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Abstract. Student engagement plays a crucial role
in the learning process in higher education. This
study aims to explore students’ cognitive engagement
in a blended learning environment by combining
data collected through event-contingent self-report
and Learning Management System (LMS) log data.
Participants were undergraduate students enrolled
in a course on business decision making, specifically
adapted for information technology students. Re-
sponses from 140 students revealed that students felt
more actively involved during in-person learning,
while concentration and focus levels were comparable
between in-person and online modes. Polychoric
correlation indicated a moderate positive relationship
between concentration and passive-active items,
whereas principal component analysis highlighted
latent constructs. Analysis of LMS log data provided
additional behavioral indicators, including time spent
in the system, the number of distinct learning com-
ponents accessed, and the type of activity performed
(distinguishing between ’just view’ and ’more than
view’ actions). Two distinct student profiles emerged
from the combined dataset. This approach shows that
combining self-reported and LMS log data provides
a clearer picture of how students engage in blended
learning.

Keywords. cognitive engagement, self-reports, logs,
higher education, decision making

1 Introduction
Blended learning, which combines classroom-based
learning with online learning, is nowadays widely used
in higher education (Vo et al., 2024). Blended learn-
ing offers flexibility and access to various learning re-

sources, but keeping students consistently and mean-
ingfully engaged is still a challenge (Bergdahl et al.,
2024).

Tight (2020) argues, based on a comprehensive lit-
erature review, that research on student engagement
in higher education has been largely driven by institu-
tional efforts to improve student retention. A system-
atic literature review and meta-analysis of 137 studies
published between 2003 and 2019, involving 158,510
students, by Wong et al. (2024) found that student
engagement has a strong correlation with academic
achievement and subjective well-being, but also em-
phasized that the construct of engagement is often
overgeneralized in current research. While this meta-
analysis (Wong et al., 2024) focused on elementary,
middle, and high school education, engagement is also
a widely discussed construct in the context of higher
education (Lowe & El Hakim, 2020; T. D. Nguyen et
al., 2018; Prananto et al., 2025; Tani et al., 2021).

Advances in educational technology and the
widespread adoption of Learning Management Sys-
tems (LMS) in higher education have enabled the col-
lection of detailed data on student interactions (Hen-
rie et al., 2015; Ifenthaler & Yau, 2020). Furthermore,
an analysis of studies using Learning Analytics (LA)
published between 2011 and 2023 shows that student
engagement in higher education is still predominantly
measured through observable behaviors like clicks and
time on task (Bergdahl et al., 2024). A deeper under-
standing of student engagement in higher education,
supported by LA, could also improve learning design
and provide more effective support for students (Q.
Nguyen et al., 2022). Additionally, combining system
data with self-reports, such as surveys or reflections
collected shortly during or after the learning activity,
could provide a more complete picture by capturing
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both actions and experiences, thereby contributing to
Human-Centered Data Science (Aragon et al., 2022).

The variety of learning activities and the combina-
tion of in-person and online modes in blended learn-
ing create challenges for sustaining cognitive engage-
ment (Halverson & Graham, 2019). Understanding
variations in engagement is key to designing effective
blended learning. Therefore, this study is driven by the
following research questions:

• RQ1: In what ways does students’ event-contingent
self-reported cognitive engagement differ across
learning modes (in-person and online) and activities
in a blended learning environment?

• RQ2: How can LMS event logs help to explain or
add to self-reported data about students’ cognitive
engagement in online learning?

To answer these questions, we collected and syn-
chronized survey data based on a questionnaire
grounded in the Experience Sampling Method (ESM)
with LMS log data over a 22-day period in a higher
education course, and then analyzed it. By integrating
subjective and objective data sources (Tempelaar et al.,
2020), this study contributes to a more granular under-
standing of cognitive engagement in higher education
and blended learning environment.

2 Related Work

Skinner and Pitzer (2012) conceptualized the widely
accepted model of engagement "grounded in self-
determination theory, and organized around student
engagement and disaffection with learning activities".
In that model engagement is examined through three
dimensions: behavioral, emotional, and cognitive.
The behavioral aspect of engagement involves stu-
dents’ effort, persistence, and determination, especially
when facing challenges. Emotional engagement refers
to positive feelings such as enthusiasm, enjoyment,
fun, and satisfaction, while cognitive engagement "en-
compasses attention, concentration, focus, absorption,
“heads-on” participation, and a willingness to go be-
yond what is required "(Skinner & Pitzer, 2012).

