regression analyses.

Variable B SE β t Adjusted 
R2

p f 2

Model 1 0.33** 0.49

Self-efficacy 0.22 0.09 0.29 2.51 0.02

Intrinsic 

goals

0.28 0.08 0.43 3.68 0.00

Anxiety −0.10 0.07 −0.16 −1.35 0.18

Model 2 0.71** 0.41

Self-efficacy 0.26 0.06 0.35 4.07 0.00

Intrinsic 

goals

0.23 0.05 0.35 4.21 0.00

Anxiety −0.01 0.05 −0.02 −0.23 0.82

Web pages 0.00 0.00 0.04 0.40 0.69

Videos 0.03 0.01 0.54 5.63 0.00

Materials −0.04 0.01 −0.51 −3.80 0.00

Instructions 0.08 0.02 0.75 4.45 0.00

Tests −0.04 0.04 −0.14 −0.91 0.37

**p < 0.01.
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anxiety: F(1, 52) = 16.25, p < 0.05, η2 = 0.24. Cluster 1 students 
reported having higher self-efficacy and lower anxiety than cluster 2 
students did. At the same time, the two clusters of students also 
differed significantly on their final exam results: F(1, 52) = 17.30, 
p < 0.01, η2 = 0.25. Students with higher online engagement obtained 
higher final exam grades than their lower-engaged peers. The power 
analysis results of all the significant results were above the commonly 
accepted 0.80, except for frequencies of students’ interaction with 
instructions (0.65) and their self-reported self-efficacy (0.51). The 
differences between the two clusters on interactions with instructions 
(η2 = 0.10) and self-reported self-efficacy (η2 = 0.07) also had small 
effect sizes. This means that in order for large effect sizes to 
be detected for the differences on interactions with instructions and 
self-efficacy with 80% of power and with alpha at 0.05, large sample 

sizes are needed. These results demonstrate that the learners with 
high online engagement not only participated in online learning 
more frequently than the learners with low online engagement, but 
they also tended to have a higher level of self-efficacy and a lower 
level of anxiety, and achieved better academic performance than the 
learners with low online engagement.

Results of research question 3: 
Consistency between theory-driven and 
data-driven approaches

The results of the cross-tabulation analysis revealed a 
significant and strong association between the cluster membership 

TABLE 3 Hierarchical cluster analysis using the self-reported questionnaire.

Variables 1: Better self-
regulated 
learners 

(n = 33) M 
(SD)

2: Poorer self-
regulated 
learners 

(n = 21) M 
(SD)

F p η2 Observed 
power

Self-reported measures

Self-efficacy 5.39 (0.95) 4.19 (0.77) 23.70 0.00 0.31 1.00

Intrinsic goals 4.67 (1.14) 3.43 (0.93) 57.19 0.00 0.52 1.00

Anxiety 3.18 (0.83) 5.10 (1.01) 17.49 0.00 0.25 0.98

Observational measures

Web pages 508.09 (135.57) 437.00 (84.70) 4.61 0.04 0.08 0.56

Videos 41.00 (10.76) 28.57 (19.26) 9.27 0.00 0.15 0.85

Materials 18.64 (10.38) 10.00 (5.08) 12.56 0.00 0.20 0.94

Instructions 5.45 (9.22) 0.86 (1.77) 5.07 0.03 0.09 0.60

Tests 4.09 (2.51) 2.71 (3.13) 3.19 0.08 0.06 0.42

Questions 24.09 (9.33) 25.00 (7.69) 0.14 0.71 0.00 0.07

Academic success

Final exam 2.71 (0.72) 1.91 (0.68) 17.29 0.00 0.25 0.98

TABLE 4 Hierarchical cluster analysis using the observed students’ interactions with online learning activities.

Variables 1: Higher online 
engagement 

(n = 33) M (SD)

2: Lower online 
engagement 

(n = 12) M (SD)

F p η2 Observed 
power

Observational measures

Web pages 554.82 (94.60) 363.57 (45.15) 74.62 0.00 0.59 1.00

Videos 43.73 (12.22) 24.29 (13.19) 30.56 0.01 0.37 1.00

Materials 19.91 (9.17) 8.00 (4.52) 30.54 0.00 0.37 1.00

Instructions 5.55 (9.21) 0.71 (1.42) 5.65 0.02 0.10 0.65

Tests 4.45 (3.01) 2.14 (1.77) 10.11 0.00 0.16 0.88

Questions 27.55 (7.76) 19.57 (7.86) 13.41 0.00 0.21 0.95

Self-reported measures

Self-efficacy 5.15 (1.10) 4.57 (0.91) 4.08 0.04 0.07 0.51

Intrinsic goals 4.42 (1.03) 3.81 (1.40) 3.44 0.07 0.06 0.46

Anxiety 4.09 (1.10) 5.38 (1.22) 16.25 0.04 0.24 0.98

Academic success

Final exam 4.09 (0.68) 3.29 (0.72) 17.30 0.00 0.25 0.98
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results from the theory-driven and data-driven approaches: 
χ2(1) = 15.31, p < 0.01, φ = 0.53. Table 5 shows that among students 
who self-reported as better self-regulated learners, a significantly 
higher proportion of students were observed as having higher 
online engagement (81.8%) than having lower online engagement 
(18.2%). In contrast, of the students who self-reported as poorer 
self-regulated learners, a significantly higher proportion were 
observed as having lower online engagement (71.4%) than having 
higher online engagement (28.6%).

