
The role of temporal patterns in students' behavior for
predicting course performance: A comparison of two
blended learning courses
Leeuwen, A. van; Bos, N.; Ravenswaaij, H. van; Oostenrijk, J. van

Citation
Leeuwen, A. van, Bos, N., Ravenswaaij, H. van, & Oostenrijk, J. van. (2019).
The role of temporal patterns in students' behavior for predicting course
performance: A comparison of two blended learning courses. British Journal
Of Educational Technology, 50(2), 921-933. doi:10.1111/bjet.12616
 
Version: Publisher's Version
License: Creative Commons CC BY-NC-ND 4.0 license
Downloaded from: https://hdl.handle.net/1887/83405
 
Note: To cite this publication please use the final published version (if
applicable).

https://creativecommons.org/licenses/by-nc-nd/4.0/
https://hdl.handle.net/1887/83405


The role of temporal patterns in students’ behavior for
predicting course performance: A comparison of two blended
learning courses

Anouschka van Leeuwen, Nynke Bos, Heleen van Ravenswaaij and
Jurgen van Oostenrijk

Anouschka van Leeuwen is assistant professor at Utrecht University, the Netherlands. Her research interests include
collaborative learning, blended learning, and teacher decision making. Nynke Bos works as a researcher at Leiden
University, the Netherlands. Her research interests concern learning analytics, technology enhanced learning and
self-regulation of learning to improve student success. Heleen van Ravenswaaij is PhD researcher and consultant at
University Medical Centre Utrecht, the Netherlands. Her research interests include blended learning, developing soft
skills and assessment and feedback. Jurgen van Oostenrijk works as research facilitator at Utrecht University,
the Netherlands. His activities primarily concern the implementation and evaluation of technology-enhanced
education. Address for correspondence: Anouschka van Leeuwen, Utrecht University, Faculty of Social and
Behavioral Scieces, Department of Education, Utrecht, the Netherlands. Email: A.vanLeeuwen@uu.nl

Abstract
In higher education, many studies have tried to establish which student activities
predict achievement in blended courses, with the aim of optimizing course design. In
this paper, we examine whether taking into account temporal patterns of student
activity and instructional conditions of a course help to explain course performance. A
course with a flipped classroom model (FCM) and a course with an enhanced hybrid
model (EHM) were compared. The results show that in both cases, a regular pattern of
activity is more effective than low activity. In the FCM, initial low activity is detrimental,
whereas in the EHM the strategy of cramming later on in the course can still lead to
higher course performance. In the FCM, a combination of face-to-face and online
activity led to sufficient course performance, whereas in the EHM, face-to-face or online
activity on its own could lead to sufficient course performance. This study offers a
methodological and empirical contribution to exploring the role of patterns of activity
and instructional conditions for course performance.

Introduction
Courses in higher education increasingly make use of blended learning, ie, the combination of
online and face-to-face activities to optimize learning (Staker & Horn, 2012). In higher education,
many studies have tried to establish which student activities predict achievement in blended
courses, with the aim of optimizing course design and thereby to avoid dropout and to increase
retention rates (Tempelaar, Rienties, & Giesbers, 2015). The underlying rationale is that by exam-
ining which student activities predict achievement, early intervention on these activities may
prevent dropout in subsequent cohorts. As such, this endeavor is an example of learning ana-
lytics, which refers to “the measurement, collection, analysis and reporting of data about learners
and their contexts, for purposes of understanding and optimizing learning and the environments
in which it occurs” (Siemens & Ga�sević, 2012).
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While many studies aim to predict course performance based on students’ use of resources or stu-
dent activity within a blended course (Tempelaar et al., 2015), the complication with these
predictions is the large variation in the types of learning activities (eg, posted discussion messages
or completed online quizzes) students engage in. This variation results in differences in the
strength by which predictions can be made about course performance (Ga�sević, Dawson, &
Siemens, 2015). For example, in their exploratory study, Macfadyen and Dawson (2010) con-
clude that some, but not all, digital tools used within a course are solid predictors of course
performance. They found an explained variance of 33 percent of the usage of tools on course per-
formance, based on three technologies used within the course: number of discussion messages
posted, number of assessments finished and number of mail messages sent. In contrast, Zacharis
(2015) found a 52% explained variance based on the use of four different learning activities:
reading and posting messages, content creation contribution, quiz efforts and number of files
viewed.