Blended learning is considered to provide possibility
for students to engage more in learning, and Halver-
son and Graham (2019) have recognized three main
challenges regarding engagement in blended learning:
(a) the concept of engagement is unclear, (b) blended
learning is defined in many different ways, and (c)
there is frequent confusion between indicators and fa-
cilitators of engagement. They proposed a conceptual
framework that consists of indicators of cognitive and
emotional engagement and takes into account the dy-
namics of learning in a blended learning environment.

Another frequently discussed aspect of engagement
research is how it is measured. Ortega and Irala (2022)

have reviewed various instruments that have been de-
veloped to assess student engagement in higher edu-
cation. Concerning specifically cognitive engagement,
Li (2022) provided an overview of various measure-
ment methods of cognitive engagement such as self-
report scales, observations, interviews, teacher ratings,
experience sampling, eye-tracking, physiological sen-
sors, trace analysis, and content analysis, as well as a
summary of the advantages and disadvantages of each
approach. The overview (Li, 2022) highlighted ESM
as innovative method that measures students’ cognitive
engagement by asking them to report their thoughts
during or closely after learning activities. Although
it gives more accurate and timely data than traditional
surveys, it can interrupt students, take time, and only
allows short questionnaires.

3 Methodology

3.1 Setting and context
The participants in this study were first-year students
enrolled in a university-level course, as part of an un-
dergraduate study program conducted in Croatian lan-
guage at the University of Zagreb. The topic of the
course was related to business decision making adapted
for information technology students. The course con-
sists of 60 hours, divided equally between lectures
(30 hours) and practice-oriented seminars (30 hours).
Learning activities include both synchronous and asyn-
chronous components and are supported through the e-
course hosted on the institutional LMS.

After each learning activity, students were invited
to complete a brief questionnaire. Participation was
voluntary, and informed consent was obtained prior
to questionnaire completion. Students could submit
the questionnaire multiple times if they participated in
multiple activities.

In the questionnaire, students were asked to specify
the mode of learning (online or in-person), identify the
learning activity they had participated in, and indicate
the date on which the activity took place. The prede-
fined learning activity options were:
• lecture
• practice-oriented seminar
• interaction with colleagues (e.g., student presenta-

tion, discussion, group work, collaborative project)
• interaction with content (e.g., reading course materi-

als, reading articles, watching video content)
• active learning (e.g., taking knowledge tests, study-

ing for assessment, working independently on a
project)

• other.
The period for completing self-reports lasted from 7

April 2025 to 28 April 2025. Only complete responses
were included in the final analysis, comprising 163
submissions from 140 unique students. After they par-
ticipated in separate learning activities, responses were
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submitted twice by 23 students. The course had a total
enrollment of 264 students.

3.2 Cognitive engagement
Cognitive engagement was measured using an adapted
version of the ESM survey instrument previously val-
idated in blended learning environment (Manwaring
et al., 2017). Linguistic validation of the instrument
was carried out in accordance with guidelines for the
process of cross-cultural adaptation of self-report mea-
sures (Beaton et al., 2000). The survey was submit-
ted for translation to two translators. One translator
was familiar with concepts in the field of e-learning
and has been a researcher in the area of digital edu-
cation for over 15 years. Second translator was a pro-
fessional translator with no prior knowledge of the con-
cepts mentioned in the questionnaire (a translator from
a company providing translation service). The transla-
tors were asked to include comments during the trans-
lation process in case of any ambiguities or additional
suggestions.

After receiving the translations, one of authors
of this paper, and subsequently a Croatian language
proofreader, prepared a proofread version. Based on
the proofread version, a back translation into the orig-
inal language was conducted to verify the accuracy of
the translation. The back translations were indepen-
dently carried out by two certified translators.

Before implementing of the survey instrument, the
final version of the questions were selected and addi-
tionally reviewed by two authors of this paper. The sur-
vey was implemented using LimeSurvey survey soft-
ware (LimeSurvey Project Team / C. Schmitz, 2024).

The final instrument, translated and adapted from the
EMS survey (Manwaring et al., 2017), included the fol-
lowing items:
• learning activity
• date when learning activity occurred
• learning mode
• three items about cognitive engagement:

• concentration
"How well were you concentrating?"
(5-point scale, 1 = not at all to 5 = very much)

• passive to active
"Your involvement in the learning activity:"
(7-point bi-modal scale)

• focused to distracted
"Your involvement in the learning activity:"
(7-point bi-modal scale, opposite-worded).

