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Summary

The aim of this dissertation was to contribute to the understanding of university
students’ self-regulated learning and the effectiveness of specific learning activities in a real-
world learning setting. In university settings in particular, learning is not only simply delivered
by a teacher and absorbed by students but learning success largely depends on students’
behavior. Hence, it is necessary to analyze what students do in a real-world learning setting and
how these activities are related to successful learning. To do so, I assessed students’ learning
behavior and motivation while attending a lecture class and their association with learning
outcomes. In this dissertation, several evidence-based learning activities were implemented in
a large university course and their use as well as learning outcomes were evaluated empirically
across five cohorts of students between spring 2018 and spring 2022.

The dissertation builds on a supply-use model of learning in higher education. In
addressing all parts of the model, I describe learning in a university setting and models of self-
regulated learning that fit into this context while also discussing different desirable learning
outcomes. | present findings on the role of evidence-based learning activities as well as
students’ individual prerequisites for academic success. Finally, I present my own empirical
findings and, in the last section, I discuss how they can be placed in the context of the state of
research. In all three peer-reviewed and internationally published Papers, the use of specific
evidence-based learning activities was assessed in large university lecture classes. I
continuously aimed to improve the understanding of learning activity use by assessing students’
learning intentions (Paper 1), adapting the assessment of activity use (Papers 2 and 3), and
identifying different activity use patterns (Paper 3). Students who used many learning activities
gained more knowledge beyond motivation and prior achievement (Papers 1 and 3), they further
experienced less motivational decline over the course of one semester (Paper 2), and acquired

a more accurate self-assessment of their own knowledge (Paper 3).
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1. Introduction

Higher education is aimed at equipping students with advanced knowledge in their field
of study but also at fostering cross-curricular competencies (European Commission, 2018;
UNESCO, 2012). Among others, the ability to self-regulate one’s learning and the (further)
development of one’s scientific interest are desirable outcomes of higher education (Helmke &
Schrader, 2010; Spinath & Seifried, 2018). To achieve these multiple and complex aims of
higher education, it is not only university students who are challenged but university teachers
who are challenged as well.

On the teachers’ side, the challenge is to give as many students as possible the
opportunity to learn as much as possible. To do so in an effective way, teachers should offer
learning activities that have been found to be effective for learning in empirical studies (i.e.,
engage in evidence-based teaching; see, e.g., Saville, 2010; Schwartz & Gurung, 2012). On the
students’ side, the challenge lies in the self-regulated use of learning opportunities in a context
that comes with less external control than in secondary school. To do so, students need
motivation but also self-regulatory skills and metacognition (Pintrich, 2004). However,
empirical studies have found that students’ motivation decreases over time (e.g., Benden &
Lauermann, 2021; Kosovich et al., 2017), and that students’ abilities to correctly monitor and
self-regulate their learning are suboptimal (e.g., Bensley et al., 2015; Foster et al., 2017; Peverly
et al., 2003). Finally, teaching and learning alike are tied to an institutional context and
associated requirements. Such requirements are reflected in, for example, the number of
students in courses, the resources teachers have for their teaching, and their capacities to give
students individual feedback. The importance of the learning context became even more visible
during the COVID-19 pandemic and the online teaching and learning that ensued. This change
of context additionally challenged teachers to spontaneously adapt their teaching and
challenged learners to self-regulate their learning even more (Lockl et al., 2021; Schwab et al.,

2022).



This dissertation builds on research on effective learning activities and multiple
desirable outcomes of teaching in higher education. I investigated how students learn and which
variables explain several outcomes in self-regulated learning contexts. The focus lies on
students’ use of specific evidence-based learning activities as a behavioral and proximal
predictor of their success in a real-world learning setting.

I begin by introducing a supply-use model for teaching and learning in higher education.
This model serves as the theoretical framework for this dissertation and outlines the processes
under study. Subsequently, I provide an explanation of the model’s key components: the
implications of the need for self-regulation in the context of higher education, the various
learning outcomes that are desired in self-regulated learning environments, the significance of
individual learning prerequisites, the role of motivation as a distinct prerequisite, and, finally,
the impact of specific behavior on students’ learning outcomes. I describe the specific context
and learning activities under study and present open research questions and the aims of this
dissertation, followed by the three empirical studies that were conducted to contribute to the
understanding of higher education students’ learning behavior and motivation in a real-world
learning setting. In the empirical studies, evidence-based learning activities were implemented
in a lecture class and evaluated across five cohorts of undergraduate students. In the first paper,
I and my coauthors examined whether the use of evidence-based learning activities could
account for knowledge acquisition beyond learning prerequisites and whether motivation
played a role in explaining the use of these activities (Paper 1: Bosch et al., 2021). Then, in
light of the challenges posed by the COVID-19 pandemic on student motivation, we compared
motivational trends between a regular semester and a pandemic-related online semester and
investigated whether evidence-based learning activities could help sustain students’ motivation
in different contexts (Paper 2: Bosch & Spinath, 2023a). Finally, we examined whether the use
of evidence-based activities could account for students’ enhanced metacognitive accuracy.

Additionally, we explored the possibility of identifying distinct subgroups of students on the



basis of their specific patterns of activity use (Paper 3: Bosch & Spinath, 2023b). At the end of
this dissertation, I generally discuss the empirical findings, including the strengths and
limitations of the three papers. I present directions for future research as well as implications

regarding the study of evidence-based learning activities and their practical implementation.

2. Teaching and Learning as Supply and Use

Supply-use models offer an integrative framework for capturing teaching and learning
processes as well as different contextual characteristics that are important for learning (Seidel,
2014; Vielufet al., 2020). Teaching can be understood as the creation of learning opportunities,
and successful learning requires the use of these opportunities. Consequently, supply-use
models differentiate three levels: the supply of learning opportunities, the use of learning
opportunities, and the learning outcomes that result from use of learning opportunities
(Briihwiler & Blatchford, 2011; Fend, 1984; Helmke & Weinert, 1997; Seidel, 2014). With
supply-use models, the complex interplay of many different factors on different levels in
specific learning contexts can be considered (Brithwiler & Blatchford, 2011; Seidel, 2014).
However, empirical research that has attempted to simultaneously capture variables from
different levels of these models and evaluate their interrelationships is scarce (see also Seidel,
2014).

One basic assumption in supply-use models is that the best learning outcomes can be
expected if the supply is of high quality and used to its maximum extent (Fend, 1984).
Consequently, teaching quality affects students’ achievement indirectly but only if students use
the provided learning opportunities (Fend, 1984; Halpern & Hakel, 2003). In a recent review,
Christ et al. (2022) evaluated students’ learning processes as mediators of teaching quality and
students’ achievement. The authors found mediating effects, especially when students’

behavioral engagement was considered as a mediator.



The supply and use of learning opportunities might vary between contexts. Supply-use
models consider the context of the learning situation, but so far, they have mostly been applied
to the school context. When the context (e.g., university settings) leaves many degrees of
freedom to the learners, and the use of activities is optional, the learners’ responsibility for their
own success increases. Students experience less external control and must decide for
themselves which learning opportunities to seize (e.g., Schneider & Preckel, 2017; Seifried et
al., 2018; Spinath & Seifried, 2018). As such, learners are considered active participants in their
own learning (e.g., Zimmerman, 2002). To determine the predictors of students’ active use in
contexts with low external control, supply-use models consider individual characteristics, such
as students’ learning prerequisites (e.g., prior knowledge, cognitive ability, learning strategies,
motivation, effort). These prerequisites are thought to explain the use of activities and thereby
also indirectly influence learning outcomes via behavior (Brithwiler & Blatchford, 2011;
Helmke & Briihwiler, 2018; Helmke & Weinert, 1997; Seidel, 2014).

Building on these models, a supply-use model for university learning and teaching was
adopted as the framework for this dissertation (see Figure 1). The basic idea of supply and use
in learning situations was maintained. However, in a university setting, further differences
compared to school must be considered. Students in higher education have a longer learning
history, more knowledge, and more experience with learning from school. Given students’
advanced knowledge and experience in education, it could be argued that quality of provided
learning opportunities no longer has as great an impact as it did in primary and secondary
school. Students’ advanced individual learning prerequisites might help them learn regardless
of teaching methods and learning opportunities (see Schneider & Preckel, 2017 for a similar
reasoning). However, in their review of meta-analyses Schneider and Preckel (2017) identified
many variables related to teaching methods with medium to large effects on higher education
students’ performance. Consequently, although indeed, learning outcomes heavily rely on

students’ learning prerequisites and learning behavior (Credé & Kuncel, 2008; Kéller, 2012;



Richardson et al., 2012), teachers are also challenged to supply effective learning opportunities
to achieve the aims of higher education (see, e.g., Boser et al., 2017; Dunn et al., 2013).
Figure 1

A Supply-Use Model of Learning and Teaching at a University (adapted from Bosch et al.,

2021)

Current Learning Situation

Institutional Context
Large lecture classes, multiple and high demands, low external control of students’ activities,
need for self-regulated learning

Teachers Supply evidence- Use
e.g, based learning of Learning Outcomes
knowledge, = [—>| activities e.g., ™ learnin » knowledge, motivation,
beliefs, distributed practice, rming metacognitive accuracy
. . . activities
experience practice testing
i
Z
Students’ Individual Learning Prerequisites .| Previous Outcome
e.g., cognitive ability, prior knowledge, motivation, study habits prior achievement

Learning History

In the institutional context, many factors can be considered, such as the subject of study,
the learning material, and the form of the course (see, e.g., Helmke & Schrader, 2010). Learning
institutions define the resources for teaching and sometimes the teaching format. At the
undergraduate level at universities, such requirements often result in large lecture classes with
many students (Schneider & Preckel, 2017), weekly lecture sessions taught by a lecturer, and
an exam at the end of a course (e.g., Rutkiene & Tandzegolskiene, 2015; Watts & Schaur,
2011). Within these limits, university teachers have some degrees of freedom to design their
courses (e.g., how to present the content or which additional activities and feedback to offer).
In large courses, teachers should offer learning opportunities that can be used by many students
and will enable students with heterogeneous learning prerequisites to learn as much as possible.

To achieve this goal, teachers should engage in evidence-based teaching and should supply
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their students with learning opportunities that have been shown to promote student learning in
controlled settings (Boser et al., 2017; Dunn et al., 2013). Considering the supply of learning
opportunities as a central aspect of teaching focuses on changeable aspects of teaching and
consequently enables university teaching to be improved for different teachers (Spinath &

Seifried, 2018).

2.1 Self-Regulated Learning in Higher Education

The self-regulation of learning is required for students to be successful when studying
at the university level. From the self-regulated learning perspective, “learning is viewed as an
activity that students do for themselves in a proactive way rather than as a covert event that
happens to them in reaction to teaching” (Zimmerman, 2002, p. 65). Learners are
conceptualized as metacognitively, motivationally, and behaviorally active participants in their
own learning (Zimmerman, 1986). Connecting this thought to supply-use models implies that
students need to regulate their participation in the activities that are offered to them.

The learning process itself is described as a cyclical process in several models of self-
regulated learning, including feedback loops (e.g., Schmitz & Wiese, 2006; Winne, 1996;
Zimmerman, 2002; 2008). The models describe three cyclical phases: In the preaction phase,
learners analyze the task (in relation to their needs, abilities, and motivation), plan activities,
and set goals. In the action phase, actions are taken to learn. Learners need to control their
learning strategies and monitor their own progress. In the self-reflection phase, learners evaluate
learning outcomes and react to the results. The outcome of the self-reflection phase may shape
how the next cycle of learning unfolds. This cyclical process as well as reciprocal effects are
also indicated in Figure 1. For example, when considering the role of motivation in self-
regulated learning in general (Schwinger & Stiensmeier-Pelster, 2012) and as a potential
predictor of ongoing activity use more specifically (e.g., Putwain et al., 2019), the maintenance

of motivation is an important learning prerequisite to use learning activities, but it is also an
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outcome of activity-use. Further, a learning outcome (e.g., acquired knowledge) from the first
application of a learning activity might be integrated as a new learning prerequisite (e.g., prior
knowledge) for a different future activity. And if students have good experiences with a learning
activity, they might add it to their repertoire and improve their study habits.

In an ideal scenario, students are aware of their own strengths and limitations, set their
goals realistically, choose appropriate strategies, monitor their behavior and progress, evaluate
their progress accurately, and then adapt their goals and strategies accordingly (see
Zimmerman, 2002). This scenario highlights the need for students to accurately monitor their
own learning process and outcomes. Only when students monitor themselves accurately can
they adapt their goals and strategies in a goal-directed way. In addition, self-regulated learners
might experience self-satisfaction and motivation when they evaluate their increasing
competence and effectiveness throughout the learning process (Zimmerman, 2002). However,
not all students attending a university are ideal self-regulated learners (e.g., Bensley et al., 2015;
Peverly et al., 2003), and, for example, university students’ learning prerequisites are becoming
more diverse as more students are earning a high school diploma (Bernhard, 2021; Eckert et
al., 2015; Organisation for Economic Co-operation and Development [OECD], 2018; 2019).
As a consequence, self-regulation processes differ between individuals, and many students
struggle with self-regulation. This phenomenon can be seen in intention-behavior gaps
regarding students’ own learning behavior (Dobronyi et al., 2019), negative changes in
motivation over time (e.g., Benden & Lauermann, 2021; Kosovich et al., 2017), heightened
procrastination among students (Steel & Ferrari, 2013), as well as an inaccurate monitoring of

students’ own knowledge (e.g., Bensley et al., 2015; Dunning et al., 2003; Foster et al., 2017).