As overview studies by Tempelaar et al. (2015) and Ga�sević, Dawson, Rogers, and Gasevic
(2016) confirm, there is large variability in the explanatory power of specific learning activities
within different studies. It is, therefore, difficult to draw general conclusions about the explana-
tory power of specific activities in blended courses. The reviews by Tempelaar et al. (2015) and
Toetenel and Rienties (2016) indeed indicate that when these studies are put together, variables

Practitioner Notes
What is already known about this topic

• There is a diversity of blended learning models, with each model having their
own specific design principles of the combination of online and face to face
activities.

• Student activity in blended courses can be used to predict course performance or
enhance course design.

• The explanatory power of these predictions shows a large variability across stud-
ies, making it difficult if not impossible to draw general conclusions about the
explanatory power of specific learning activities in blended courses.

What this paper adds

• This paper investigated the added value of considering temporal patterns of stu-
dent activity when explaining course performance.

• Our results show the importance of taking into account instructional conditions
related to students’ study strategies and course performance.

• In courses with a flipped classroom design, regular study behavior is beneficial,
while in a more traditional form of blended learning, procrastination may still
lead to sufficient course performance.

Implications for practice and/or policy

• For each blended learning model, students might need different study strategies
to perform well in the course.

• When confronted with a new blended learning model, students need time or
explicit guidance to adjust to this model, since students tend to use their previous
study strategies.

• In courses with a flipped classroom design, it is beneficial to monitor students’
activity early on in the course to ensure regular study patterns.
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in terms of separate activities do not substantially predict course performance. Building a general-
ized theoretical understanding of the success of blended learning, therefore, remains difficult. In
this paper, we put forward and investigate two possible explanations for the variation in which
specific activities predict course performance.

A first possible explanation is that often, temporal patterns of student activity are not taken into
account, for example, the sequence and timing of student activity (Barbera, Gros, & Kirschner,
2014). When analyzing information on the level of the whole course, temporal information is
lost (Barbera et al., 2014), which leads to a loss of in-depth insights about differences between
students or about the role of fluctuations in activity. The predictive value of data about student
activity may thus be enhanced when considering either the order in which students engage in
activities or the timing of engaging in activities (Greiff, Scherer, & Kirschner, 2017). It is hypothe-
sized that better performing students may be distinguished from lower performing students by
examining their patterns of activity (Perera, Kay, Koprinska, Yacef, & Za€ıane, 2009). We, there-
fore, argue that besides examining the relation between types of activity and performance,
temporal aspects of student behavior should also be taken into account.

A second explanation for variation in the predictive value of specific learning activities is that
often, instructional conditions are not taken into account. That is, blended learning models come in
many forms, each with distinct goals and theoretical underpinnings of why the choice of activities
is suited to achieve a particular goal (Staker & Horn, 2012). Indeed, Ga�sević et al. (2016) demon-
strated that the association between students’ activity and course performance is moderated by
instructional conditions, showing differences in explained variance of course performance
between 21 and 70% for different courses. An activity that is predictive of performance in one
course, may not be predictive at all in a course with a different instructional context.