Discussion

Joint contributions of self-reported and 
observational measures to academic 
success

The current study combined theory-driven and data-driven 
approaches to investigate: (1) the joint contributions of students’ 
self-reported self-efficacy, intrinsic goals and anxiety, and students’ 
observed interaction with online learning activities to their 
academic success; and (2) the consistency between theory-driven 
and data-driven approaches.

Our findings that students’ reporting about their self-efficacy 
and anxiety significantly contributed to their final exam results 
corroborated previous findings (Romero-Zaldivar et  al., 2012; 
Joksimović et al., 2015). Similar to previous research (Pardo et al., 
2016a,b), we  also found that self-efficacy positively affected 
students’ learning achievement. Different from Pardo et  al.’s 
(2016a) findings that students’ feelings of anxiety during course 
learning were a significant contributor to their academic success, 
our study found that only the positive aspects of self-regulated 
learning (i.e., self-efficacy and intrinsic goals) made significant 
contributions to their academic success. This difference could 
possibly be due to the year of the course offering and the size of 
the course differing between the two studies. The learning context 

in Pardo et al., was a relatively large compulsory course for first-
year students. Therefore, it may have been more important for 
students to pass the course, because failing the course was highly 
likely to prevent them from progressing to more advanced courses 
in their second year of study, and they might face the challenge of 
being forced to change majors. Hence, anxiety was an important 
factor in students’ learning. The blended course being examined 
in the current study was a second-year course and was much 
smaller in size, which might not impose much peer pressure in 
terms of succeeding in the course, the result of which being that 
students might not experience much anxiety in facing the 
assessments and exams.

Furthermore, consistent with previous findings (Pardo et al., 
2016a; Ye and Pennisi, 2022), we  also found that positive 
contributions made by the observational indicators to academic 
success, which suggested that the more frequently students 
participated in these online learning activities, the more likely it 
was that they achieved better learning outcomes, also found 
positive relations between the observed students’ online learning 
behaviors and their course marks. However, it should be noted 
that not all the online learning activities contributed equally to the 
course marks. Such results seem to suggest that the frequency of 
learning behaviors alone (quantity) was not able to represent the 
strategic nature of learning behaviors (quality). Students’ strategic 
considerations as to how much time and effort should be spent on 
different learning activities might be better indicators of their 
academic achievement. As we did not measure the duration of 
students’ interaction with the online learning activities, such 
speculation should be examined in future research.

Furthermore, our study showed that the observational 
measures of the students’ interactions with the online learning 
activities made a substantially larger contribution than the self-
reported data, and explained an extra 38% of the variance in 
students’ learning outcomes. A combination of the self-reported 
and the observational data explained around 71% of the variance. 
This result seems to indicate that our observational measures 
captured the important elements in online learning that could 
influence students’ academic performance. Ye and Pennisi (2022) 
also reported a much larger percentage made by observational 
data (73%) to students’ academic performance than by self-
reported data (11%). However, Ye and Pennisi did not put both 
self-reported and observational data in the same multiple 
regression equation; hence, it was unknown whether observational 
data would still explain the same high percentage of variance in 
students’ academic performance when taking account of self-
reported data.

Alignment between self-reported and 
observational measures of students’ 
self-regulated learning

Whether departing from self-reported measures or 
departing from observational measures, we found alignment 

TABLE 5 Results of the cross-tabulation.