2.2 Desirable Learning Outcomes

Although prior learning outcomes (e.g., knowledge and self-assessment) are

incorporated into the next learning cycle as learning prerequisites (e.g., Zimmerman, 2008), it
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is helpful to differentiate learning prerequisites from learning outcomes within one learning
situation so that both can be investigated empirically. A central goal of higher education is to
impart knowledge, but it is also important for university students to develop cognitive,
volitional, emotional, and social competencies (European Commission, 2018; see also Helmke
& Schrader, 2010). Higher education should therefore tackle cognitive, motivational, affective,
and behavioral aspects (Spinath & Seifried, 2018). A large body of research has focused on
knowledge and performance as central learning outcomes in higher education courses (see
Schneider & Preckel, 2017, for an extensive review of meta-analyses explaining performance),
and it is intuitively reasonable to assume that students should acquire knowledge. In this
dissertation, I investigated three learning outcomes. First, I investigated the knowledge that
students acquire in a lecture class. Second, I also investigated maintained motivation as a
desirable learning outcome. The maintenance of motivation is important for students to initiate
learning processes repeatedly (e.g., Pintrich, 2004; Putwain et al., 2019), and the need to
maintain motivation is even more pronounced in the absence of external control and the need
to learn continuously over the course of one academic term (see Section 2). In addition, when
students leave higher education courses with interest in their field of study and the motivation
to learn more, such an outcome matches higher education’s goal of fostering further interest
(Helmke & Schrader, 2010). Finally, in the literature on self-regulated learning, metacognition
is considered an important learning outcome (see Section 2.1). Students need to become aware
of their own knowledge in order to initiate the next learning cycle in an adaptive way (see, e.g.,
Schmitz & Wiese, 2006). Therefore, 1 explored metacognitive accuracy as a third desirable
learning outcome in this dissertation (see also Thiede et al., 2003). Enhanced metacognition
and maintained motivation also tackle the cognitive and motivational aspects of learning

mentioned by Spinath and Seifried (2018).
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2.3 University Students’ Learning Prerequisites

Individual learning prerequisites are understood as all the knowledge, skills,
experiences, and characteristics students bring with them to the current learning situation.
Across the 38 meta-analyses reviewed by Schneider and Preckel (2017), 63 student variables
were considered to explain achievement, of which 32 could be considered individual learning
prerequisites. The authors listed motivation, intelligence, and prior achievement among the 10
most important predictors of achievement (d = 0.79-1.81). In secondary school, approximately
50 % of the variance in academic achievement is explained by individual learning prerequisites
(Helmke & Schrader, 2010; Koller, 2012), but how much variance in university achievement is
explained by individual learning prerequisites is less clear. In a meta-analysis, Richardson et al.
(2012) found that prior achievement, along with conscientiousness, effort regulation, test
anxiety, and academic self-efficacy, explained 28 % of the variance in college grade point
average.

One of the most important single predictors of school achievement is cognitive ability
(Rost, 2009). In higher education, students have successfully mastered secondary education and
are therefore believed to have—on average—better learning prerequisites (e.g., intelligence) than
the general population (Credé & Kuncel, 2008; Sackett et al., 2009). Furnham et al. (2002)
contended that in higher education, variance in intelligence tends to decrease, particularly in
selective fields of study where admission criteria typically admit only high-achieving students
with high cognitive abilities. Although intelligence is still an important predictor of
achievement in higher education (Busato et al., 2000; Lounsbury et al., 2003; Rohde &
Thompson, 2007), it is essential to look for further explanatory student variables in higher
education (see also Richardson et al., 2012). Several empirical studies have additionally
identified prior knowledge as important individual predictors of learning success in higher
education (Dochy et al., 1999; Thompson & Zamboanga, 2004). Students with high prior

knowledge can build on their existing knowledge and are therefore likely to perform better on
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exams. Furthermore, prior knowledge in part results from prior effort, which was found to be
quite stable over time (Gottfried et al., 2001). Schneider and Preckel (2017) reported a large
effect size for the relationship between prior knowledge and achievement in higher education
(d=0.79).

Prior achievement is the result of many different prior learning situations, which also
include intelligence, prior knowledge, and motivation. This cumulative effect might explain
why prior achievement is a powerful predictor of university achievement. For example, high
school grade point average (GPA) is a good predictor of success at university (» = 0.36, Kobrin
et al., 2008; p=0.40, Richardson et al., 2012; 3 =0.29, Robbins et al., 2004; d=0.90,
Schneider & Preckel, 2017). Consequently, prior knowledge and prior achievement should be
included as important control variables when investigating other important determinants of
success. When controlling for prior knowledge and achievement, variables such as motivation,
study habits, and skills still remain important individual difference variables that explain

achievement (Credé & Kuncel, 2008; Richardson et al., 2012).

3. Learning Motivation

Motivation plays a crucial role in students’ achievement, as it is thought to initiate and
direct learning behavior (Credé¢ & Kucel, 2008; Wigfield et al., 2015). The importance of
motivation beyond cognitive prerequisites and prior achievement has been shown in numerous
empirical studies ranging from the secondary school context (e.g., Dickhduser et al., 2011;
2016; Kriegbaum et al., 2018) to higher education (Credé¢ & Kuncel, 2008; Eckert et al., 2015;
Richardson et al., 2012; Robbins et al., 2004; Schneider & Preckel, 2017).

In this dissertation, motivation is conceptualized in accordance with Expectancy Value
Theory (EVT; Eccles et al., 1983; Wigfield & Eccles, 2000). According to EVT, expectancies
(how well students think they will perform) and values (how important, enjoyable, and useful

a subject or task is for them) explain students’ achievement-related choices and behavior, which
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in turn explain performance. These assumptions have received a great deal of empirical support:
When explaining performance in higher education, the expectancy-related component of
motivation is especially important to consider (Richardson et al.,, 2012; d=1.81 for
performance self-efficacy, Schneider & Preckel, 2017), whereas values explain achievement-
related choices and engagement in a subject (Musu-Gillette et al., 2015). Applying this
differentiation to the supply-use model (see Section 2), it might be plausible that expectancies
are more closely related to acquired knowledge, whereas values might explain use of learning
activities.

If students are motivated to learn, this is associated with better performance (Lazowski
& Hulleman, 2016; Robbins et al., 2004). However, higher education students’ motivation has
been found to decrease over time (e.g., Benden & Lauermann, 2021; Kosovich et al., 2017;
Musu-Gillette et al., 2015; Robinson et al., 2019). In the worst-case scenario, students fail to
meet their academic goals and drop courses (Benden & Lauermann, 2021) or even quit their
whole study program (Heublein & Wolter, 2011) due to insufficient motivation. Considering
the need for self-regulated learning in higher education, a loss of motivation appears especially
problematic. When students make independent decisions about their learning activities amidst
numerous demands and choices, as it is often the case (see Pintrich, 2004), motivation is
required continuously but can also be subject to threats. Situated EVT (Eccles & Wigfield,
2020) considers expectancies and values to be situationally sensitive. The sensitivity of
motivation to specific situations may have resulted in additional challenges in the context of
online learning. Due to the lockdowns prompted by the COVID-19 pandemic in March 2020,
both students and teachers had to adapt to new teaching and learning formats. Some empirical
studies found evidence that these new ways of teaching and learning had a negative impact on
students’ motivation (Garris & Fleck, 2022; Miiller et al., 2021; Usher et al., 2021) and

increased the demands on self-regulated learning (Lockl et al., 2021).
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Although mostly considered a learning prerequisite, motivation is also a desirable
learning outcome at universities (Helmke & Schrader, 2010). To understand the development
of motivation, EVT (Eccles & Wigfield, 2020) has assumed cyclical processes: Previous
achievement-related experiences are believed to shape motivational values. Also, in self-
regulated learning models, each action taken for learning is followed by a reflection on its
outcomes. This reflection then contributes to building up the motivation to engage in subsequent
learning-related actions (Schmitz & Wiese, 2006). Additionally, Hidi and Renninger (2006)
contended that eliciting situational interest can encourage repeated engagement, ultimately
strengthening students’ overall interest in a particular domain. Consequently, students’ learning
behavior, particularly their engagement in evidence-based learning activities, is considered one
potential means for generating situational interest and influencing achievement-related
experiences, which, in turn, could shape future motivational values. However, empirical
research investigating behavior as an antecedent of motivation is scarce.

Taken together, motivation is an important learning prerequisite, but empirical studies
have indicated a negative trend in students’ motivational development over time. At the same
time, motivation can be considered a desirable learning outcome. Research is needed to
examine the learning activities that are offered and used in the context of self-regulated learning
and their potential relationships with motivation as well as additional learning outcomes,

including knowledge and metacognitive accuracy.

4. Investigating Learning Behavior

“What professors do in their classes matters far less than what they ask students to do”
(Halpern & Hakel, 2003, p. 41). Although provocatively phrased, this quote emphasizes once
more the important message that students play an active role in the learning process and that
the teachers’ role is primarily to provide learning opportunities and get students to seize them.

Knowledge and other desirable learning outcomes are not passively accumulated by students in
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reaction to teaching but need to be actively built by the students, thus requiring considerable
behavioral and cognitive activity (Helmke & Schrader, 2010). In models of self-regulated
learning, this process is depicted in an explicit action phase (see Section 2.1); and in the supply-
use model, the active utilization of learning activities is considered a proximal determinant of
learning outcomes (see Section 2 and Figure 1).

Accordingly, in a meta-analysis, Richardson et al. (2012) found that effort regulation
was the only learning strategy that explained performance when prior achievement was
controlled for (AR? = .03). Credé and Kuncel (2008) found that study habits (study routines;
e.g., the frequency of study sessions, self-testing, review of material) explained variance in
achievement in college after they controlled for prior achievement (AR?=.03). In a recent
review, Christ et al. (2022) investigated the mediating role of learning processes between
teaching quality and students’ achievement. They found stronger mediating effects when
engagement was investigated as behavioral or metacognitive engagement rather than as
motivational beliefs or goal setting strategies. Further, in a systematic review and meta-analysis
on students’ engagement, Wong et al. (2023) found that studies that considered a behavioral
component of engagement found larger effects on academic achievement (» = .39) than studies
that considered cognitive (r=.31) or affective (»=.26) engagement measures. These two
systematic reviews further emphasized the usefulness of studying effort or engagement when
explaining learning success. Further, it seems more useful to assess actual behavior rather than
using self-report scales that assess the use of abstract strategies by asking participants to indicate
which strategies they typically apply across learning situations (e.g., Pintrich et al., 1993;
Richardson et al., 2012). Students’ learning behavior seems to be a promising predictor of
achievement. But still, behavioral components (Wong et al., 2023), study habits (Credé¢ &
Kucel, 2008), engagement (Christ et al., 2022), and effort (Richardson et al., 2012) are all rather

vague terms that need to be operationalized specifically in empirical studies.
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4.1 Evidence-Based Learning Activities

To conduct more accurate investigations of what exactly students do when they invest
time, effort, or engagement, students’ learning behavior should be assessed by targeting specific
activities in a specific learning situation (see also Artelt, 2000). When students need to organize
their learning on their own, they do not always use the most effective learning activities (see,
e.g., Blasiman et al., 2017; Karpicke et al., 2009; Kornell & Bjork, 2007). However, teachers
can offer evidence-based learning opportunities that have been shown to promote learning in
empirical studies (Saville, 2010; Schwartz & Gurung, 2012). Researchers are calling for
teachers to engage in evidence-based teaching at universities because such teaching is thought
to enhance not only students’ knowledge acquisition but also further desirable outcomes in
higher education, such as metacognition, long-term retention, and transfer (e.g., Dunn et al.,
2013; Dutke et al., 2017; Halpern & Hakel, 2003; Slavin, 2008). When teachers offer evidence-
based activities, students’ learning can be optimized (Boser et al., 2017; Dunn et al., 2013;
Pashler et al., 2007).

Learning activities that help students distribute their learning (Dunlosky et al., 2013)
and test themselves repeatedly (Bae et al., 2019; Butler & Roediger, 2007; Cogliano, et al.,
2019; Dunlosky et al., 2013; Jonsson et al., 2021; Roediger & Butler, 2011; Rowland, 2014)
have been shown to contribute to performance. Further, if students receive continuous feedback
on their current state of knowledge, they can adapt their learning accordingly (Butler et al.,
2007; Downs, 2015; Janson et al., 2023). In this line of thinking, for example, Leeming (2002)
found that students learned more in a lecture class when short tests were administered at the
beginning of each class. Practice testing has been found to improve not only students’
knowledge but also their metacognitive accuracy because practice tests enhance memory and
ease future retrieval (e.g., Barenberg & Dutke, 2019; Carpenter, 2012; Dunn et al., 2013;
Rowland, 2014; Thomas & McDaniel, 2013). The beneficial effects of testing on learning have

been investigated empirically many times (for a meta-analysis of over 200 classroom studies,
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see Yang et al., 2021; effect of testing on performance Hedges’ g = 0.49). Further research has
shown that writing to learn is helpful for students’ performance because it stimulates additional
cognitive processes and improves comprehension (for a meta-analytic review, see Schindler &
Richter, 2023; Hedges’ g = 0.41). Regular attendance of classes has also been shown to relate
to performance (for a meta-analysis, see Credé et al., 2010; p = 0.44). Especially when lecture
attendance is combined with independent review of the material, students can distribute their
practice and improve their performance (Cepeda et al., 2006; see also Credé et al., 2010).
However, research on evidence-based learning activities is oftentimes focused on testing and
its effects on cognitive outcomes. Empirical research investigating multiple optional learning
activities is scarce (see Naujoks et al., 2022). On the basis of this empirical evidence, specific
activities were implemented in a lecture class and investigated in this dissertation with regard

to multiple learning outcomes.

4.2 The Context of this Dissertation: Investigating a Lecture Class

Empirical research on effective teaching is particularly needed in the higher education
sector (Spinath & Seifried, 2018). Halpern and Hakel (2003) described that, despite a desire
among university faculty to provide good teaching, and though they may have a great deal of
subject knowledge, they often know little about learning or memory. As a result, many teachers
tend to fall back on intuitive knowledge about good teaching without systematically examining
it. Applying research methods to one’s own teaching is one way to improve teaching
(Scholarship of Teaching and Learning; e.g., Hutchings et al., 2011; see also research-based
teaching, Spinath et al., 2014). Engaging in research-based teaching involves an ongoing
process where didactic actions are chosen on the basis of theory and empirical data,
implemented, and tested for effectiveness using appropriate research designs to enhance
teaching and its empirical foundation (Spinath & Seifried, 2012). Accordingly, optional

evidence-based learning activities were chosen on the basis of empirical data regarding
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effective learning activities (see Section 4.1), and implemented in a lecture class. In the next
step, they were tested for effectiveness in this dissertation. The aims of the lecture class were
to provide undergraduate psychology students and preservice teacher students with basic
knowledge about important topics in educational psychology (e.g., how to improve learning).
Furthermore, as the program was given rather early in the curriculum, and evidence-based
acting and thinking should be fostered, the lecture class was also dedicated to providing students
with basic statistical knowledge to enable them to interpret empirical evidence regarding topics
in educational psychology (e.g., to understand the concept of correlations and the importance
of conducting experiments in order to draw causal conclusions).

The studied lecture class in this dissertation was a typical learning situation at the
undergraduate level (see Section 2; Rutkiene & Tandzegolskiene, 2015; Schneider & Preckel,
2017; Watts & Schaur, 2011): a large introductory lecture class on educational psychology with
weekly lecture sessions and an exam at the end of the semester. Besides weekly sessions, the
following learning activities were offered across all cohorts from spring 2018 to spring 2022.