Thus, examining temporal patterns of study behavior as well as the role of instructional condi-
tions could help to explain student achievement. Nguyen, Rienties, Toetenel, Ferguson, and
Whitelock (2017) indeed found that engagement in fully online learning environments is influ-
enced by how educational designers balance their learning design activities on a week-by-week
basis, confirming the importance of temporal patterns of study behavior and instructional condi-
tions. However, in the context of blended learning, research combining these two factors is
scarce. Therefore, the aim of the present study is to investigate to what extent taking into account
temporal patterns of student activity as well as instructional conditions can help to explain stu-
dent achievement. Two blended courses in higher education were chosen that were designed
following two different models of blended learning, and which thus differed in their instructional
conditions. The first course concerned a flipped classroom model (FCM), in which delivery of con-
tent primarily occurs by means of online materials (rather than face-to-face lectures), and the
subsequent face-to-face meetings with teachers are used for guided practice and processing of
knowledge (Karabulut-Ilgu, Jaramillo Cherrez, & Jahren, 2017). In the FCM, online learning
activities serve as a preparation for the face-to-face learning activities. In this model, it is therefore
hypothesized that student achievement is highest when students regularly engage in (online)
preparation and subsequently attend teacher-guided (face-to-face) sessions.

The second course we examine employed an enhanced hybrid model of blended learning (EHM)
(Graham, 2006), in which transmission of information primarily occurred in face-to-face lectures
and small workgroups, and in which additional and supplementary resources were available
online: lecture recordings, PowerPoint presentations and formative assessments. In this model, it
is hypothesized that multiple patterns of student activity can lead to successful completion of the
course, since none of the activities serve as a precursor for the other activities. It is, therefore, not
expected that an emphasis on one particular type of activity is more predictive of student achieve-
ment than others.

Comparison of two blended learning courses 3
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Our research question is: How do a flipped classroom model and enhanced hybrid course model compare
concerning the influence of temporal patterns of activity and type of activity on student achievement?

In the FCM, online learning activities are designed as a prerequisite for the face-to-face activities.
A regular study pattern of online activity followed by attending face-to-face activities is therefore
expected to be beneficial. On the other hand, in the EHM, online materials are designed to supple-
ment face-to-face instruction. We, therefore, expect no particular study pattern to be most
beneficial. Our hypotheses for what predicts student achievement therefore are:

Hypothesis 1: In the FCM a regular, consistent pattern of activity is most beneficial for student

achievement, whereas in the EHM different patterns of activity could be beneficial for student

achievement.

Hypothesis 2: In the FCM the combination of both online and face-to-face activities is most beneficial

for student achievement, whereas in the EHM, online or face-to-face activity on its own could be bene-

ficial for student achievement.

Method
Description case 1: Flipped classroom model

Course structure
Data were collected in an undergraduate University course in the Netherlands centered around
designing educational materials (DEM). The course followed the FCM (Staker & Horn, 2012).
Table 1 outlines the weekly structure of the course.

Students studied the course materials (the course book and corresponding web lectures) and
engaged in an activity before the face-to-face lectures and working groups. The preparatory activ-
ity consisted of creating a formative question about the course materials (with PeerWise software,
see Denny, Hamer, Luxton-Reilly, & Purchase, 2008). The preparation was intended to activate
students’ prior knowledge and for students to become aware of any gaps in their knowledge, so
that the face-to-face lectures could be spent on further processing of the material instead of infor-
mation transmission (Staker & Horn, 2012).

The face-to-face lectures contained practical examples of DEM and further background informa-
tion. Recordings of the lectures were available afterwards. The formative questions were
discussed during the working group and could be practiced again by students as preparation for
the exam. During the working groups, time was available to work and receive feedback on the
group assignment, which meant students in groups of four or five designed course materials for
an actual company (eg, a customer service training for bank employees). The students were
divided over seven working groups (each with its own teacher) each of about 20–25 students.

The course lasted 10 weeks. In the first 8 weeks, the course followed the structure outlined in
Table 1. In week 9, no more meetings were scheduled. In week 10, the individual exam took

Table 1: Weekly structure of the course with FCM

Preparation (online) Lecture (face-to-face)
Working group

(face-to-face)

Study web lectures
and book
Submit formative
question

! Guest speaker with
practical example
Background
information by one
of the lecturers

! Discuss formative
questions
Work and receive
feedback on group
assignment
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place. This exam consisted of 30 multiple-choice questions and 4 open questions. It tested stu-
dents’ knowledge about DEM as well as their ability to apply their knowledge to new examples.
Final grades were scored on a scale from 1 to 10 with 10 being the highest and 5.5 being the
pass mark.