Clusters Count % 
within 
online 
engagement

Higher 
online 

engagement

Lower online 
engagement

Total

Better self-

regulated 

learners

Count 27a 6b 33

% within online 

engagement

81.8% 18.2% 100.0%

Poorer 

self-

regulated 

learners

Count 6a 15b 21

% within online 

engagement

28.6% 71.4% 100.0%

Total Count 33 21 54

% within online 

engagement

61.1% 38.9% 100.0%

Different subscript letters denote a subset of self-reported categories whose column 
proportions differ significantly from each other at the 0.05 level.
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between self-reported and observational measures of students’ 
self-regulated learning. The cluster analysis identified groups 
of students who showed similar self-regulated learning 
experience in terms of how they reported their efficacy, 
intrinsic goals, and feelings of anxiety, how they learned 
online by observation, and how well they performed in the 
course. Within each group, there was coherence between self-
reported learning experience and their actual online 
engagement in the compulsory online part of the course. 
Students who self-reported having higher efficacy, setting 
higher intrinsic goals, and feeling less anxious in the course 
were more likely to be  more engaged in online learning—
accessing the web pages provided on the course site, viewing 
course videos, and reading course materials and instructions—
significantly more frequently than those who reported lower 
efficacy, lower intrinsic goals, and more anxiety. At the same 
time, the better self-regulated learners measured by self-
reporting also scored significantly higher on the final exam 
than the poorer self-regulated learners. These results were 
consistent with previous findings which reported that self-
regulated learners also tended to achieve better academic 
performance (Kizilcec et al., 2013, 2017).

Furthermore, the positive association between students’ 
profiles in self-reported measures and observational measures in 
our cross-tabulation analyses confirmed these alignments; among 
better self-regulated learners by self-reporting, the majority 
(81.8%) had higher online engagement by observation, whereas 
among poorer self-regulated learners by self-reporting, a large 
proportion of them (71.4%) demonstrated lower online 
engagement. However, the clustering of the students by the two 
types of data did not yield perfect overlapping. Such result also 
corroborated previous research (Pardo et al., 2016a; Li et al., 2020; 
Ye and Pennisi, 2022) that the alignment between self-reported 
and observational evidence was only to a certain degree.

The coherence of the evidence collected from different 
measures and data sources not only served as a way of 
triangulation, but also strengthened the power of analysis. 
Combining theory-driven and data-driven approaches enabled 
presentation of a more comprehensive picture of students’ self-
regulated learning experience in blended course designs than 
could be  presented by either self-reported measures or 
observational measures alone, showing an advantage of a 
combined approach.

Implications for teaching practice

As our studies show that students’ self-efficacy and intrinsic 
goals as well as their frequency of interaction with online 
learning activities significantly contributed to their academic 
success, strategies which can boost these elements will 
be promising for improving students’ learning outcomes. For 
instance, to empower learners, teachers can provide them with 
timely feedback as to their learning performance in order to 

assure them about their competence and to enhance their self-
efficacy. The identification of better self-regulated learners early 
in a course could allow teachers to invite those learners to share 
their experience, such as how they direct their actions and 
efforts toward achieving their learning goals, so that those 
poorer self-regulated learners can make adjustments to emulate 
their peers. Due to the substantial contributions of online 
learning to the final exam, teachers should boost students’ 
motivation to spend time and effort on online learning. For 
example, instead of leaving students to explore the various 
functions and sections in the LMS, it may be more desirable for 
the teaching staff to spend some time in the first couple of weeks 
of the course to guide students in navigating the course sites. 
Time should also be spent explicitly explaining the purposes of 
different online activities, resources, and materials, and how 
these are linked with learning and teaching in the face-to-face 
lectures. These strategies which aim to orient students toward 
online learning and the online course site are likely to encourage 
students’ active online participation.

Limitations and directions for future 
research

Some of the limitations of the study should be  taken into 
consideration when interpreting the results and designing further 
research along this line of inquiry. First, a major limitation of the 
study was using frequency of interaction with online learning 
activities alone to represent students’ online learning engagement. 
Due to limited analytics functions released by the participants’ 
university, only frequencies of students’ online interactions were 
collected. However, frequency is only one of the possible indicators 
of students’ online learning engagement. In addition to frequency, 
duration of time spent on different online learning activities and 
patterns of time-stamped sequences of online learning activities 
are both possible indicators of students’ online learning 
engagement (Hadwin et al., 2007; Winters et al., 2008; Bannert 
et al., 2014; Han et al., 2022). Therefore, future studies should use 
a combination of observational measures to assess students’ online 
engagement (Jovanović et al., 2017; Fincham et al., 2019).

Second, the observational measures of students’ interaction 
with online activities only reflected students’ learning experience 
in the online part of the whole course, whereas the self-reported 
measures of students’ self-efficacy, intrinsic goals, and anxiety 
were concerned with learning in both the face-to-face and online 
components of the course. Future research should add additional 
observational measures of students’ engagement in the face-to-
face part of learning in blended course designs.

Third, the study was undertaken in a relatively small-sized 
blended course. Therefore, some of the significant results found in 
the study had small effect sizes and weak power. However, this 
reflected the state of learning in blended course designs in the 
Czech Republic’s higher education sector, especially in the social 
sciences. Future research in the context of the Czech Republic 
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should be aimed at investigating courses with a large enrolment. 
Despite the listed limitations, this study is, to the best of our 
knowledge, the first attempt to combine the self-reported and 
observational measures to examine students’ self-regulated 
learning in blended course designs in the Czech Republic.
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