On the basis of empirical evidence for practice testing (see Section 4.1), brief knowledge
tests with confidence-weighted true/false items (Dutke & Barenberg, 2015) were included five
times over the course of one semester (i.e., every three weeks) on which students received
corrective feedback (their individual scores as well as the correct solutions to the items).
Further, the opportunities to submit essays addressing thought-provoking questions and to
apply the contents of the lecture to practical problems were offered eight times over the course
of the semester (see also Schindler & Richter, 2023; Seifried et al., 2018). Due to the importance
of feedback (see, e.g., Downs, 2015), student tutors were trained to give individual criterion-
based feedback on these submissions. By offering these activities with feedback multiple times,
students were supported in distributing their practice, continuously increasing their own
knowledge, and achieving an accurate assessment of their own knowledge (formative self-

assessment; see also Seifried & Spinath, 2021). In addition to these activities, frequently
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attending classes and reviewing materials repeatedly was also suggested to improve knowledge,
as it has been shown to be related to performance (see Credé¢ et al., 2010; Section 4.1). Frequent
use of these activities can also help students space out their learning and was therefore
considered effective (see also Dunlosky et al., 2013). Use of learning activities was voluntary
for all students and activity use was assessed anonymously.

After implementing evidence-based learning activities (for a detailed lecture class
description, see also Seifried & Spinath, 2021), this dissertation aimed to empirically evaluate

the optional use of these activities and consider both antecedents and outcomes.

5. Open Research Questions Addressed in This Dissertation

Using the supply-use model (Figure 1, p.10), I would like to summarize the most
important assumptions and research questions derived for this dissertation. As outlined above,
university students have good learning prerequisites on average, but they face new challenges.
In the university context, they are required to learn in a self-directed manner to a greater degree
than they have previously experienced. Therefore, in order to succeed, they must decide for
themselves how to learn, maintain their motivation over time, engage in learning behavior, and
evaluate their learning accurately. Teachers can support this process by providing effective
learning opportunities even for large lecture classes.

Several evidence-based learning activities have been shown to be effective in enhancing
university students’ learning (see, e.g., Dunlosky et al., 2013; Dunn et al., 2013). However, it
is less clear which learning activities students use when they are continuously offered as
optional activities in a lecture class over the course of one semester and how they relate to
several outcomes. Empirical research so far has often focused on the effectiveness of single
learning activities (e.g., testing; see Yang et al., 2021). The dissertation builds on studies that
have investigated the effectiveness of learning activities (e.g., Bae et al., 2019; Cred¢ et al.,

2010; Dunlosky et al., 2013; Héndel et al., 2020; Naujoks et al., 2022; Schindler & Richter,
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2023) and extends them by investigating the supply of more optional learning activities all
together in one lecture class and evaluating how much students use them. So far, there is
evidence that students use a mixture of ineffective and effective strategies to prepare for exams
(Blasiman et al., 2017). Consequently, the first aim of this dissertation was to evaluate students’
activity use. Which activities do they use (the most) and to what extent? As activity use was
expected to differ interindividually, another open question was whether subgroups of students
with specific patterns of learning activity use exist.

After offering evidence-based activities, of course, their effectiveness should be tested
(see Spinath & Seifried, 2012). According to the model, the use of learning opportunities is
considered a proximal predictor of learning outcomes. In a university setting, several outcomes
can be considered desirable. First, it is a given that knowledge should be acquired in university
courses. However, maintained motivation and an accurate self-assessment of their own
knowledge (metacognition) are important for students to succeed while attending university
courses (e.g., Pintrich, 2004; Thiede et al., 2003). Empirical studies have investigated the effect
of testing on knowledge and metacognition (e.g., Barenberg & Dutke, 2019; Naujoks et al.,
2022). However, it is less clear how other learning activities contribute to these outcomes when
they are all offered together and how active participation in learning activities might help
students sustain their motivation. Especially under threatened conditions, such as emergency
distance learning due to the COVID-19 pandemic, activities that can easily be implemented
even in online teaching and that may help maintain motivation when it is under threat seem
promising. Consequently, a second aim of the dissertation was to explain these diverse learning
outcomes. Does the use of evidence-based activities explain knowledge acquisition, motivation,
and metacognitive accuracy beyond individual learning prerequisites and prior achievement?

Last but not least, predictors of activity use were investigated. In supply-use models,

individual learning prerequisites are believed to explain the use of learning opportunities, i.e.,
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offered learning activities, as well as learning outcomes (see Figure 1). It was therefore

investigated, how interindividual differences in activity use can be explained.

6. Summaries of Empirical Studies Included in This Dissertation

In the following, I present the findings of three empirical studies that were conducted to
address the open research questions outlined above. The published versions of the three papers
are included at the end of this dissertation.

In all three studies, students’ use of learning activities over the course of one semester
was examined. In each study, the benefits of evidence-based learning activities in an
introductory lecture class on educational psychology were investigated, each time focusing on
one desirable outcome of higher education learning: knowledge, motivation, and an accurate
self-assessment. The lecture class included weekly lecture sessions. Besides these sessions,
optional learning activities with regard to evidence-based principles were offered (see Section

4.2).

6.1 Learning Activities Explain Knowledge Acquisition (Paper 1; Bosch et al., 2021)

In Paper 1, we examined students’ learning behavior by looking at their learning
intentions and use of specific evidence-based learning activities in the lecture class. In addition,
we conducted the first investigation of whether learning activity use contributed to students’
knowledge acquisition beyond their learning prerequisites and prior achievement. We assumed
that, beyond more distal antecedents of students’ achievement (e.g., learning prerequisites),
their specific behavior in a specific learning situation would contribute to explaining their
knowledge acquisition (see also the supply-use model; Figure 1). To investigate these
assumptions, we assessed N =112 students’ learning prerequisites (prior knowledge and
motivation) and prior achievement (high school grade point average) as well as their intentions

to use the learning activities at the beginning of a lecture class in spring 2018. At the end of the
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course, we assessed students’ use of learning activities as well as their knowledge in a mock
exam.

We found that students actually used significantly fewer activities than they had
intended to at the beginning (d = 1.61). However, when students used learning activities, this
use explained their knowledge acquisition beyond their learning prerequisites and prior
achievement in hierarchical regression analyses (8 = 0.20, p <.05; R’ = .17 in the full model,
p <.01). In the next semester, we were able to replicate these findings in a second sample
(N=171). In bivariate associations, several learning activities were associated with knowledge
at the end of the semester (e.g., lecture attendance, submission of essays, self-directed reviewing
of the lecture slides and notes). We further investigated the predictors of activity use.
Motivational values at the beginning of the semester explained the use of learning activities
during the semester (8 = 0.29, p < .01), whereas expectancies did not. On the one hand, the
results showed that university students failed to use activities to the extent that they had
intended to. On the other hand, knowledge acquisition was explained by activity use beyond
learning prerequisites and prior achievement, strengthening the empirical evidence for the
effectiveness of some activities and emphasizing that students had opportunities to succeed by

being active participants in their learning process.

6.2 Learning Activities Explain the Development of Motivation (Paper 2; Bosch & Spinath,
2023a)

In Paper 1, we found that students who valued the subject more, engaged in more
learning activities. However, in models of EVT, previous achievement-related experiences also
affect subjective task value (Eccles & Wigfield, 2020). In addition, a specific requirement for
students in higher education is to maintain their motivation for ongoing self-directed learning,
but empirical studies have found negative trends in students’ motivational values (e.g., Benden
& Lauerman, 2021, Kosovich et al., 2017). Therefore, in Paper 2, we focused on the

development of intrinsic value and whether learning activity use was related to it.
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Furthermore, in March 2020, universities had to close, and students had to learn from
home on relatively short notice, a situation that increased the demands on students and teachers
(Lockl etal., 2021; Schwab et al., 2022). Initially, it was feared not only that less learning would
take place but also that students’ motivation would develop negatively (Usher et al., 2021). To
test these ideas, students’ initial motivation and motivational development were compared
between regular and online semesters. Less motivation at the beginning of the semester and a
more pronounced negative development of motivation were hypothesized for students attending
an online course during the pandemic. However, regardless of the format (online or in-person),
students’ motivation was expected to benefit from the use of evidence-based learning activities.
Over the course of the semester, we assessed students’ intrinsic value for the subject five times
in two cohorts of students (summer term 2019, n =121, in a regular lecture class; then again,
during the summer term of 2020, n = 119, after the shift to distance learning). At the end of the
semester, students also indicated how many learning activities they had used.

After confirming strong measurement invariance for the assessment of intrinsic value,
we computed a multigroup second-order linear change model. We found that students’
motivation declined in both cohorts, but we did not find significant differences in students’
motivation between cohorts (Change Factor M =-0.29, 95 % CI [-0.43, —0.16] in 2019;
M=-0.32,95 % CI[-0.44, —0.21] in 2020). Further, in both cohorts, students’ use of learning
activities was positively associated with change in intrinsic value, even after controlling for
initial intrinsic value, indicating that the decline in students’ motivation was not as steep for
students who engaged in many learning activities (72019 = .49, p <.01; r2020 = .45, p <.01).

The results emphasized another advantage of offering evidence-based learning
activities. Although we could not draw causal conclusions due to the study design, the use of
learning activities was associated with a less steep decline in motivation over the course of one

semester—regardless of the format of the lecture class. Learning activities that are easy to
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implement online, in particular, could offer an opportunity to facilitate learning for students,

even in distance learning.

6.3 Learning Activities Explain Metacognition (Paper 3; Bosch & Spinath, 2023b)

In Paper 3, we investigated students’ activity use in more detail. When attending a
lecture class, it is plausible that students use several learning activities and combine them
individually. Therefore, we investigated individual patterns in learning activity use in two large
educational psychology lecture classes. In Paper 3, we further aimed to replicate the Paper 1
finding that the use of learning activities explained knowledge acquisition beyond individual
learning prerequisites and prior achievement. In addition to knowledge acquisition, we
considered indicators of students’ metacognitive accuracy (awareness of their own content
specific strengths and weaknesses, i.¢e., correct confidence, as well as an accurate assessment of
their own knowledge level, i.e., accuracy) and how they change over the course of one semester.
In empirical studies, students often tend to overestimate their level of knowledge and are
overconfident (Bensley et al., 2015; Dunning et al., 2003; Foster et al., 2017; Hartwig &
Dunlosky, 2014; Handel & Dresel, 2018). In the winter term 2021, we assessed N = 285
students’ individual learning prerequisites at the beginning of the course and learning outcomes
at the end of the course, again. In this study, the use of activities was continuously assessed
over the course of the semester. Throughout the semester, students reported their use of each
learning activity four times. Using latent profile analysis, we identified five different profiles
of activity use. Whereas most students showed high, average, or low use of all activities, some
students focused on reviewing notes and participating in knowledge tests (5 % of the students),
whereas others focused on attending the lecture and submitting essays (6 %).

The results showed that students’ knowledge and correct confidence increased over the
course of one semester (d = 1.81 and d = 0.84, respectively) and that students benefitted from

the frequent use of many different activities. In multivariate regression analyses, the mean use
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of learning activities explained variance in knowledge as well as correct confidence and
accuracy beyond students’ learning prerequisites and prior achievement (AR?>=.16 for
knowledge; AR?> = .05 for correct confidence; AR? = .04 for accuracy). Comparing learning
outcomes between groups from the latent profile analysis also suggested that students benefitted
the most when they had used many different activities frequently.

Whereas the results regarding the latent profiles must be considered exploratory, the
associations between overall activity use and the outcomes reinforced the effectiveness of
evidence-based learning activities in a lecture class. Students who engaged in more activities

continuously acquired more knowledge as well as greater metacognitive accuracy.

7. General Discussion

Due to the manifold aims of higher education (Helmke & Schrader, 2010; European
Commission, 2018; Spinath & Seifried, 2018) as well as the call to design and improve
university teaching on the basis of empirical evidence (Dunn et al., 2013; Hutchings et al., 2011;
Spinath & Seifried, 2012), the overarching aim of this dissertation was to evaluate the use and
usefulness of evidence-based learning activities in a lecture class. Emphasizing students’ active
role in the learning process (Credé & Kuncel, 2008; Halpern & Hakel, 2003), the use of optional
activities was assessed in a real-world learning setting. Considering empirical findings that have
emphasized the need for students to be engaged or to show effort in order to succeed (Christ et
al., 2022; Richardson et al., 2012; Wong et al., 2023) as well as evidence of the effectiveness
of specific learning activities (e.g., practice tests and distributed learning, see e.g., Bae et al.,
2019; Cogliano, et al., 2019; Dunlosky et al., 2013; Jonsson et al., 2021; Roediger & Butler,
2011; Rowland, 2014; Yang et al., 2021), the presented studies combined these ideas and
investigated the use as well as antecedents and outcomes of multiple evidence-based learning

activities in the field. In the following, the results from the three papers are discussed together
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while also addressing strengths and limitations, ideas for future research, and practical

implications.

7.1 Supply and Use of Evidence-Based Learning Activities

In all Papers, evidence-based learning activities were implemented in a real-world
learning setting and their use was assessed to capture students’ active engagement in learning.
Results showed high intercorrelations across use of learning activities (Paper 3). Therefore,
mean learning activity use and associations with outcomes could be investigated. In empirical
studies, students’ learning is often assessed using retrospective self-assessments of abstract
strategies for studies in general (e.g., Pintrich et al., 1993). How this relates to performance on
a specific task is questionable (Artelt, 2000). In the literature, several methods have been
investigated to assess learners’ study time and strategies more precisely (Liborius et al., 2019;
Molenaar et al., 2021). By assessing use of specific activities, the assessment of students’
learning in the field was further improved (see also Artelt, 2000). In addition to taking mean
activity use into consideration, all three studies also inspected single learning activity use and
associated outcomes in exploratory investigations.

From Paper 1 to Paper 3, we aimed to improve the assessment of activity use by applying
more differentiated scales to enable students to correctly indicate their activity use. In Paper 2
and Paper 3, we asked students to give the absolute number of activities they engaged in rather
than asking them to indicate their use of activities on a scale from 1 (not at all) to 5 (very much;
see Bosch et al., 2021). In Paper 3, students were also asked every 3 weeks about their activity
use rather than only once at the end of the semester. Asking students repeatedly about the
frequency of specific behavior in a specific learning situation should result in a more accurate
assessment than asking about usual strategy use (Artelt, 2000). Whereas in Paper 1, we aimed
to assess students’ learning behavior as widely as possible by including eight activities (e.g.,

being part of a study group or reading additional literature), in Papers 2 and 3, we focused more
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on the activities that were explicitly offered by the teacher and that were related to achievement
in Paper 1 (i.e., lecture class attendance, review of lecture slides, participation in online
knowledge tests, and the submission of essays). With this refined focus, we explored learning
opportunities that university teachers can supply and modify, making them a suitable approach
for enhancing higher education teaching (see also Spinath & Seifried, 2018).