Participants
One hundred and fifty students were enrolled in the course, of which 146 signed informed con-
sent to use their data for research purposes. The mean age of these students was 23.5 years
(SD 5 4.6); 114 students were female.

Measuring student activity
The online activities automatically logged and timestamped: frequency and duration of viewing
web lectures, and submitting and practicing formative questions. Attendance at lectures and
working groups meetings were recorded on paper at the start of each meeting. The number of
hours spent on reading the course book was collected purposefully by means of a weekly, online
questionnaire that was filled out by the students at the start of each working group on their
smartphone, tablet or laptop. The average number of completed questionnaires over 8 weeks was
130.71 (SD 5 3.5), indicating a high and steady completion rate (out of the sample of 146).
Because measurement of number of reading hours relied on students’ presence at the working
groups, we did have some missing values (around 15 per week). In the cluster analyses that we
used (see below), variables are computed in the form of an aggregated score. When we did not
have information about reading hours, those students were not taken into account in the aggre-
gated score. For all other variables, there were no missing values.

Description case 2: Enhanced hybrid model

Course structure
Data were collected in an undergraduate University course in the Netherlands centered around
Contract Law (CL). The course followed the EHM (Graham, 2006). The outline for each week can
be seen in Table 2.

On the first day of the week, students were offered a face-to-face lecture in which theoretical con-
cepts were addressed, and for which they could download the corresponding Powerpoint
presentation beforehand. These lectures were university style lectures, with the instructor lectur-
ing in front of the class. The lectures were recorded and made available directly after the lecture
had taken place and were accessible until the exam had finished. If parts of the lectures were
unclear, students could use the recorded lectures to study these parts or rewatch the entire lec-
ture if needed. The course consisted of three face-to-face lectures, with a 120-min duration and a
15-min break in halftime. Lecture attendance was not mandatory. In week 4, students took the
exam.

Table 2: Weekly structure of the course with EHM

Preparation
(online)

Lecture
(face-to-face

and/or online)
Preparation

(online)

Working
group

(face-to-face)

Case-based lecture
(face-to-face

and/or online)

Download
PowerPoint

! Lecture on
theoretical
concepts

! Complete
formative
assessments

Discuss
formative
questions

! Lecture on
complex, real-life
case studies

Comparison of two blended learning courses 5
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Each week, students could attend a working group (sized 20–25 students); attendance was regis-
tered by the teacher. Before attending these working groups, students could complete two
formative assessments. First, a formative assessment consisting of four short essay questions.
These questions were not scored but discussed during the working group. Second, a formative
assessment consisting of 10 multiple-choice questions, developed so students could determine
their mastery of the course material for that week.

In the final segment of the week, students were offered a case-based lecture in which theoretical
concepts were explained with cases and specific situations of CL. These three case-based lectures
were also recorded and made available directly after the lecture had taken place and were accessi-
ble until the exam had finished. All the recorded lectures were made available through the
Learning Management System Blackboard.

The course lasted 4 weeks. In the first 3 weeks, the course followed the structure outlined in Table
2. In week 4, no more meetings were scheduled since the individual exam took place in that
week. This exam consisted of 25 multiple-choice questions and four short essay questions. Final
grades were scored on a scale from 1 to 10 with 10 being the highest and 5.5 being the pass
mark.

Participants
Five hundred sixteen students were enrolled in the course, of which 470 signed informed consent
to use their data for research purposes. The mean age of these students was 22.1 years
(SD 5 4.9); 216 students were male.

Measuring student activity
The online activities were automatically logged and timestamped: downloading PowerPoint, fre-
quency and duration of viewing recorded lectures (both the plenary lecture and the case-based
lecture) and submitting multiple-choice and uploading formative short essay questions. Lecture
and working group attendance was registered on an individual level by scanning student cards
upon entry of the lecture hall or by the teacher through an attendance list. There were no miss-
ing values: each student was active in the VLE and when students did not attend face-to-face
activities, this was registered as absence.