In addition, supplementary data were collected by
the survey software, including the date and time when
the questionnaire was completed and the time spent
completing it.

Students were asked to complete the self-report ei-
ther at their own convenience, during lectures, or in
practice-oriented seminars. At the beginning of the
self-report, there was an introductory note: "People

learn in different ways and in different places. Please
choose a learning activity you have engaged in recently
(or just completed) and fill out this short questionnaire.
You can submit reflections for more than one learning
activity.".

To ensure comparability, 5- and 7-point scales were
rescaled to a 0–100 scale prior to analysis. The op-
positely worded item (focused-distracted) was reverse-
coded (distracted-focused to align with the direction of
other items.

3.3 Event log data

For each participant who reported an online activity on
a specified date, corresponding log data were extracted
from the Moodle log data, including: datetime, event
context, component, event name, description, and ori-
gin. In total, extracted log data contained 707 records.

In the event logs dataset, the verb representing stu-
dent activity was extracted from the description field.
For example, in the entry: "The user with id ’X’ has
submitted the submission with id ’Y’ for the assign-
ment with course module id ’Z’," the verb "submitted"
was extracted. Similarly, from the description: "The
user with id ’X’ viewed the ’quiz’ activity with course
module id ’Y’,"the verb "viewed" was obtained. The
component field indicates the type of module involved
in each activity (e.g., Forum, Quiz, Assignment), while
datetime contains date and time of event.

A new dataset was created by aggregating event logs
dataset by student ID and date. For each student and
date, variables activity, componentCount, and time-
frame were created.

If the only action student engaged in during a date
was the "view" action, activity was set to "just view". If
the student performed additional actions such as "sub-
mitted", "created", "uploaded", "saved", "updated", or
"started" an activity, the value "more than view" was
used.

For each student and date, the total number of dis-
tinct modules on which actions were performed was
counted and stored in the variable componentCount.

The time spent on LMS was estimated by calculat-
ing the difference between the earliest and the latest
time of event recorded for the student and date. This
value was stored in variable named timeframe. It is im-
portant to note that this is an approximation, as it does
not account for multiple login sessions throughout the
day. This limitation arises from the structure of Moodle
LMS logging system (Rotelli and Monreale, 2023).

The aggregated event log data and students’ re-
sponses were merged using a composite key consisting
of the variables IDStudent and LADate (learning activ-
ity date). The resulting dataset contained variables con-
centration, passive-active, distracted-focused, activity,
componentCount, and timeframe.
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3.4 Data analysis
Descriptive statistics were used to provide an overview
of student responses. To compare mean scores be-
tween online and in-person learning modes, Welch’s
t-test was applied due to its robustness to unequal vari-
ances.

For correlation analysis, original responses on the
5- and 7-point scales were used, with the dis-
tracted–focused item reversed. Relationships among
ordinal items were examined using polychoric cor-
relations, and underlying constructs were identified
through Principal Component Analysis (PCA) on the
polychoric correlation matrix. Polychoric correlation
is generally preferred for PCA when variables are
ordinal, as it more accurately captures the relation-
ships between the underlying continuous latent vari-
ables (Choi et al., 2010; Holgado–Tello et al., 2010).
PCA was conducted using the principal() function
from the psych package in R. Components with eigen-
value grater than 1 were retained and submitted to vari-
max rotation.

K-means cluster analysis was performed to identify
distinct student profiles.

The analysis was conducted using R statistical soft-
ware (R Core Team, 2024) and RStudio (Posit team,
2025), using packages psych (Revelle, 2025), tidyverse
(Wickham et al., 2019), and ggplot2 (Wickham, 2016).

4 Results
In total, 163 responses were collected from 140 unique
students (78% male, 22% female). The number of re-
sponses by learning mode and activity is presented in
Table 1.

Table 1. Number of responses (n = 163) by reported
learning mode and learning activity

Reported
learning mode Reported learning activity

in-person
(n=129; 79%)

lecture (n=35)
interaction with content (n=29)
active learning (n=26)
seminar (n=17)
other (n=16)
interaction with colleagues (n=6)

online
(n=34; 21%)

interaction with content (n=20)
lecture (n=7)
active learning (n=5)
seminar (n=1)
interaction with colleagues (n=1)

In this study, an event-contingent self-report ap-
proach was employed, where students were asked to

reflect on their learning activity as soon as possible af-
ter its completion. The majority of responses (68.71%)
were submitted within 24 hours of the learning activity.
On average, students spent 1 minute and 13 seconds
completing the questionnaire.