Because the assessment of activitiy use was specific, it allowed for the identification of
differences in the use of activities. In all three empirical studies, students used the offered
activities to different extents. Across all three studies, students primarily engaged in the
activities of attending lectures and taking knowledge tests. For example, approximately 60 %
of classes were attended as well as 60 % of knowledge tests were taken, whereas only about
20 % of possible essays were submitted in Paper 3. It further became evident that students’
actual use of activities differed between students. Due to the diversity of the offered activities,
we assumed that certain activities might be more appealing to some students than others. This
led us to explore whether students engaged in specific, individually fitting patterns of activity
use (see, e.g., Janson et al., 2023 for thoughts on aptitude-treatment interactions). Therefore,
we applied a person-centered approach in Paper 3. With this approach, we were able to
differentiate five student subgroups that differed in their use of activities. The results showed
that students differed primarily in their overall use of all activities: 89 % of students were
assigned to subgroups that reported high, medium, or low levels of participation in all activities.
However, 11 % of students applied a specific pattern of activity use, focusing on single
activities. For example, 5 % of students focused on individual review of lecture slides and
participation in knowledge tests, while they hardly attended lecture classes and submitted
below-average numbers of essays. For self-regulation of learning, it might even be adaptive to
use the learning activities that were individually most useful (e.g., it is also considered most
useful to apply an individually suitable motivation regulation strategy, see Schwinger et al.,

2012). However, the sample included in Paper 3 was rather small for latent profile analysis
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(N = 285) so specific activity use patterns across the small groups are interpreted with caution

and should be replicated in future studies.

7.2 Explaining Desirable Learning Outcomes

Active use of learning activities is considered a proximal determinant of learning
outcomes (see Section 2 and Figure 1). Therefore, the extent to which several learning outcomes
could be explained by activities beyond individual learning prerequisites and prior achievement
was investigated. As has frequently been shown in the past (Kobrin et al., 2008; Richardson et
al., 2012), prior achievement also explained knowledge at the end of a semester in our studies.
On the one hand, this finding emphasizes the explanatory power of prior achievement, but it
also emphasizes the importance of all variables that explain the acquisition of knowledge
beyond prior achievement. In our studies, the use of learning activities explained the acquisition
of knowledge beyond individual learning prerequisites and prior achievement in Paper 1 and
Paper 3. In regression analyses, especially in Paper 3, when replicating the effect from Paper 1,
the effect was rather large (AR*> = .16). Prior knowledge and prior achievement together with
use of learning activities explained 44% of variance in knowledge at the end of the semester.
The comparison of student subgroups in Paper 3 also showed the greatest increase in knowledge
in the group of students who participated in all learning activities to a high degree. The results
support the idea that students’ active engagement matters and that they can actively make a
difference in their own success.

These results complement prior empirical studies that have found learning strategies,
beyond effort regulation, to be unrelated to students’ achievement after controlling for prior
achievement (e.g., Richardson et al., 2012). Other studies have found that students’ engagement
is predictive of learning success beyond prior achievement, albeit with small effects (e.g.,
AR?>= .03 Credé & Kuncel, 2008). Our results support the theoretically acknowledged

importance of learning processes as a proximal predictor of learning outcomes in supply-use
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models (Seidel, 2014) and the particular importance of the behavioral component of learning
(Christ et al., 2022; Wong et al., 2023).

Furthermore, investigating the effectiveness of specific learning activities has great
practical importance for university teaching and learning. By providing detailed descriptions of
these activities, it becomes possible for other university teachers to adopt them, fostering
evidence-based teaching practices (Saville, 2010; Schwartz & Gurung, 2012). This is
particularly important given the lack of obligatory pedagogical training for university teachers
(see also Halpern & Hakel, 2003). For learners, the supply of evidence-based learning activities
provides good guidance for effective learning in a self-regulated learning context.

The second outcome of interest was students’ maintenance of motivation (Paper 2).
Again, the more students used the learning activities that were offered, the less their motivation
declined over the course of one semester, controlling for initial motivation. Therefore,
evidence-based learning activities may be a suitable tool for helping students face their
motivational challenges. The associations between learning activities and motivational change
were moderate to large in size. Of course, as investigated in Paper 1, motivation is also
important for engaging in learning activities. However, the continued engagement may also
help students maintain their motivation over time because learning behavior is not only a
consequence but also a prerequisite, as many models of motivation include past behavior as an
antecedent of motivation (e.g., Eccles & Wigfield, 2020). In Paper 2, special changes in the
learning contexts were further considered. When emergency remote teaching was put in place,
students as well as teachers experienced several challenges (see, e.g., Lockl et al., 2021; Schwab
etal., 2022). In this context, another advantage of the evidence-based learning activities became
evident. Evidence-based learning activities can be considered a chance for university teachers
and students to improve teaching and learning because they can easily be adapted to different

contexts and were associated with students’ motivation, even in pandemic-related distance
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education (Paper 2). In the case of the lecture studied, the learning activities may even have
mitigated possible negative effects on student motivation in emergency distance learning.

Last but not least, Paper 3 considered the increased demand for self-regulation and its
necessary prerequisites. In this study, metacognitive accuracy was added as a desirable learning
outcome. We found increases in students’ metacognitive accuracy in two different indicators
(correct confidence and accuracy) over the course of one semester. And again, the more students
used the optional activities, the greater their awareness of their own content-specific strengths
and weaknesses (AR?=.05) and accuracy of self-assessment (AR?=.04) beyond their
individual learning prerequisites and prior achievement. Other studies that investigated the
effects of testing on students’ correct confidence also yielded improvements with small to
medium effect sizes (Barenberg & Dutke, 2019; Carvalho et al., 2022; Naujoks et al., 2022).
However, most studies investigated effects of practice testing only, oftentimes neglecting the
use of other learning activities (see Naujoks et al., 2022).

Bivariate associations between single learning activities and learning outcomes were
inspected in an exploratory fashion. In all three studies, regularly attending classes, reviewing
lecture slides and notes, participating in tests of knowledge, and submitting essays were
associated with the investigated learning outcomes. Although these results were only
exploratory, I consider it noteworthy that all of the learning activities were associated with all
of the learning outcomes. These findings complement many studies that have largely focused
on the benefits of practice testing for knowledge acquisition or metacognitive accuracy (e.g.,

Barenberg & Dutke, 2019; Naujoks et al., 2022; Yang et al., 2021).

7.3 Individual Learning Prerequisites Explain the Use of Learning Activities

When examining the use of learning activities, Paper 1 revealed a gap between students’

intentions to use certain activities and their actual use of the activities. Considering the
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effectiveness of the learning activities, this gap creates the need to identify the variables
associated with increased activity engagement.

In Figure 1 (see Section 2, p. 10), individual learning prerequisites are shown to shape
students’ learning behavior. In Paper 1, we investigated the role of motivation in students’
active engagement. We found that motivational values explained variance in students’ learning
activity use. The more interesting, useful, and important the students’ ratings of the subject, the
more they engaged in learning activities in that subject. This finding is in line with previous
research that investigated the mediating role of engagement between motivation and
achievement (e.g., Putwain et al., 2019). Interestingly, only motivational values could explain
learning behavior, but expectancies could not (cf. Putwain et al., 2019). However, in line with
EVT (Eccles et al., 1983; Eccles & Wigfield, 2020), it is reasonable that the value component
might explain the choice of specific learning activities when they are optional (see also Musu-
Gillette et al., 2015). Teachers could address students’ values in lectures by highlighting the
usefulness and importance of a subject and by encouraging students to identify which aspects
of the subject they find personally interesting, useful, and important (see, e.g., Yeager et al.,
2014).

Although motivation could explain learning activity use in part, the rather large
intention-behavior gap found in Paper 1 still needs to be discussed. Such a gap between
intentions and behavior has been found in many domains of self-regulated behavior, such as
health behavior (e.g., Sniehotta et al., 2005). In this dissertation’s context, the gap could indicate
a failure in the self-regulation of learning. It is additionally possible that students started the
course with unrealistically high intentions because they did not have an accurate idea of how
much time each activity would take or how much time they would need for other study related
tasks. Future research could examine factors that help students set realistic intentions and put
their intentions into practice. One possibility could be to make learning activities more

attractive, for example, by showing students the results of studies—such as the ones presented
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here—that underline the usefulness of the activities or by examining barriers that hinder activity
engagement. Additional ideas for promoting students’ engagement in activities would be to
support their self-regulated learning more generally. Some promising interventions have
already been investigated, including the web-based training of self-regulated learning
(Bellhduser et al., 2016) and interventions that include implementation intentions regarding the

use of optional activities (Janson & Dickhduser, 2019; van der Beek et al., 2020).

7.4 Strengths, Limitations, and Future Research

The dissertation includes three empirical studies that longitudinally investigated the use
of multiple evidence-based activities in the field. Although this kind of research came with
many challenges, such as drop-out rates, potential confounding variables, and changes in the
course format due to the pandemic-related lockdowns in 2020, it provides valuable insights into
learning at university and has high external validity. The studies took into consideration the
idea that students often have choices about how to learn, they need to maintain their effort as
well as their motivation over time, and they need to accurately assess their own knowledge. The
studies further investigated the same specific activities in five different cohorts and were
therefore able to replicate findings on the usefulness of different activities by applying different
data analytic methods. Although the activities were implemented in an introductory lecture
class on educational psychology, they can easily be applied to other large lecture classes. By
tackling changeable aspects of teaching in higher education and providing evidence for the
usefulness of various activities, a valuable extension of the empirical basis for improvements
in higher education teaching and learning has been created.

Of course, no causal conclusions about the activities’ effects can be drawn because no
experimental design was used. Therefore, implications for practice should be considered with
caution (see also Brady et al., 2023). However, to obtain a realistic picture of students’ learning

behavior in a lecture class and to account for different learning activities, the studies captured
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students’ use of optional activities rather than manipulating activity use in an experimental
design. By using a longitudinal design and controlling for important predictors of learning
outcomes (e.g., prior achievement), we can assume that the use of learning activities over time
contributes to students’ learning success.

One limitation of the longitudinal field studies was high dropout rates. The results are
potentially biased, for example, because more motivated students participated in more surveys.
However, in all the studies, even in the sample of students who were potentially more
motivated, the use of learning activities explained learning outcomes beyond learning
prerequisites and prior achievement. Further, in all studies, dropout analyses were applied,
almost always indicating that the learning prerequisites of the students who participated in all
the surveys did not differ from the prerequisites of those who dropped out. Only in Paper 3 did
students who participated in all the surveys have better prior achievement. The differences in
prior achievement may suggest that students with better learning habits (and consequently better
high school grade point averages) continue their engagement, participate in studies as well as
in optional learning activities, and consequently learn more. However, as this difference was
found only in one of five cohorts, it is unlikely that the results were systematically biased.
Further, as prior achievement was controlled for and activity use still had enough variance to
explain the outcomes, prior achievement could not have been the only explanation for the
learning outcomes. High dropout rates across all three Papers might be due to the voluntary
participation. One possibility to diminish dropout rates would be to make participation in
surveys part of the course credit. However, we decided to keep the participation voluntary to
obtain high data quality and to avoid reactance on the part of the students.

For some of the analyses, the sample size was critically small. When adopting complex
methods, such as in Paper 2 and Paper 3, only the minimal requirements for sample sizes were
met, and the results were interpreted cautiously, especially for the latent profile analysis. If

more students participated in the online surveys, the power would increase and more accurate
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estimates of the coefficients could potentially be obtained. However, in the field, sample size
is often limited. The learning activities were implemented in a lecture class, and therefore, the
sample was limited to the students attending this class. Nonetheless, future studies may benefit
from implementing these activities in more and different lecture classes, thereby increasing the
sample size and at the same time investigating the generalizability of the results. Whereas the
focus on students attending one lecture class has the advantage of holding many relevant factors
constant (e.g., content of the lecture and knowledge tests, teacher, learning activities), it also
limits the generalizability of the results. Nonetheless, the results are consistent with previous
research on the benefits of evidence-based learning activities for different learning outcomes
(e.g., Barenberg & Dutke, 2019; Bosch et al., 2021; Dunlosky et al., 2013; Naujoks et al., 2022).
Future research may explore diverse samples across different learning contexts, maybe also
applying experimental designs, to underscore the significance of offering evidence-based
learning activities in higher education, irrespective of the field of study.

One methodological point to consider is the assessment of participation in knowledge
tests. The invitation to take part in voluntary online surveys was offered immediately after the
knowledge test, likely increasing the chances of survey participation. This immediacy could
have resulted in reduced variance in the knowledge test as a learning activity, potentially
underestimating the association between test participation and the outcomes. Future research
should aim to separate survey administration from individual learning activities and strive to
objectively measure students’ activity use. In the current study design, objective activity
assessment was not feasible due to survey anonymity. We cannot rule out the possibility that
students’ self-reports of their learning activity use were inaccurate (see, e.g., Blasiman et al.,
2017). However, by enhancing the specificity of the assessment from Paper 1 to Paper 3 and
regularly inquiring about the number of specific opportunities students used, we likely

increased students’ ability to accurately report their learning activity use.
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The assessment of learning activities could be improved by assessing them
automatically (e.g., essay submissions) or more frequently. Beyond that, how much time
students invest in each learning activity or how carefully they engage in the activities could
make a difference (see, e.g., Engelschalk et al., 2017, for similar thoughts about the quality of
motivation regulation strategy application). Further, how students choose their learning
activities and whether this choice meets individual learning needs as well as individual goals
(e.g., just passing an exam rather than getting a good grade, perhaps to have more resources to
pursue other goals) could be further investigated to understand all the facets of self-regulated

learning.

7.5 Implications

Keeping these limitations in mind, the studies in this dissertation revealed interesting
and important results for research, theory, and practice. In future research, it would be valuable
to employ designs that can simultaneously assess various learning activities, both objectively
and while considering individual student preferences, needs, goals, and the ability to select
suitable activities (emphasizing the need for monitoring and self-regulation). In this regard, the
use of formative self-assessment, based on feedback from knowledge test and essay
performance, could serve as a valuable tool for assessing students’ individual learning needs.
Furthermore, it would be valuable to investigate intraindividual differences in learning activity
use over time, as it may exhibit substantial variability (see also Breitwieser et al., 2022). From
a theoretical perspective, the results are aligned with the core assumptions of models of self-
regulated learning. These include the importance of setting self-directed individual goals and
planning activities (as observed in Papers 1-3, referencing Zimmerman, 2002), the necessity of
sustaining motivation (as seen in Paper 2, referencing Pintrich, 2004), and the significance of
accurately monitoring one’s own learning progress for success (as demonstrated in Paper 3, in

line with Thiede et al., 2003, and Winne, 1996). As was suggested in a supply-use model (Figure
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1), several reciprocal effects were empirically supported, for example, motivation as a
prerequisite for but also as an outcome of activity use (see also EVT; Eccles & Wigfield, 2020).
As more proximal predictors of learning outcomes, however, specific activities were
investigated in multiple cohorts in this dissertation. Based on this design and the results
obtained through various statistical analysis methods, practical implications can be drawn. By
examining various learning activities and their associations with multiple indicators of learning
success in a real-world learning situation, we extended the empirical basis and reinforced the
importance of providing evidence-based activities in higher education. This extension will
enable university teachers to engage in evidence-based teaching, even in large lecture classes
(see Dunn et al., 2013).