Analyses
For both the FCM and EHM case, two cluster analyses were performed. Two-step cluster analyses
were performed in SPSS, which can handle both ordinal and scale data and automatically stand-
ardizes scale data. SPSS selects the number of clusters based on the smallest BIC value, which is a
fit index that is good at predicting the right number of clusters, even for small sample sizes
(Nylund, Asparouhov, & Muth�en, 2007). We thus report here the cluster solutions with lowest
BIC values and highest interpretational value. We drew on Schwarz (1978) and Rousseeuw
(1987) to determine the validity of the clustering; a model fit of at least 0.3 was considered to be
fair.

Temporal patterns of student activity
To determine the relation between patterns of activity and course performance, cluster analyses
were performed to establish whether students showed different temporal or activity patterns. The
clusters were subsequently compared on course performance. For both cases, the cluster analysis
was performed on students’ activity score for each week, which is the sum score of all activity for
that particular student in a particular week (see below).

For the FCM, an activity score was calculated for each of the 10 weeks of the course. A higher
score indicates more activities were undertaken in that particular week. Each of the following

6
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activities contributed to the weekly score: (1) watching web lectures or online lectures, (2) being
present at the face-to-face meetings (lecture and working group), (3) reading course materials,
(4) creating a formative question, (5) practicing with formative questions. Thus, a score was cal-
culated for each of the 10 weeks, with a higher score indicating engaging in more activities (not
necessarily the number of hours of activity). For example, a student might attend the lecture and
working group, study the book and create a formative question, and watch two web lectures. In
this case, the score includes the sub scores for those activities, but the score would have been
higher if the student had for example also practiced course material by answering questions in
the Peerwise system. The Appendices display how the activity scores are decomposed into scores
for the various activities.

Because cluster analysis is most reliable and easier to interpret with fewer variables, the activity
scores were calculated in pairs of weeks, so variables for weeks 1 and 2, weeks 3 and 4, weeks 5
and 6, weeks 7 and 8 and weeks 9 and 10 (five variables). In the last two weeks (Weeks 9 and
10), there were no more face-to-face meetings and this variable showed little variance. It was,
therefore, excluded from further cluster analyses.

For the EHM, activity scores were calculated for the first three weeks of the course (as in the
fourth week, students took the exam). Each of the following activities contributed to the weekly
score for the EHM: (1) attending face-to-face lectures, (2) completing formative essay questions,
(3) watching the lecture recording, (4) downloading PowerPoint presentation, (5) completing
formative multiple-choice questions. Students were able to access the online learning resources
on multiple occasions. Each new access contributed to their activity score.

Types of activity
To investigate the relative importance of online and face-to-face activities for course performance,
for each week an activity score was calculated for online activities and for face-to-face activities.
In the FCM, again weekly pairs were created to lower the number of variables. Thus, variables
included “online activity week 1 and 2,” “face-to-face activity week 1 and 2,” “online activity
week 3 and 4,” and so on. For the EHM, a similar procedure was followed, although weeks were
not paired given the relatively short duration of 4 weeks. Then, a cluster analysis was conducted
to examine the activity scores for online and face-to-face activity as the two courses progressed.
The clusters were compared for course performance.

Results
Patterns of weekly activity in relation to student achievement

Flipped classroom model
The cluster analyses with weekly activity showed that students could be placed within four clus-
ters, see Table 3 and Supporting Information Figure S1. The cluster solution, with a fair fit of

Table 3: Cluster solution for activity scores in the Flipped Classroom Model

Week Exam score

Cluster n 1 2 3 4 5 6 7 8 M SD

1 54 6.78 1.02
2 42 6.36 0.98
3 33 7.15 1.01
4 17 6.38 0.74

Note. Dotted grey 5 average activity; dark grey 5 low activity; striped 5 high activity.