Student responses were aggregated by calculating
the mean score per item when multiple responses were
available for a single student. As shown in Fig. 1,
the majority of students reported positive responses
(scores above 50) across all three items (concentra-
tion, passive-active, distracted-focused). The concen-
tration item had the highest number of scores above
50, suggesting that students generally felt confident in
their ability to concentrate. A notable number of stu-
dents reported the midpoint score of 50, ranging from
31 students (22%) on the passive-active item to 46 stu-
dents (33%) on the concentration item. In contrast,
scores below 50 were reported by 32 students (23%)
on the passive-active item and 27 students (19%) on
the distracted-focused item.

Figure 1. Frequencies of responses from 140 stu-
dents for each cognitive engagement item, with score
50 highlighted

4.1 RQ1: Cognitive engagement across
learning modes and activities

4.1.1 Learning modes

In terms of RQ1, when comparing scores across learn-
ing modes (Table 2), students have expressed notice-
ably higher activity during in-person sessions com-
pared to online (passive-active item). Furthermore,
Welch’s t-test revealed a statistically significant dif-
ference in passive-active scores between in-person
(x̄in−person = 63.0, s = 23.1) and online (x̄online =
49.1, s = 20.1) learning modes, t(58.3) = 3.48,
p = .001, 95% CI [5.89, 21.9]. This suggests that
students may feel significantly more actively involved
during in-person sessions.

In contrast, scores on the distracted–focused item
appear consistent across both modes, indicating simi-
lar levels of focus regardless of delivery format. Like-
wise, there was no significant difference in concentra-
tion scores between in-person and online modes.

As presented in Table 3, polychoric correlations re-
vealed a moderate positive association between con-
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Table 2. Mean and standard deviation (mean ± SD) by
learning mode

Item in-person online
concentration 68.0 (±22.8) 63.2 (±19.7)

passive-active 63.0 (±23.1) 49.1 (±20.1)

distracted-focused 60.1 (±24.0) 60.4 (±22.4)

centration and passive-active items (r = 0.43). A
weaker positive association was observed between con-
centration and distracted-focused items (r = 0.30), as
well as between passive-active and distracted-focused
items (r = 0.23). These results suggest that the under-
lying latent construct measured by these items are pos-
itively related, with the strongest relationship observed
between concentration and passive-active items.

Table 3. Polychoric correlation matrix

con pass-act dist-foc
con 1.00
pass-act 0.43 1.00
dist-foc 0.30 0.23 1.00

Fig. 2 shows PCA loadings plot as a result of PCA
performed on polychoric correlation matrix. It can be
seen that two principal components were retained, to-
gether explaining 81.3% of the total variance (RC1:
46.9%; RC2: 34.4%). This result shows that student
cognitive engagement in not a unidimensional concept
and that concentration and passive-active load on a dif-
ferent component than distracted-focused.

Figure 2. PCA loadings plot based on polychoric cor-
relation matrix

4.1.2 Learning activities

Mean values and confidence intervals for various learn-
ing activities are displayed in the error bar plot (Fig. 3).
"Interaction with content" (e.g., reading course materi-
als, articles, or watching video content; n = 49) and
"lecture" (n = 42) were perceived as the least engag-
ing activities in terms of active involvement (passive-
active). In contrast, "active learning" (e.g., taking
knowledge tests, studying for assessment, working in-
dependently on a project, n = 31), was perceived as the
most active learning activity. The highest mean con-
centration was reported for the "interaction with col-
leagues" activity, but this result is based on only 7 re-
sponses, which limits its comparability.

4.2 RQ2: Integration of event log data
Of the 34 reported online activities, 23 responses had
corresponding LMS log data and those data were fur-
ther processed and joined with self-report responses.

Two distinct student groups were identified through
k-means cluster analysis (k = 2), as presented in Ta-
ble 4. The optimal number of clusters was determined
by inspecting the scree plot.