Revisiting the supply-use model, once teachers provide learning opportunities, it is
essential for students to make use of these opportunities (see also Halpern & Hakel, 2003).
However, students in the presented studies did not use all the learning opportunities they were
offered and did so less than they had intended to at the beginning of the course. Although this
result was not surprising given the multiple challenges that students face, it should nonetheless
be taken seriously. If students repeatedly fail to achieve their goals, they are at risk of not
completing their university courses (as observed in Benden & Lauermann, 2021) or, in the
worst-case scenario, of dropping out of their study programs (as indicated by Heublein &
Wolter, 2011). Therefore, researchers and practitioners alike should try to engage students in

interventions that help learners initiate studying (see, e.g., Breitwieser et al., 2022).

7.6 Conclusion

This dissertation was aimed at investigating university students’ use of evidence-based
learning activities and at determining whether their use of such activities explains several
desirable learning outcomes. In three papers, the use of specific learning activities and the

associated learning outcomes were analyzed with different methodological approaches. In all
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samples and across all data analytic methods—hierarchical regression analyses, multigroup
latent growth models, latent multivariate regression analyses, and comparisons of latent groups’
outcomes—the more students engaged in optional evidence-based learning activities, the more
they learned, the better they maintained their motivation over the course of one semester, and
the more accurate their self-assessments of their own knowledge were at the end of the course
beyond their individual learning prerequisites and prior achievement. For research and practice,
the presented studies strengthen the evidence on effective learning activities in the field,
allowing teachers to engage in evidence-based teaching. The presented papers offer insights to
teachers on how to design their classes to enhance their students’ knowledge, motivation, and
metacognition. Additionally, they highlight the role students play in actively contributing to

their success beyond their learning prerequisites.
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Abstract
In higher education, students must manage their learning on their own. When students seize the
opportunity to engage in specific evidence-based learning activities, this should contribute to
their achievement beyond their individual learning prerequisites (i.e., prior knowledge and
motivation) and their prior achievement. In turn, students with higher motivation should use
more learning activities. To test these hypotheses, two cohorts of students attending a lecture
class on educational psychology participated in online-surveys at the beginning and the end of
one semester (N1 = 112; No=171). Using regression analyses, we found that learning activity
use explained students’ performance at the end of the semester beyond their learning
prerequisites and prior achievement. Furthermore, students who valued educational psychology
more used more learning activities. Overall, students used learning activities much less than
intended at the beginning of the semester. In conclusion, the results point to the importance of
students’ learning behaviors and their potential to determine their own success. Further research

should identify factors that help students put their intentions into practice.

Keywords: evidence-based learning activities, motivation, higher education
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1. Introduction

Previous research has already examined the roles that students’ individual learning
prerequisites and learning history play in their achievement in higher education: General
cognitive ability, prior knowledge, and motivation are well-known individual prerequisites that
explain achievement (for a meta-analysis, see Richardson et al., 2012). In addition, students
experienced many different learning situations and established certain methods of learning or
study habits. All these prerequisites and experiences are reflected in prior achievement, which
students bring with them to higher education. When students enter higher education, they face
new challenges because their learning circumstances differ from those in high school. In higher
education, learning is characterized by more opportunities to choose and less external control
or structure (see e.g., Morisano et al., 2010; Perry et al., 2001). For example, students often
attend large lecture classes and must pass exams at the end of a semester. How they prepare for
such an exam, however, completely depends on the students. These circumstances challenge
students’ ability to organize their learning: They alone must choose when, where, and how to
study. When students are told that their prior achievement (i.e., their high school grade point
average) is substantially correlated with their achievement in higher education (»=.40;
Richardson et al., 2012), this might be demotivating for them. They could get the impression
that their achievement is predetermined and consequently that their active engagement will not
make a difference for their success in higher education. One aim of the present studies is to
emphasize that the actual learning situation with the learning activities that are offered and how
students engage in these activities contribute to students’ higher education performance in ways
that go beyond students’ prerequisites and prior achievement.

However, it is not only students who are challenged in higher education. One aim of
higher education is to equip students with competences specific for a subject but also with
competences such as the ability to self-regulate their learning and thereby prepare students for

lifelong learning. Therefore, instructors are challenged by the need to decide how to design
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their teaching to achieve these aims concurrently. Students’ individual learning prerequisites
become more heterogeneous as more students achieve a high school diploma that allows them
to enter higher education (OECD, 2018, 2019). Students’ heterogeneous learning prerequisites
and the often large numbers of students attending a course challenge instructors to design their
teaching in a way that enables as many students as possible to learn as much as possible. One
way to address these challenges is to implement evidence-based learning activities in courses
(Boser et al., 2017). Learning activities can help students learn effectively and continuously
between the sessions and give instructors the opportunity to address students’ knowledge level
individually. Whether and to what extent students engage in such activities in turn may be
explained by individual prerequisites such as motivation (Putwain et al., 2019).

This study was designed to investigate the benefits of optional evidence-based learning
activities that can be offered to students in a self-regulated learning setting (e.g., a lecture class).
In a lecture class, students should learn new content and can learn something about their own
learning at the same time. In this setting, evidence-based learning activities serve students’
learning and concurrently give instructors and researchers the opportunity to evaluate the
activities’ effectiveness and improve teaching. Consequently, instruction is informed by
research and simultaneously, instruction aids research by supporting it with data from the field.
In this field study, the use of learning activities was optional to represent a realistic learning
setting in higher education. We therefore needed to assess students’ intentions and actual use
of learning activities before evaluating the activities’ effectiveness. Three questions guided the
study. First, which learning activities do students intend to use at the beginning of the semester?
Second, how much do students use the learning activities that are offered over the course of the
semester? Third, does the use of learning activities explain performance beyond individual
learning prerequisites and prior achievement? If specific learning activities contribute to
learning success in higher education beyond more stable characteristics (e.g., prior knowledge,

motivation, prior achievement), this would stress the fact that students can actively contribute
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to their success. At the same time, it would raise the question of which factors explain students’
engagement. Engagement could be explained by looking at individual learning prerequisites,

again. This was considered in the second study.

2. Supply-use model for instruction

To investigate specific learning activities that can be implemented in higher education
and determine whether they benefit students’ learning, it is necessary to understand the general
framework within which learning takes place and the factors that influence the learning process.
Several authors have presented models of instruction for different contexts as an interaction of
supply and use (Brithwiler & Blatchford, 2011; Helmke, 2017; Seidel, 2014). The basic idea
behind these models is that learning opportunities are provided, and learners can use them to
acquire knowledge. One advantage of these models is that they look at predictors of learning
outcomes at several levels and from several perspectives as well as at their interactions:
Characteristics of learners, instructors, and the context can be used to explain the supply and
use of learning opportunities, which in turn contribute to achievement.

Figure 1 depicts a supply-use model adapted for the present study. Students’ individual
learning prerequisites are important in several ways. First, individual prerequisites are thought
to explain achievement directly. Researchers have emphasized the roles of cognitive ability
(Kuncel & Hezlett, 2007), prior knowledge (Thompson & Zamboanga, 2004), motivation (e.g.,
Robbins et al., 2004), and study habits (Credé¢ & Kuncel, 2008) for achievement in higher
education. Furthermore, these individual prerequisites have already contributed to prior
achievement (e.g., in high school), which is also highly correlated with subsequent achievement

(Schneider & Preckel, 2017).
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Current Learning Situation

Institutional Context
large lecture class, optional attendance of sessions, no control over students’
activities
Supply Intention Use
specific, evidence- .| touse of .| Learning Outcome
based learning learning learning - achievement
activities activities activities
/7
Individual Learning Prerequisites .| Previous Outcome
cognitive ability, prior knowledge, motivation, study prior achievement

Learning History

Fig. 1. A Supply-Use Model of Learning, Adapted for Higher Education

However, individual prerequisites such as motivation also influence how much students
engage in their current learning situation, and this, in turn, explains achievement as well
(Putwain et al., 2019). In the supply-use model (Figure 1), engagement is specified as the
intention to use and the actual use of specific learning activities. Thus, we consider it important
to focus on specific behavioral aspects of learning because they are more proximal antecedents
than individual learning prerequisites, while of course the individual prerequisites still matter.

The specific learning activities that can and should be offered depend in part on the
institutional context. For example, the institution often limits the number of students attending
a course and the resources available for the course. Consequently, many students attend a
lecture class for one semester, but the instructor usually does not monitor their learning progress
until the end of the semester, when students must pass an exam. One opportunity for instructors
to shape the learning process within this framework is to offer optional learning activities over
the course of the semester. Hereby, instructors should consider evidence-based activities that

rely on empirical findings regarding their effectiveness (Boser et al., 2017). To address the
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benefits of continuous learning (contrary to cramming at the end of the semester, only; see e.g.,
Dunlosky et al., 2013), instructors should offer activities regularly over the course of the
semester. Regarding the specific activities, instructors should take into account beneficial
effects such as testing (Carpenter, 2012), peer interaction (Schneider & Preckel, 2017), and
feedback (Downs, 2015).

2.1 Individual learning prerequisites

Learners’ individual learning prerequisites are well-known predictors of achievement in
several learning contexts, explaining approximately 50 % of the variance in educational
achievement (Koller, 2012). In a comprehensive review of meta-analyses, Schneider and
Preckel (2017) summarized several categories of students’ variables that are associated with
achievement in higher education. For example, prior knowledge has been found to be associated
with better achievement (Dochy et al., 1999; Thompson & Zamboanga, 2004). It is reasonable
that students with high prior knowledge perform better on exams because they can build on
their existing knowledge. Furthermore, prior knowledge in part results from prior effort, which
is quite stable over time (Gottfried et al., 2001). In an introductory course in higher education,
prior knowledge should also show more variance (e.g., in school) and should therefore be
considered when explaining achievement. The importance of this predictor is reflected in the
large effect sizes of the relationship between prior knowledge and achievement in higher
education (d = 0.79; Schneider & Preckel, 2017).

Another very important predictor that Schneider and Preckel (2017) classified as a
student variable is motivation. Expectancy value theory (Eccles et al., 1983; Wigtfield & Eccles,
2000) implies that expectancies (how well students think they will perform) and values (how
important, enjoyable, and useful a subject is for them) explain students’ achievement-related
choices and behavior, which in turn explain performance. These assumptions have been
confirmed multiple times empirically: Expectancies along with the interaction of expectancies

and values explained engagement, which in turn explained performance (e.g., Putwain et al.,
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2019). When explaining performance, the expectancy-related component of motivation is
especially important to consider (d = 1.81 for performance self-efficacy; Schneider & Preckel,
2017), whereas values explain achievement-related choices (Musu-Gillette et al., 2015).

Prior knowledge and motivation are important learning prerequisites that students bring
with them to higher education. These individual characteristics as well as experiences with
learning in the past influence prior achievement. As such, prior achievement is a condensed
indicator of all determinants that have been important for achievement prior to the actual
learning situation, and it is a very good predictor of future achievement. In the review by
Schneider and Preckel (2017), prior achievement showed (along with intelligence) the strongest
relation with achievement. Especially grade point average in high school (HSGPA) has been
found to be strongly associated with subsequent academic achievement (e.g., p = .40;
Richardson et al., 2012; d=10.90 Schneider & Preckel, 2017). Therefore, it is particularly
important to show students that the use of learning activities contributes to the explanation of
performance beyond prior achievement.

Students’ actual learning behavior should be important for their achievement beyond
individual prerequisites and prior achievement because behavior in the current learning
situation is considered a more proximal predictor of achievement than individual learning
prerequisites and prior achievement (see Figure 1). Because of the specific challenges of
learning and instruction in higher education, however, we need to look more closely at these
learning behaviors and how they can be investigated.

2.2 Institutional context: self-regulated learning in higher education

In the supply-use model (see Figure 1), learning is described as an interaction of the
supply and use of learning opportunities. Whereas this general mechanism is comparable to
high school (see, e.g., Brithwiler & Blatchford, 2011), higher education students have greater
responsibility for their use of learning opportunities. Students need to decide on their own when,

where, and how to study without external control from instructors. This has been referred to as
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self-regulated learning. Self-regulated learning has been defined as “the degree to which
students are metacognitively, motivationally, and behaviorally active participants in their own
learning process” (Zimmerman, 2008, p. 167). Students need to become self-regulated learners
because, in contrast to high school, higher education provides students with more opportunities
to organize learning individually. Students experience less external control and therefore need
to take responsibility and actively engage in their own progress (Larose et al., 2005).

Within different theoretical frameworks of self-regulated learning, there are several
strategies that are believed to enable students to control and direct their learning successfully in
the absence of external control and are therefore considered to contribute to performance
(Pintrich, 2004; Winne & Hadwin, 1998; Zimmermann, 2000; for an overview, see Boekarts et
al., 2000). Despite the theoretical consensus on the importance of self-regulated learning in
higher education, it is difficult to evaluate the impact of self-regulated learning on performance
from empirical data. Whereas some authors have emphasized the importance of self-regulated
learning strategies on the basis of empirical findings (e.g., Schneider & Preckel, 2017), others
have found that such strategies do not predict performance (e.g., Richardson et al., 2012). At
first glance, this may sound contradictory. However, a closer look at the constructs that are
studied under the term self-regulated learning strategies reveals that considerable differences
exist.

2.3 Approaches to self-regulated learning: learning strategies and learning activities

To facilitate a precise understanding of self-regulated learning and its contribution to
students’ success in higher education, we consider it useful to distinguish between (self-
regulated) learning strategies and learning activities. Learning strategies have been defined as
metacognitive, motivational, and behavioral strategies that enable learners to monitor and
regulate their own behavior in learning situations in a goal-directed way in general (e.g.,
Pintrich, 2004). These strategies are often assessed with questionnaires, for example, the

Motivated Strategies for Learning Questionnaire (MSLQ; Pintrich et al., 1993) and the
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Learning and Study Strategies Inventory (LASSI; Weinstein et al., 1987). These questionnaires
target the aforementioned aspects of self-regulated learning: motivation (e.g., value,
expectancy, and affect), metacognition (e.g., rehearsal, elaboration, organization, critical
thinking, and metacognitive self-regulation), and behavioral aspects (e.g., time and study
environment regulation, effort regulation, peer learning, help seeking, and time management).
Cred¢ and Phillips (2011) meta-analyzed the association of strategies assessed with the MSLQO
and GPA in college. They reported rather small correlation coefficients between the scales for
cognitive and meta-cognitive strategies as well as effort regulation and time/study environment
with GPA in college (p =-.11 to .23). However, when the MSLQ or the LASSI were used, no
self-regulated learning strategy explained performance except for effort regulation when prior
achievement was controlled for in another meta-analysis (Richardson et al., 2012). Kim et al.
(2020) analyzed the associations between different areas of self-regulation and achievement
and found that regulation of behavior and motivation affected achievement, whereas regulation
of cognition did not. Additionally, interventions in self-regulated learning improve achievement
only partially through higher self-regulated learning. Other factors might contribute to the
improvement such as time on task or motivation (Jansen et al., 2019). From these results, we
conclude that the motivational and behavioral levels of self-regulated learning add to the
explanation of performance beyond students’ individual learning prerequisites.