Comparison of two blended learning courses 7
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around 0.3, showed, in order of size: (1) steady average weekly activity, (2) low first two weeks
activity, which continues to drop, (3) steady far above average weekly activity, and (4) very low
first two weeks activity, but a rise to average in the following weeks. Cluster 1 seems to vary per
week in what type of activity students mostly engage in; the scores for answering formative ques-
tions and watching recordings of the lectures show considerable variation, for example. Cluster 2
shows decreasing activity overall, especially concerning lecture attendance and formative ques-
tions. Cluster 3 shows overall high activity in both the face-to-face and online activities and seem
to engage in every activity that is offered to them. Cluster 4 slowly increases in activity, but the
distribution over the several activities varies. Some weeks show higher scores on lecture attend-
ance, for example, and there is also variation in activity around formative questions and amount
of reading hours.

The four clusters differed significantly on exam grade (F(3) 5 4.74, p 5 .004). The very low activ-
ity cluster (cluster 2) had significantly lower exam scores than cluster 1 with steady average
activity (p 5 .041, d 5 0.42), and cluster 3 with high activity (p 5 .001, d 5 .81). In addition, the
very active cluster (3) scores significantly higher on the exam than cluster 4 (p 5 .008, d 5 .89).

Enhanced hybrid model
The cluster analysis with weekly activity in the enhancing hybrid course showed a three-cluster
solution, see Table 4 and Supporting Information Figure S2. This cluster solution has a fair fit of
0.2. Cluster 1 shows an increase in all the activities as the course progresses. They do not seem to
have a clear preference for a specific learning activity. Students in cluster 2 show a similar pat-
tern, but they start attending lectures in the second week, while students in cluster 1 skip
lectures during the entire course. Students in cluster 3 show a moderate activity in the first 2
weeks and start preparing themselves in the last week, mainly by watching lectures recordings.

The three clusters differed significantly on exam score (F(2) 5 18.86, p< .001). Cluster 3 showed
a significant lower score on their exam compared to clusters 1 (p< .001, d 5 0.52) and 2
(p< .001, d 5 0.68).

Importance of different types of activity for student achievement

Flipped classroom model
A three-cluster solution was selected with a fair fit (0.3), see Table 5 and Supporting Information
Figure S3. The first cluster indicated low to average weekly activity in both face-to-face and
online activities, with activity decreasing as the weeks progressed. The peaks in weeks 1 and 5
seem to be caused by high scores on lecture attendance and activity with the formative questions.
The second cluster showed regular, low to average weekly activity in online activities, but steady
weekly activity in face-to-face activities. The variation in online activity seems to concern espe-
cially the amount of watching web lectures and practicing with formative questions. The third
cluster showed regular, average weekly activity in face-to-face activities, but occasional peaks in

Table 4: Cluster solution for activity scores in the enhanced hybrid model

Week Exam score

Cluster n 1 2 3 M SD

1 204 7.61 1.58
2 149 7.36 1.66
3 117 6.44 1.86

Note. Dotted grey 5 average activity, dark grey 5 low activity, striped 5 high activity.
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online activities. These peaks especially concern watching online web lectures or recorded
lectures.

The three clusters differed significantly on the individual exam grade (F(2) 5 4.12, p 5 .017). The
cluster of students with low weekly activity displayed a significantly lower average exam score
than students in the cluster with a focus on face-to-face activity (p 5 .006, d 5 0.54) and lower
than students in the cluster with a focus on online activity (p 5 .043, d 5 0.42). The face-to-face
and online clusters did not significantly differ from each other.