Table 4. Variables’ means by cluster

Variable Cluster 1 Cluster 2
activity 1.38 1.70
concentration 69.2 57.5
passive-active 51.2 38.4
distracted-focused 64.2 55.0
componentCount 3.00 4.10
timeframe 54.2 756.2

Cluster 1 represents students who are more cogni-
tively engaged in their activities, but over a shorter pe-
riod and with fewer components. Cluster 2 includes
students with lower cognitive engagement, who partic-
ipate in more activities and over a much longer time-
frame. The distinction between the two clusters is fur-
ther illustrated in the parallel coordinates plot (Fig. 4).
Each line shows normalized variables for a single stu-
dent. Cluster 1 is represented in black and cluster 2 in
red.

5 Conclusions, limitations and fu-
ture work

5.1 Conclusions
This study explored how students’ self-reported cogni-
tive engagement varies across different learning modes
and activities in a blended learning environment (RQ1),
and examined the extent to which LMS event logs can
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Figure 3. Mean and confidence interval (CI) by learning activity

Figure 4. Parallel coordinates chart integrating self-
report and event-log data by cluster (n=23)

complement and enrich self-reported cognitive engage-
ment data in online learning settings (RQ2).

For RQ1, the results showed that students reported
feeling more actively involved during in-person learn-
ing, while concentration and focus levels were similar
across in-person and online modes. Among specific
learning activities, "active learning" and "interaction
with colleagues" were perceived as the most engaging,
whereas "lectures" and "interaction with content" were
rated lowest for active involvement. Previous studies
have reported mixed results regarding levels of cog-
nitive engagement in in-person and online activities
(Huang et al., 2022; Manwaring et al., 2017). Our re-
sults also support findings that activities involving peer
interaction positively influence cognitive engagement
(Manwaring et al., 2017). In order to increase cog-
nitive engagement instructional design in blended set-
tings should offer content that requires active interac-
tion.

For RQ2, integrating LMS log data with self-reports
provided additional insights into student behavioral en-
gagement. The combined data revealed two distinct
student profiles: one group demonstrated higher cog-
nitive engagement over shorter periods and with fewer

learning components, while the other showed lower
cognitive engagement but participated in more activ-
ities over a longer timeframe. This approach high-
lighted the value of merging behavioral log data with
self-reported measures to capture a more comprehen-
sive picture of student engagement in blended learning
environments.

5.2 Limitations

The study primarily relied on one-time measurements
of cognitive engagement. Although it adopted certain
principles of ESM, data were mostly collected at a sin-
gle time point. Consequently, the design does not sup-
port within-person or longitudinal analyses, limiting
the findings to between-person comparisons.

Some bias may stem from the measurement instru-
ment used to assess cognitive engagement. To address
this, the instrument was translated using a standard-
ized linguistic validation procedure. Another limita-
tion of this study concerns the reliability of single-item
measures. While such measures help reduce partici-
pant burden in experience sampling, they raise con-
cerns about measurement accuracy. To address this,
Dejonckheere et al. (2022) proposed two time-varying
test–retest methods to estimate the measurement error
of single-item assessments. In this study, the issue of
reliability was only partially addressed.

The limited number of responses related to online
learning, and consequently fewer LMS log data entries,
may have contributed to the lack of observed differ-
ences between learning mode and learning activities.
Although the number of responses was limited, the ap-
proach presented demonstrates the potential for com-
bining self-reported data with LMS log data to capture
complementary insights into learner engagement that
would be difficult to obtain from a single data source
alone.
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5.3 Future work
Collecting data as close as possible to the learning ac-
tivity offers new possibilities for capturing authentic
and timely reflections. To enable longitudinal analy-
sis, in future research self-reported data should be col-
lected repeatedly over time, providing opportunities to
explore inter-personal patterns and relationships. ESM
offers a strong methodological foundation for this ap-
proach. Additionally, integrating event log data from
various learning support systems could give deeper in-
sights into learner behavior. Recently, Xie et al. (2024)
have proposed framework of engagement where they
mapped ESM methodologies, technologies, and statis-
tical approaches to capture the characteristics of en-
gagement in educational research. Another, more prac-
tical approach was published by Revol et al. (2024) on
prepossessing of ESM data. Using these frameworks
and tools could improve future studies.

Future research should also tackle Artificial Intelli-
gence (AI) technologies. As identified by A. Nguyen et
al. (2024), the use of AI tools in higher education may
present new challenge for student engagement, partic-
ularly in terms of motivation, autonomy, and meaning-
ful interaction with learning content. These emerging
issues and their influence on engagement dimensions
should be carefully examined and addressed in future
work, highlighting the need for further theoretical con-
ceptualization of engagement in blended learning envi-
ronment.
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