Targeting students’ learning behavior seems a promising venue for understanding self-
regulated learning better. In the literature, several promising methods have been investigated in
order to assess learners’ study time precisely (Liborius et al., 2019; Molenaar et al., 2021) or
interventions to help learners initiate studying (Breitwieser et al., 2020). To investigate more
accurately, what exactly students do when they invest time in studying seems a good addition
to these studies. In this regard, students’ learning behavior should be assessed by targeting
specific activities in a specific learning situation. We consider such behavior learning activities.

Learning activities comprise behaviors that students engage in to acquire knowledge. Learning
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activities in general have already been found to contribute to students’ performance. For
example, in their meta-analysis, Credé and Kuncel (2008) found that an aggregate measure of
study habits (study routines, e.g., frequency of study sessions, self-testing, review of material;
i.e., learning activities) explained variance in achievement in college after controlling for prior
achievement (AR? = .03). It is plausible that study habits contribute to students’ success because
“[s]tudents must act to acquire knowledge (study, practice, integrate, retain) before it can be
translated into performance on a test or exam” (Credé & Kuncel, 2008, p. 430).

Consequently, we studied self-regulated learning as follows. We studied learning
activities in a specific learning situation and evaluated which activities students used and how
this contributed to their performance in that specific learning situation.

2.4 Supply: evidence-based learning activities in a lecture class

Students need to direct and initiate learning on their own in higher education. However,
students do not always use the most effective learning activities when they need to organize
their learning on their own (see, e.g., Karpicke et al., 2009; Kornell & Bjork, 2007). Instructors,
however, can offer several opportunities for dealing with the to-be-learned material. When
instructors make decisions about such learning opportunities, they should consider evidence-
based activities. With these activities, students’ learning can be optimized (Dunn et al., 2013;
Pashler et al., 2007; see also recommendations by Boser et al., 2017). Several learning activities
have been shown to contribute to performance, especially activities that help students space out
their learning (Dunlosky et al., 2013) and test themselves (Bae et al., 2019; Cogliano, et al.,
2019; Dunlosky et al., 2013; Jonsson et al., 2020; Roediger & Butler, 2011; Rowland, 2014).
Testing is thought to improve students’ learning because it enhances memory not only for the
tested content but also for new material (Carpenter, 2012). More specifically, attending classes
regularly (Credé¢ et al., 2010), taking practice tests (see, e.g., Bae et al., 2019; Dunlosky et al.,
2013), and engaging in peer interactions (Schneider & Preckel, 2017) have proven helpful for

students to improve their learning outcomes. Study groups can benefit students’ learning as they
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help students to estimate realistically how much they (do not) know in comparison with their
peers and what the instructor may expect in a lecture. In a lecture class, instructors can offer
such activities and explain the usefulness of these activities to help students form corresponding
learning intentions, which are an important predictor of actual behavior (Gollwitzer, 1996). If
students engage in these activities, performance feedback can be useful because feedback helps
students see what they do and do not know and therefore what they should focus on (for benefits
of feedback, see, e.g., Downs, 2015; Hattie, 2011).

Previous research has examined the relationship between academic performance and
single activities (e.g., Credé et al., 2010) or the benefits of specific activities in comparison to
other activities in the laboratory (e.g., testing compared to restudying, see Carpenter et al.,
2008). Other researchers designed teaching including evidence-based activities but did not
monitor how much students use the activities or how the use relates to performance (Boser et
al., 2017). We build on these studies that investigated the effectiveness of learning activities
but assess more learning activities all together in one lecture class in the field and evaluate how
much students use them, when they are optional. Another, maybe more questionable learning
activity, is memorizing content ahead of the exam. Although in previous studies, rereading and
thereby trying to memorize is not recommended (e.g., Geller et al., 2018, Karpicke et al., 2009),
studies also found that students nonetheless do so (Blasiman et al., 2017). We consequently
wanted to represent this in our study next to the other activities.

Psychology instructors have the opportunity and expertise to evaluate the usefulness of
their teaching, including the activities they offer (Spinath et al., 2014). Following these ideas,
we designed a lecture class with evidence-based activities (all activities and their
implementation in a lecture class are described in further detail by Seifried & Spinath, 2020).
In the aforementioned publication the lecture design and learning activities are described in
detail. However, no empirical data were collected or presented. Therefore, there is no overlap

regarding data or samples. In the next step, we implemented these activities and evaluated their
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effectiveness by monitoring students’ use of the activities and assessing their achievement. The
results are presented in this article.

In sum, we explored students’ intentions to use such learning activities at the beginning
of a semester, to what extent they subsequently used the activities over the course of the
semester, and how this use was related to performance. The literature on self-regulated learning
will benefit from our study for three reasons. First, we took into account that students need to
maintain their effort over the course of a whole semester without external control and captured
the challenges of students’ learning. Second, we investigated specific activities that target
specific behavior and can therefore be assessed more accurately than learning strategies. Third,
these activities can be applied even in large lecture classes to equip both instructors and students
with valuable insights into the improvement of students’ learning.

Thus, in Study 1, we explored the link between learning activities and achievement. If
learning activities prove useful for predicting achievement, it would be worthwhile in another
step to look at factors that predict the use of these learning activities. In this regard, motivation
should be of specific importance. There is empirical evidence that engagement mediates the
effects of motivational constructs on performance (Putwain et al., 2019). Thus, in Study 2, we
hypothesized that motivation at the beginning of the semester would predict the use of specific

learning activities over the course of the semester.

3. Summary and research questions

On the basis of supply-use models of learning, we investigated the use of learning
activities as a predictor of achievement in higher education (see Figure 1). Several individual
student characteristics (i.e., prior knowledge, motivation, prior achievement) can be expected
to be related to performance in higher education (see also Richardson et al., 2012). Beyond this,
however, self-regulated learning plays a crucial role in higher education (Larose et al., 2005).

Questionnaires assessing self-regulatory learning strategies have mostly failed to explain
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students’ performance beyond prior knowledge, motivation, and prior achievement (Richardson
et al., 2012). However, the assessment of specific learning activities in a specific learning
situation should prove more helpful. Evidence-based learning activities (see, e.g., Boser et al.,
2017, Dunlosky et al., 2013; Pashler et al., 2007)—or more specifically: whether they are
used—should contribute to students’ learning success. However, to examine whether these
activities are useful, it is necessary to control for other well-established powerful predictors of
achievement. Only if the activities explain unique variance in students’ achievement (as posited
by theories on self-regulated learning) can they be considered useful (LeBreton et al., 2007).
Because it is still unclear to what extent students implement learning activities during a semester
without external control and how this relates to their performance, we posed the following

research questions and hypotheses in Study 1:

RQ1) Which learning activities do students intend to use in a lecture class?

RQ2) To what extent do students actually use learning activities over the course of a semester?
What are the activities that students use the most, and do students use the activities as intended
at the beginning of the semester?

RQ3) To what extent is each learning activity associated with performance at the end of the
semester?

H1) The use of learning activities during a semester will predict performance on a mock exam
at the end of the semester beyond the individual learning prerequisites of prior knowledge and
motivation.

H2) Learning activities will predict performance on a mock exam even after additionally

controlling for prior achievement.

In a second study, we wanted to replicate and extend these findings by posing a hypothesis

about the explanation of learning behavior:
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H3) Motivation at the beginning of the semester will predict the use of learning activities over

the course of the semester.

4. Study 1
4.1 Procedure

The setting of the study was an introductory lecture class on educational psychology for
preservice teachers and psychology undergraduates at a German university. The aim of the
lecture class was to provide students with basic knowledge regarding important educational
psychological topics (e.g., how to improve learning). Furthermore, as the program came rather
early in the curriculum, it was also dedicated to providing students with basic statistical
knowledge to enable them to interpret empirical evidence regarding educational psychological
topics (e.g., to understand the concept of correlations and the importance of experiments for
causal conclusions). The lecture class included weekly lecture sessions. Besides these sessions,
we offered the following learning activities with regard to evidence-based principles: Students
had the opportunity to take part in practice tests five times and to submit short essays or self-
generated exam questions seven times to practice for the exam. Students were given individual
feedback on their submissions and practice test results so that they were able to monitor their
learning progress throughout the course.

On each practice test, students were quizzed on the lectures’ topics of the last three
weeks online and were given feedback on their performance. During the practice phases,
students were given the opportunity to answer essay questions and submit them. Essay
questions were presented at the end of each lecture and required students to think about the
content of the lecture and apply them to a new problem. The questions were comparable to the
ones asked on the exam. Thereby, the students practiced the tasks they later faced on the exam.
Furthermore, they received feedback on their submissions and could thereby become aware of

any content they had not understood correctly. This task has already been shown to be beneficial
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for students (Seifried et al., 2018). As an alternative to the essays, students had the opportunity
to submit questions that could be used for the exam and receive feedback on these questions.
This task required the students to narrow down the content to the most important and specific
information. The design of the specific learning activities is also described in further detail by
Seifried and Spinath (2020). The practice tests and practice phases were offered several times
during the semester and thereby helped the students learn continuously (i.e., space their
learning). Even though attendance was not obligatory, we still recommended that they attend
the lecture sessions regularly because of the positive link between frequency of class attendance
and performance in earlier studies (Cred¢ et al., 2010). There is also evidence that regularly
reviewing materials (Hartwig & Dunlosky, 2012) and social interaction such as explaining the
course material to others and learning together in small groups is associated with students’
performance (Schneider & Preckel, 2017). Thus, we recommended these activities as well.

However, as noted above, students tend to have trouble self-regulating their engagement
in such activities. Because all activities were optional for students, we explained these activities
and explicitly suggested that students use them during the semester. Over the course of the
semester, the (non-)use of activities was not monitored. However, we helped students form
corresponding learning intentions, which could help them engage in the activities.

As part of their coursework, we asked students to complete online surveys in the first
week of their semester (T1), and from this point on, approximately every 3 weeks. The last
survey took place 12 weeks later, that is, 2 weeks ahead of the final exam (T2). At T1, we
assessed students’ prior achievement, motivation, and prior knowledge regarding educational
psychology as well as their intentions to implement the suggested evidence-based learning
activities during the semester. At T2, we assessed students’ use of the learning activities over
the whole semester, their motivation, and their performance on a mock exam. Besides the
measures used for the current study, we assessed further variables within the online surveys to

illustrate specific contents of the lecture. Therefore, we assessed motivational competences
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(Schaller & Spinath, 2017), interest in different aspects of teaching (Mayr, 1998) and facets of
teacher personality (Brandstitter & Mayr, 1994) and showed students a scale used in the
diagnostic process of ADHD (Briihl et al., 2000) in study 2. At both time points, we also
assessed further scales that were mostly related to the evaluation of the lecture and thus were
not used in the present study. Participation in the surveys was voluntary and anonymous
(students generated anonymous codes for longitudinal monitoring). The procedure was in
accordance with human subjects principles and procedures in Germany, which do not require
formal review for anonymous survey studies like the one presented here by default. No harm
for participants was expected because they only filled in online questionnaires regarding their
learning prerequisites and current knowledge. Further, students were informed that they would
have no disadvantage if they did not participate. Each time, students were informed about the
content and aims of the survey, and gave their consent.
4.2 Sample

At the beginning of the semester, N = 223 preservice teachers took part in an online
survey. Of those, n = 112 students took part in the survey at T2 and were therefore included in
the analyses. Participants were on average M = 21.89 years old (SD = 3.23), and 67.9 % were
female (30.4 % male; 1.8 % did not indicate their gender). They stated that they had been
studying on average for M = 4.4 semesters (SD = 2.51) and indicated studying a wide variety
of teaching subjects. Missing data analyses revealed that students who continued to participate
in our study had a better HSGPA (M = 1.98, SD = .58) than students who did not participate at
T2 (M =224, SD =.59), #221)=3.34, p < .01, d = 0.44. We computed equivalence tests,
setting the equivalence bounds at A = 0.40 because with at least 111 subjects in each condition
(included and drop out) an effect of d = 0.33 can be detected with a probability of 80 %
(G*Power, Faul et al., 2007) and is therefore considered the smallest effect size of interest here
(see Lakens, 2017; Lakens et al., 2018). Equivalence tests indicated that on all other study

variables, there were no further differences between students who participated at T2 and those
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who did not (all p < .05) except for values where the effect is statistically not different from
zero (#(216) = -1.89, p = .06) but statistically not equivalent to zero (#(216) = 1.05, p = .15).
Considering that 181 students completed the course and took part in the final exam, about 62 %
of all students attending the lecture class participated in our study.

4.3 Measures

Besides the variables used for illustrating the lectures’ content (see 4.1), we only
assessed the following variables:

To assess prior achievement (T1), we asked students to indicate their HSGPA. In
Germany, the HSGPA ranges from 1 to 4, with lower values representing better grades. For the
analyses in this paper, we recoded the HSGPA so that higher values represented better grades.

Prior knowledge (T1) regarding educational psychology was assessed with a short test
of 15 items. The items covered content that was addressed later in the lecture class. Each item
consisted of a sentence that was either right or wrong (e.g., “Dyslexia usually comes along with
a lower 1Q”). Students had to indicate whether they thought the statement was true or false and
indicated their confidence in their answer (confidence-weighted true-false items; Dutke &
Barenberg, 2015). If their answer was correct, students received 1 point (irrespective of their
confidence). Thus, possible scores ranged from 0 to 15.

Motivation for educational psychology (T1 and T2) was assessed with three items
measuring ability self-concept (adapted for the “educational psychology” context instead of
“school” from the Scales for measuring academic ability self-concept; SESSKO; Schone et al.,
2002) and nine items measuring subjective values (adapted from the Scale for Assessing
Subjective School-related Values; SESSW; Steinmayr & Spinath, 2010).

Intentions and use of learning activities (T1 and T2) were assessed with eight items,
each concerning a learning activity that could be used during the semester: regularly attending
the lecture sessions, reviewing lecture notes or literature, submitting essays or items, taking

practice tests, forming a study group, and memorizing the session’s content for the exam. At
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T1, students were asked to indicate how much they intended to apply each activity during the
semester on a scale ranging from 1 (not at all) to 5 (very much). At T2, students were again
presented with the activities and were asked how much they had used each strategy. Again,
students could indicate 1 (not at all) to 5 (very much) for each strategy. We computed means
across all activities for intentions at T1, use of activities at T2, and differences between the two
(use (T2)-intention (T1)). In this study, the use of learning activities can be considered a
formative construct (see Coltman et al., 2008). The use of very different learning activities can
be viewed as diverse facets of students’ engagement. Hence, students’ engagement is not
considered a latent construct that exists independent of the measures used but the learning
activities are a set of activities that make up students’ engagement. There are no assumptions
about intercorrelations of the items (more use of one activity is not systematically associated
with more or less use of another activity).