Enhanced hybrid model
The cluster showed a four-cluster solution with a fair fit (0.3), see Table 6 and Supporting Infor-
mation Figure S4. Each cluster shows an increase of the activity throughout the course. Student
in clusters 1 and 2 hardly attend any lectures and thereby treated the course as a fully online
course. Students in cluster 2 show more online activity compared to students in cluster 1. Stu-
dents in clusters 3 and 4 used the course materials in a blended fashion; students in cluster 4 do
so as intended by the educational design by combining the face-to-face activity with the online

Table 5: Cluster solution for face-to-face and online activity in the Flipped Classroom Model

Week Exam score

Cluster n Activity 1 2 3 4 5 6 7 8 M SD

1 55 Face-to-face 6.36 1.04
Online

2 50 Face-to-face 6.85 0.95
Online

3 41 Face-to-face 6.95 0.93
Online

Note. Dotted grey 5 average activity, dark grey 5 low activity, striped 5 high activity.

Table 6: Cluster solution for face-to-face and online activity in the Enhanced Hybrid Model

Week Exam score

Cluster n Activity 1 2 3 M SD

1 208 Face-to-face 6.88 1.80
Online

2 105 Face-to-face 7.81 1.59
Online

3 80 Face-to-face 7.32 1.59
Online

4 77 Face-to-face 7.35 1.71
Online

Note. Dotted grey 5 average activity, dark grey 5 low activity, striped 5 high activity.

Comparison of two blended learning courses 9
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learning resources from the start of the course. Students in cluster 3 start attending more face-to-
face lectures as the course proceeds.

There are significant differences in course performance when comparing the differences between
online and face-to-face activity (F(3) 5 7.02, p< .001). Students in cluster 1 scored significantly
lower on the exam compared to students in cluster 2 (p< .001, d 5 0.54).

Discussion
Studying students’ study behavior in order to predict course performance is an often-used strat-
egy to optimize course design and prevent dropout. Many studies have tried to determine these
behaviors by aggregating frequencies of student activities and correlating them to course per-
formance. In this study, we argued that when examining these behaviors, it is important to take
into account temporal patterns of activity as well as instructional conditions in which student
activity takes place to determine and interpret the relation between study activities and course
performance. Two blended courses in higher education, which differed in instructional condi-
tions, were used as example cases. The results are both of methodological and empirical
relevance.

Discussion of findings
Based on the courses’ instructional conditions, we generated two specific hypotheses about the
relation between temporal patterns of activity and course performance. Our first hypothesis was
that in the FCM, a regular pattern of activity would lead to higher course performance, whereas
in the EHM several patterns of frequency of activity could be equally effective. The results showed
that in both courses, a regular pattern of below average activity led to worse performance than
the other patterns of activity. Steady above-average activity was beneficial for course perform-
ance. This is in line with general theories about student engagement and empirical studies
showing a certain level of effort or engagement is a prerequisite for learning (Chi, 2009).

A difference between the two courses laid in the clusters of students whose study pattern changed
during the course. In the FCM, students that started with low activity and then changed to aver-
age activity as the weeks progressed, had lower course performance than students with steady
above-average activity. In contrast, in the EHM students that managed to change from low to
higher activity performed equally well as the students that showed steady activity. One could say
that the strategy of “cramming” or procrastination (Schraw, Wadkins, & Olafson, 2007) was
thus successful in the EHM, but not in the FCM. This is in line with our hypothesis that stated
that a steady level of engagement is successful in the FCM. A possible explanation for students’
initial inactivity in this small cluster is that the FCM might take time to get used to. Empirical
studies point out the change in attitude and behavior students need to make to let go of strategies
that they employ in more “traditional,” lecture-based courses when they first encounter the FCM
(eg, Orton-Johnson, 2009). As the students in our sample were second-year undergraduate stu-
dents, this explanation could hold true. In a traditional course, lectures are mostly an
explanation of the course material and students can choose to prepare or to study the materials
after attending the lecturer. Therefore, we do think students are familiar with the concept of pre-
paring, but also with the option of not doing so. Of course, in the FCM, students still have the
choice to not prepare. It might be that as students have more experience with the FCM, they
more clearly come to see the advantage of preparing and more often choose to do so. Based on
our data, we cannot give a definite answer to that question. A direction for future research is to
determine in what way students are best prepared for the FCM. Another recommendation based
on this finding of initial low activity is that it might be beneficial to monitor students’ activity
early on in the course to ensure regular study patterns later on. Automatic monitoring of stu-
dents’ online activity could be a means to do so. The obtained data could be used to provide
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support to students directly, or to inform instructors that a student is in danger of low course per-
formance (Macfadyen & Dawson, 2010).