Performance (T2) was assessed with a mock exam consisting of 39 items that addressed
content from the whole lecture class. The items had the same format as the short test for prior
knowledge and the final exam. Each item consisted of one statement for which students had to
indicate whether it was true or false while indicating their confidence in their answer. Scores
for achievement could range from 0 to 39. In order to make results comparable between samples

we performed a z-transformation.

4.4 Results

We used R (version 4.0.4, R Core Team), the TOSTER package (Lakens, 2017) for
equivalence tests and IBM SPSS Statistics (version 24) for all further statistical analyses.
Descriptive statistics and correlations of all study variables are presented in Tables 1 and 2.
Students began the semester with high motivation and high intentions to use all learning
activities. The average HSGPA found in the sample represents a good performance according

to the German grading system. The average score for prior knowledge indicates that students
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began the lecture with little knowledge (because the mean score represented the probability of
guessing).

Table 1

Study 1: Means and standard deviations for learning activities.

Intention Use Difference
(N=112) (T1) (T2) Use-Intention

M (SD) M (SD) M (SD)
Memorizing content for the exam 4.83 (.46) 4.26 (1.08) —0.57 (1.15)
Attending lectures regularly 4.67 (.66) 4.14 (1.24) -0.53 (1.16)
Taking practice tests regularly 4.60 (.61) 443 (.88) —0.17(1.02)
Reviewing lectures notes regularly 4.24 (.84) 3.62(1.28) —0.62 (1.30)
Submitting essays regularly 3.69 (.88) 2.28(1.42) -1.41(1.41)
Forming a study group 345(1.19) 2.72(1.16) -0.73 (1.31)
Submitting items regularly 3.38(1.05) 1.73(1.17) -1.67 (1.50)
Reviewing literature regularly 2.58(1.01) 1.43(.82) -1.16(1.14)

Note. Intentions to use and use of learning activities could be indicated on a scale ranging from
1 (not at all) to 5 (very much).

4.4.1 Intentions and use of learning activities

The activities that students intended to use the most (see RQ1) were to memorize
content for the exam (M =4.83, SD = 0.46) and to attend the lecture regularly (M = 4.67,
SD = 0.66). A paired ¢ test with an adjusted a <.007 (Bonferroni-corrected) indicated that
memorizing content for the exam was significantly preferred over all other activities,
(111)=7.29 to 21.27, all ps <.007, except attending the lecture sessions regularly,
#(111)=2.21, p = .028. However, students intended to use many activities a lot (almost all
intentions were above the scale mean).
To address RQ2 about the actual use of learning activities during the semester, we inspected
the means and standard deviations of each learning activity. The activity used the most—on a

descriptive level—was practice tests (M = 4.43, SD = 0.88). However, we interpret this finding
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cautiously: If students had not taken the first and last practice test, we would not have their data,
and they would not be included in the sample. Apart from the practice tests, students reported
memorizing the content for the exam above all other activities, #(104) = 4.34-22.23, p < .007,
except attending the lecture sessions regularly, #104) = 0.58, p = .56, and taking practice tests,
t(104)=-1.38, p =.17. Table 1 shows the actual use of all activities. Looking at the
corresponding intentions to use each learning activity, we see that students used each activity
less than intended (see Table 1). At the end of the semester, students reported that overall, they
implemented their intentions less than they had intended, #105) = 14.45, p <.001, d = 1.61.
However, the more students intended to use the learning activities, the more they implemented
the activities ( = .34, p <.01).
4.4.2 Predicting performance

Bivariate correlations (see Table 2) indicated that performance on the mock exam was
related to HSGPA, ability self-concept at T2, and use of learning activities. However, prior
knowledge and ability self-concept at T1 were not related to performance at the end of the

semester.
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Table 2

Study 1: Means, standard deviations, reliabilities, and bivariate correlations of study variables

(N =112) M SD (D ) 3) 4 ) (6) (7 ®)
(1) HSGPA 3.02  (0.58) -

(2) Prior knowledge (T1) 7.58  (1.91) -0.10 -

(3) Intentions (T1) 392  (0.46) -0.12 —0.10 -

(4) Values (T1) 393  (0.69) 0.06 —-0.12 0.49%* (.89)

(5) Self-concept (T1) 3.47  (0.66) 0.16 —0.02 —-0.04 0.14 (.85)

(6) Values (T2) 3.69  (0.74) 0.06 -0.10 0.24* 0.61** 0.21*%  (92)

(7) Self-concept (T2) 3.15  (0.74) 0.12 —0.06 —-0.02 0.10 0.35%* 0.50%* (.80)

(8) Learning activities (T2) 3.08  (0.58) 0.03 0.01 0.34%* 0.28** 0.01 0.26** 0.07 -
(9) Performance (T2) 28.73  (4.04) 0.35%* 0.00 -0.03 0.02 0.06 0.10 0.25% 0.23*

Note. Self-report measures all used a response scale from 1 to 5, except for high school grade point average (HSGPA; possible range: 1 to 4), grades
were recoded: larger numbers represented better grades. Prior knowledge could range from 0 to 15; performance could range from 0 to 39.
Cronbach’s alpha, when applicable, is listed on the diagonal.

*p <.05.**p<.01.
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To explain performance at T2, we computed hierarchical regressions (H1 and H2).
Because prior knowledge, subjective values, and ability self-concept at T1 were not associated
with performance at T2, we excluded these constructs from further analyses and the regression
model. In a first step, we entered significant correlates of performance at T2, namely, self-
concept at T2 and the learning activities as predictors in the analysis. In a second step, we
entered prior achievement into the model. Results are depicted in Table 3.

Table 3

Study 1: Hierarchical regression performance on the mock exam (z-transformed)

Variable B 95 % CI for B SE B B R? AR?
LL UL
Step 1 0.08 0.08%**
Constant —2.03%* -3.25 -0.82 0.61
Self-concept (T2) 0.29* 0.03 0.55 0.13 0.21*%
Learning activities
0.36* 0.02 0.69 0.17 0.20%*
(T2)
Step 2 0.17 0.09%**
Constant -3.46 —4.89 -2.02 0.72
Self-concept (T2) 0.25 0.00 0.50 0.13  0.18
Learning activities
0.35% 0.03 0.67 0.16 0.20%*
(T2)
HSGPA 0.53*=* 0.22 0.84 0.16 0.30%*

Note. N = 112. CI = confidence interval, HSGPA = high school grade point average.
*p <.05.%*p <.0l.

Learning activities explained performance on the mock exam (8 = 0.20, p < .05) after
controlling for ability self-concept (B=0.21, p <.05). This held after entering prior achievement
into the model (8= 0.20, p <.05, for learning activities; 3=10.30, p <.01, for prior achievement).

In the second model with prior achievement as a predictor, ability self-concept no longer
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predicted performance on the mock exam (B = 0.18, p =.05). In the final model, all predictors
together accounted for 17 % of the variance in performance.

Goodman and Kruskal’s Gamma correlations were computed to investigate bivariate
associations between each of the eight learning activities and performance on the mock exam.
Results are depicted in Table 4.

Table 4

Study 1: Bivariate associations of single learning activities and performance on the mock exam.

(N =112) Memorizing Attending Taking Reviewing Submitting Forming Submitting Reviewing
content for lectures practice lecture essays astudy items literature
the exam  regularly  tests notes regularly group regularly regularly

regularly regularly

Performance

24* 14 .02 21%* 20% 0. .04 -0.
(T2) 0 0 0.0 0 0.20 0.05 0.0 0.01

Note. Use of learning activities could be indicated on a scale ranging from 1 (not at all) to 5
(very much). Performance could range from 0 to 39. * p < .05.

4.5 Discussion

In this study, we offered several evidence-based activities to the students in a lecture
class. At the beginning of the semester, students strongly intended to use every activity (RQ1).
At the end of the semester, however, they indicated that they had used them much less than
intended. On average, every second activity was used rather not or not at all. The activities
used the most were memorizing content for the exam, attending lectures regularly, and taking
practice tests regularly (RQ2). This illustrates the typical challenge with self-regulated learning:
Students have trouble maintaining their effort and engagement over the course of a semester in
a self-regulated learning setting. We found a gap between intentions and behavior, a gap that
has already been found in other disciplines (e.g., physical activity; Sniehotta et al., 2005). In

this regard, we looked at predictors for learning activity use in a next step in Study 2.
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When students used the learning activities, this positively contributed to their
performance at the end of the semester (HI1). This was still the case after controlling for
students’ prior achievement (H2). Thus, the activities were useful for our students in that the
activities made a difference for students’ achievement. The investigation of specific activities
in turn provides ideas about which activities could be implemented even in large lecture classes

to support students’ success.

5. Study 2

Motivation is an important predictor for achievement (see also 2.1 Learning
Prerequisites). In Study 2, this assumption was specified and investigated: motivation is thought
to drive behavior and expectancies and values as motivational constructs are associated with
achievement related behavior and choices (see e.g., Wigfield & Eccles, 2000). These
motivational constructs should consequentially also explain learning behavior or, in this case,
the use of specific learning activities in higher education. Study 2 was designed to replicate and
expand the findings from Study 1. To this end, we investigated the aforementioned research
questions and hypotheses in another sample and additionally examined the role of motivation
in explaining the use of learning activities.
5.1 Procedure

The setting for Study 2 was the same as in Study 1 (i.e., an obligatory lecture on
educational psychology), but the lecture class took place one semester later. Regarding the
contents of the lecture there were certain differences, however, all learning activities, their
frequency and requirements for students were the same as in study 1. In the first session, we
asked students to complete an online survey in the first week of the semester (T1) and
afterwards approximately every 3 weeks. The last survey took place 12 weeks later (i.e., 1 week

ahead of the final exam; T2). Participation in the surveys was voluntary and anonymous, and
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the surveys contained exercises like the ones on the exam (see also the Study 1 procedure).
During the semester, we offered the same learning activities as in Study 1.
5.2 Sample

At the beginning of the semester, N =285 preservice teachers and psychology
undergraduates took part in an online survey. Of those, n = 171 took part in the survey at T2
and were therefore included in the analyses. Participants were on average M = 21.6 years old
(SD =3.97), and 77.2 % were female (22.3 % male and 0.5 % did not indicate their gender).
They reported that they had been studying on average for M = 3.59 semesters (SD = 2.74);
56 % were preservice teachers and indicated studying a wide variety of subjects, whereas 44 %
were psychology undergraduates. Missing data analyses revealed that students who continued
to participate in our study had a better HSGPA (M = 2.23, SD = 0.64) than students who did
not participate at T2 (M = 1.91, SD = 0.66), #281)=3.88, p <.01, d = 0.49. We computed
equivalence tests, setting the equivalence bounds at A = 0.40 because with at least 113 subjects
in each condition (included and drop out) an effect of d = 0.33 can be detected with a probability
of 80 % and is therefore considered the smallest effect size of interest here (see Lakens, 2017;
Lakens et al., 2018). Equivalence tests indicated that on all other study variables, there were no
further differences between students who participated at T2 and those who did not (all p <.05).
Considering that 234 students completed the course and took part in the final exam, about 73 %
of all students attending the lecture class participated in our study.
5.3 Measures

The measures were the same as in Study 1. Only this time, the mock exam used to assess
performance at the end of the semester consisted of 55 items instead of 39, and we assessed
ability self-concept with six instead of three items (SESSKO; Schone et al., 2002).
5.4 Results

Again, we used R (version 4.0.4, R Core Team), the TOSTER package (Lakens, 2017)

and IBM SPSS Statistics (version 24) for all other statistical analyses. Descriptive statistics and
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correlations of all study variables from Study 2 are presented in Tables 5 and 6. As in Study 1,
students began the semester with high motivation and intentions to use all learning activities.
The average HSGPA found in the sample represents a good performance according to the
German grading system. The average prior knowledge score indicates that students began the
lecture with little knowledge (because the mean score again represented the probability of
guessing).
5.4.1 Intentions and use of learning activities

The activities students intended to use the most (see RQ1) were to attend the lecture
regularly (M =4.72, SD = 0.72) and to take practice tests regularly (M = 4.68, SD = 0.56).
Paired ¢ tests with an adjusted o < .007 (Bonferroni-corrected) indicated that regular attendance
of lecture sessions was significantly preferred over all other activities, #(111) =4.28 to 19.77,
all ps <.007, except taking practice tests regularly, #169) =0.89, p = .377, and memorizing
content for the exam, #(170) = 1.16, p = .247. However, students intended to use many activities
a lot (almost all intentions were above the scale mean).

Table 5

Study 2: Means and standard deviations for learning activities

Intention Use Difference
(N=171) (T1) (T2) use-intention

M (SD) M (SD) M (SD)
Memorizing content for the exam 4.63 (.69) 4.45(.93) -0.20(.96)
Attending lecture regularly 4.72 (.72) 4.04 (1.29) —0.68 (1.20)
Taking practice tests regularly 4.68 (.56) 4.47 (1.00) -0.20 (1.04)
Reviewing lecture notes regularly 4.40 (.81) 3.87(1.28) —0.53 (1.20)
Submitting essays regularly 3.84 (.97) 243 (1.43) -1.411.47)
Forming a study group 3.59(1.16) 2.85(1.33) -0.75(1.24)
Submitting items regularly 3.64 (1.07) 1.45(.85) -2.19(1.24)
Reviewing literature regularly 2.77(1.08) 1.54(98) -1.23(1.26)

Note. Intentions to use and use of learning activities could be indicated on a scale ranging from
I to 5.
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Table 6

Study 2: Means, standard deviations, reliabilities, and bivariate correlations of study variables

(N=171) M SD (1) (2) 3) “ ) (6) (7 (8)
(1) HSGPA 323 (0.64) -

(2) Prior knowledge 820 (1.75) 0.05 -

(3) Intentions (T1) 4.04 (0.50) 0.21%** —-0.07 (.68)

(4) Values (T1) 3.93  (0.67) 0.17* —0.08 0.49%* (.89)

(5) Self-concept (T1) 3.26 (.60) 0.07 —-0.01 0.27%* 0.50%%* (.84)

(6) Values (T2) 3.58 (0.78) 0.07 -0.10 0.39%* 0.62%* 0.34%* (.92)

(7) Self-concept (T2) 3.09 (0.68) 0.18%* 0.06 0.24%%* 0.37%* 0.49%* 0.54** (.88)

(8) Learning activities (T2) 3.13  (0.59)  0.32%% 0.03 0.50** 0.24** 0.03 0.24** 0.24** (.60)
(9) Performance 46.92 (5.67)  0.39%* 0.15* 0.13 0.09 0.16* 0.01 0.20** 0.31**

Note. Self-report measures all used a response scale from 1 to 5, except for high school grade point average (HSGPA; possible range: 1 to 4); grades
were recoded: larger numbers represent better grades. Prior knowledge could range from 0 to 15; performance could range from 0 to 55. Cronbach’s
alpha, when applicable, is listed on the diagonal.