Our second hypothesis concerned the types of activity students engage in, in particular the differ-
ence between face-to-face and online activities. As the FCM is based on the idea that online
preparation followed by teacher led face-to-face sessions is more beneficial for learning than lec-
tures in which only information transmission takes place (Staker & Horn, 2012), the hypothesis
was that students who engage in both type of activities would perform better than those who did
not. In contrast, as the EHM provides multiple modalities or media for studying, it was expected
that multiple strategies would be effective. The results showed that for the FCM, one cluster was
found that showed low numbers for both types of activity. For the remaining students, an almost
equal division was found between average online activity and high face-to-face activity, and vice
versa. These students thus seem to have adjusted to the FCM in the sense that they at least
engaged at an average level in both face-to-face and online activities. Whether they laid the
emphasis on the one or the other did not make a difference for course performance. In the EHM,
more variation of strategies was found, in which typically either face-to-face or online activity
was dominant. Interestingly, the strategies also evolved as the course progressed. Similar to the
first analysis, there is one cluster of students that shows low activity overall. This cluster is the
only one that scores significantly lower on course performance than the other three. Again, this
finding demonstrates the prerequisite of a certain amount of engagement for achievement, but it
also shows that, in line with our expectations, the instructional conditions of EHM allowed stu-
dents to be free in their choice of strategy and to change their strategy during the course. As
other studies have shown, providing multiple modalities of course materials in an enhancing
hybrid course does not mean students will not go to lectures anymore, but it provides freedom to
strategically use the online resources (Larkin, 2010).

Limitations and directions for future research
Some limitations should be taken into account when interpreting the results of the present study.
First, some of the cluster analyses we ran did not show the most desirable fit of the data, although
we did select the best fitting cluster solutions. A possible explanation is that the variables we clus-
tered the students on are not the characteristics that most clearly distinguish the students. There
may be other factors that, if they were inputted into the clustering process, might have resulted
in a stronger cluster solution. For example, psychological factors such as motivation and self-
efficacy might have helped to distinguish the clusters further, although these constructs are also
sometimes difficult to measure as they tend to fluctuate during a course (Winne & Jamieson-Noel,
2002). This relates to a second limitation: While our explicit aim was to select two courses in
higher education that differed in their instructional design, some other differences between the
two cases may have accounted for differences in study patterns and their relation to students’
course performance. In particular, the difference in duration of the courses can be hypothesized
to have influenced study patterns, although to the best of our knowledge, a systematic compari-
son between courses with the same instructional conditions but different duration is not (yet)
available. This comparison could thus be a suggestion for future research.

Overall, our study illustrates how patterns of activity and hypotheses about those patterns based
on instructional conditions, are a valuable tool in understanding the relation between what stu-
dent do during a course and how well they subsequently perform. With our analyses, we have
moved from aggregate course-level measures to weekly measures of student activity. As Barbera
et al. (2014) suggest, temporal analyses could be looked into even more closely with more fine-
grained levels of analysis, for example by taking each event students engage in as the unit of anal-
ysis instead of variables defined at the student level. Another direction for future research is to
further delve into theoretical explanations for our findings, in particular to explain what factors
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contribute to students changing or adapting their study strategies in blended courses. A mixed
method approach where qualitative data is also collected could be a way to move forward.

To conclude, in the present study, an exploration of the role of both temporal patterns of students’
behavior and the role of instructional conditions were combined, thereby extending existing
research that often focuses on one of the two. Understanding of students’ course performance in
blended learning remains an important topic for future research. The present study contributed
to the methodological approach by which we may do so, and yielded new research questions that
may guide this investigation.
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