*p <.05. %% p<.01.
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To address RQ2 about the actual use of learning activities during the semester, we
inspected the means and standard deviations of each learning activity. The activity used the
most—on a descriptive level—was practice tests (M =4.43, SD = 0.88). However, we again
interpret this finding cautiously (see results from Study 1). Apart from the practice tests,
students reported to have memorized the content for the exam above all other activities,
#(170) = 3.04 to 29.85, all ps < .007. Table 5 shows the actual use of all activities. Looking at
the corresponding intentions to use each learning activity, students used each activity less than
they had intended (see Table 5). At the end of the semester, students reported that overall, they
implemented their intentions to a lesser extent than intended, #(170) =21.45, p <.001,d = 1.64.
However, the more students intended to use the learning activities, the more they implemented
the activities (» = .50, p <.01).

5.4.2 Predicting performance

Bivariate correlations (see Table 6) indicated that performance at T2 was related to
HSGPA, ability self-concept at T2, and use of learning activities. In this sample, prior
knowledge and ability self-concept at T1 were also related to performance.

We computed a multiple regression to explain performance at T2, entering all significant
correlates except HSGPA in a first step, and adding HSGPA in a second step to test HI and H2.
In this sample, more of the assumed predictors correlated with performance than in Study 1, so
the set of predictors differed slightly. Results are presented in Table 7. The learning activities
again explained performance, even after controlling for HSGPA, thereby supporting HI and
H2 again. In the final model, all predictors together accounted for 20 % of the variance in

performance.
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Table 7

Study 2: Hierarchical regression predicting performance on the mock exam (z-transformed)

Variable B 95% CI for B SE B B3 R*>  AR?
LL UL
Step 1 0.11 0.11**
Constant —2.92%* —4.16 —-1.67 0.63
Prior knowledge 0.06 —-0.02 0.14 0.04 0.11
Self-concept (T1) 0.19 —-0.09 0.46 0.14  0.11
Self-concept (T2) 0.10 —-0.14 0.36 0.13  0.07
Learning activities
(T2) 0.47%* 0.23 0.72 0.13  0.28**
Step 2 0.20 0.09**
Constant —3.83%** -5.08 -2.58 0.64
Prior knowledge 0.06 -0.02 0.13 0.04 0.10
Self-concept (T1) 0.18 —-0.08 0.44 0.13  0.11
Self-concept (T2) 0.06 —0.18 0.29 0.12 0.04
Learning activities
(T2) 0.32%* 0.07 0.56 0.13  0.19*%
HSGPA 0.49** 0.27 0.72 0.11 0.32%*

Note. N = 171. CI = confidence interval, HSGPA high school grade point average.

*p <.05.%*p<.0l.

Goodman and Kruskal’s Gamma correlations to investigate bivariate associations
between each of the eight learning activities and performance on the mock exam were

computed. Results are presented in Table 8.
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Table 8

Study 2: Bivariate associations of single learning activities and performance on the mock exam.

(N =171) Memorizing Attending Taking Reviewing Submitting Forming Submitting Reviewing
content for lectures practice lectures essays astudy  items literature
the exam regularly  tests notes regularly group regularly regularly

regularly regularly

Performance

(T2) 0.22%  0.32%* 0.13 0.23**  0.27** 0.09  0.00 -0.06

Note. Use of learning activities could be indicated on a scale ranging from 1 (not at all) to 5
(very much). Performance could range from 0 to 55. * p < .05, ** p < .01.

5.4.3 Predicting the use of learning activities

In addition to the hypotheses for replicating the findings from Study 1, in Study 2, we
had further hypothesized that motivation at the beginning of the semester would predict the use
of learning activities during the semester. In a multiple regression, motivational values at the
beginning of the semester predicted the use of learning activities during the semester (8 = 0.29,
p < .01), whereas expectancies did not (5 =-0.11, ns). The coefficient for motivational values
did not change when controlling for prior achievement (5 = 0.29, p < .01). Motivational values

and prior achievement together explained 13 % of variance in the use of learning activities.

6. Discussion

Besides individual learning prerequisites and learning experiences that have already
contributed to achievement in the past, students’ engagement in self-regulated learning is
essential for success in higher education (see, e.g., Zimmerman, 2008). We considered it useful
to assess a proximal predictor of achievement and therefore focused on the behavioral aspect
of self-regulated learning, namely, learning activities. To investigate the use and usefulness of

specific learning activities, we designed a lecture class that included specific activities that
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relied on evidence-based principles such as spaced learning, self-testing (Dunlosky et al., 2013),
and feedback (Downs, 2015).
6.1 Main findings

We assessed students’ learning prerequisites, prior achievement, and use of these
activities over the course of one semester as well as their performance at the end of the semester.
Study 1 demonstrated that students’ use of learning activities was associated with their success
beyond their individual learning prerequisites (prior knowledge and motivation) and prior
achievement, whereas prior achievement still predicted performance. In Study 2, we cross-
validated this finding and further investigated the antecedents of students’ use of learning
activities. The more students valued the subject, the more they engaged in learning activities.
However, expectancies were not associated with the use of learning activities. In both studies,
we found a large gap between students’ intentions and behavior.

Regarding the explanation of success in higher education, the studies add to existing
research as follows: Prior achievement explained achievement in our studies, as has frequently
been shown in the past (Kobrin et al., 2008; Richardson et al., 2012). This emphasizes the
importance of considering prior achievement when investigating the incremental validity of
new predictors of success in higher education. Nonetheless, our results support the idea that
students’ active engagement matters, and that they can actively make a difference in their own
success. It has to be acknowledged that we only found small effects of the learning activities.
However, these activities may help students compensate for heterogeneous learning
prerequisites because the learning activities can be used by everyone. We therefore think of the
learning activities as a valuable supplement to teaching in higher education. Furthermore, the
activities described here, or similar activities that rely on the same principles, can be
implemented in manifold learning situations in higher education and help instructors monitor
students’ knowledge level and adapt their teaching to it. Thereby the results provide instructors

with ideas about how to optimize their teaching. As learning can be understood as an interaction
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of supply and use, this also points out how challenging it is for instructors to equip students
with effective extracurricular activities.

Of course, there may be moderator variables that help to understand the relationship
between students’ activity use and performance in more detail. For further research, it may be
promising to have a closer look at possible moderators of this relationship. From motivational
research we know that quality of motivational regulation moderates the relationship between
motivational regulation and performance (Engelschalk et al., 2017). For our learning activities,
quality of activity use may also moderate the association of learning activity use with
performance. For example, if students use study groups to quiz each other and give one another
feedback, this study group probably benefits learning more than a study group in which students
only spend time together rereading material. Further, students could benefit from different
learning activities differently, for example according to their preferences. Another possible
moderator variable in our design is students’ conscientiousness and ambition. Students that are
more conscientious or ambitious may invest more effort and time in each single learning activity
and use them more effectively. Further research could benefit from including these variables
and thereby help understanding the complex processes of learning. This may also help to
increase the explained variance in performance which was rather small in our studies.

Although the main results of Study 1 could be replicated in Study 2, there were
differences in the pattern of correlations. For example, prior knowledge was not associated with
performance in Study 1 but it was in Study 2. Such differences in the observed correlations may
be due to differences in the content of the lecture classes. One took place in the summer term
and one in the winter term. Differences in the pattern of correlations maybe represent that there
are always some inaccuracies in our data - especially when conducting research in the field.
However, the main finding that prior achievement and learning activity use explained

performance was found in both studies, regardless of the sample.
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Further, we found not all activities to be associated with performance when considered
individually. This may indicate that several learning activities are more helpful to students (e.g.,
submitting essays) than others (e.g., using study groups). However, this finding needs to be
interpreted with caution. In order to compare the usefulness of activities, they should be
assessed with more items.

The finding that a motivational construct explained learning behavior is in line with
previous motivational research that has shown the expectancies and values that are associated
with achievement-related behavior such as effort (Putwain et al., 2019). However, expectancies
at the beginning of the semester were not related to the use of learning activities during the
semester in our studies. From one point of view, this might sound surprising because the
expectancy component of motivation has been shown to be more predictive when it comes to
explaining achievement (Schneider & Preckel, 2017). However, it might be the case that
expectancies affect achievement via mechanisms other than active engagement. It might even
be the case that students with high expectancies do not consider it necessary to engage in
optional activities. At the same time, the results of Study 2 reveal the importance of the value
component of motivation. The more interesting, useful, and important students perceive a
subject to be, the more they engage. Instructors could address this in lectures by highlighting
the usefulness and importance of a subject and by encouraging students to search for personally
interesting, useful, and important aspects of the subject (see, e.g., Yeager et al., 2014).

However, high values seem insufficient to ensure engagement. The large gap between
intentions and behavior has been found in many domains of self-regulated behavior such as
health behavior (e.g., Sniehotta et al., 2005). In this context, however, this shows how important
it is for students to maintain their effort over the course of a longer period of time (e.g., 1
semester). Because there is inter-individual variation in the difference between intentions and
use of learning activities in our sample, further research could use difference-scores as another

measure of (problems with) self-regulation or students’ ability to realistically set their intentions
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and relate this to academic outcomes. Of course, researchers could also figure out factors that
help students put their intentions into practice. One possibility is to look at factors from the
theory of planned behavior (Ajzen, 1991). Perhaps some students did not feel in control of
engaging in the activities or did not feel a subjective norm to use the activities. These factors
could be considered in future research. Another possibility could be to make learning activities
more attractive, for example, by showing students the results of studies—such as ours—that
underline their usefulness or design interventions that help students to regulate their learning.
Some promising interventions have already been investigated, including web-based trainings
for self-regulated learning (Bellhduser et al., 2016) and interventions including implementation
intentions regarding the use of optional activities (van der Beek et al., 2020).
6.2 Limitations

Of course, our study has some limitations. First, we had to rely on self-report data from
our students. The assessment of learning activities could be improved by assessing them
automatically (e.g., essay submissions) or more frequently. In this study, we relied on self-
report data due to the importance of anonymous data collection. Nevertheless, we think
students’ report of their learning activities should have been quite valid because participation
in our surveys was voluntary. Furthermore, we asked about specific behavior, and this should
have helped the students give correct estimates. In the future, it would be worthwhile to work
on a more objective but still anonymous way to assess these activities. Second, we only
investigated these activities in one lecture class and cannot generalize to other learning
situations. However, we did cross-validate our finding in another sample of students.
Furthermore, the learning activities we described relied on general principles (e.g., practice
testing) and could be adapted to other contexts. In our studies, we had participation rates of
62 % (Study 1) and 73 % (Study 2) of all students who took the final exam. Therefore, our
results could be biased because more motivated students participated in more surveys.

However, we still had some variability in our sample regarding motivation to explain
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achievement and learning behavior. Furthermore, dropout analyses indicated that students who
participated in both surveys did not differ in motivation from those who dropped out.  Of
course, we cannot make causal inferences because the study lacks an experimental design.
However, by implementing a longitudinal design and controlling for other strong and well-
established predictors of success, we have good reasons to assume that students benefit from
the offered learning activities. Further moderator variables as described above may help to
further clarify the associations between learning activity use and achievement. The
consideration of further explaining variables may also improve the variance explained in
performance. In our study, we could only explain up to 20 % of variance in performance and
regression coefficients were small to moderate. However, as we found these associations in a
realistic field setting, they are nonetheless noteworthy.

Another limitation is the sample size we could investigate. With more students
participating in the online surveys the analyses’ power would increase and maybe also help to
give more accurate estimates of the size of correlations of regression coefficients. The
correlation coefficients differ in their size. However, the main associations are comparable
between samples. In the field, the sample size oftentimes is limited. The learning activities were
implemented in one lecture class and therefore the sample is limited to the students attending
this lecture. Nonetheless, future studies may benefit from implementing these activities into
more and different lecture classes, thereby increasing the sample size and at the same time
investigating the generalizability of the results.

6.3 Implications

With these limitations in mind, the present studies revealed interesting and important
results for theory and practice. The results support the idea that students’ self-regulation matters
for students’ success in higher education. We specified self-regulated learning by investigating
specific learning activities in the field and over the course of a semester and thereby improved

the assessment of self-regulated learning. At the same time, we described and evaluated useful
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ideas for teaching practice in higher education. Learning in higher education is an interaction
of supply and use: Instructors who supply students with effective learning activities and
students who use these activities. Of course, students’ learning prerequisites and prior
achievement still contribute to explaining their success. However, beyond this, students can
actively make a difference in their success by using learning activities. Looking at the gap
between intentions and learning activity use, further research could investigate this gaps’
relevance for students’ success and consider interventions that help students to improve their

learning even more.
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Abstract
Challenges for university students were high during distance education in lockdowns due to the
COVIDI19 pandemic. Self-regulation and motivation became more important but motivation
was possibly challenged more. To investigate motivational differences and possible positive
effects of evidence-based learning activities we followed two cohorts of preservice teachers
over the course of one semester. One cohort was followed in 2019 in a face-to-face semester
(N2019 = 225) and the second cohort was followed one year later during the first lockdown
(N2020 =311). Students indicated their motivation at five measurement occasions and reported
their use of learning activities twice. Multigroup linear change models indicated an overall
decline of motivation in both cohorts. Surprisingly, neither initial motivation level nor
motivational change differed between cohorts. Students who used more learning activities
reported a more positive motivational development. This highlights the chance of evidence-

based learning activities for students’ motivation in regular and distance education.

Keywords: COVIDI19 pandemic, Higher Education, Motivation, Evidence-Based Learning

Activities
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1. Introduction

In March 2020, the lockdown due to the COVID-19 pandemic challenged learners and
teachers to adapt to distance education. First empirical research indicates that distance
education came along with deleterious effects for students’ well-being (Kedraka & Kaltsidis,
2020; Schwinger et al., 2020; Steinmayr et al., 2022). In higher education, many instructors
converted their courses into online formats, and, for example, made self-study materials
available to students online. This required a high degree of self-regulation on the part of the
students when they wanted to learn successfully. At the same time, students reported problems
starting online classes on their own and staying focused (Wong, 2020). Correspondingly, Lockl
et al. (2021) reported that distance learning required students to engage in higher levels of self-
regulation.

In this context, motivation to learn is particularly important, because it is a crucial
prerequisite for self-regulated learning (see e.g., Pintrich, 2004). To self-regulate learning
successfully, students need motivation to initiate learning and also to maintain motivation over
time. However, several researchers have found students’ motivation to decline across different
developmental phases and time spans (e.g., Benden & Lauermann, 2021; Jacobs et al., 2002;
Kosovich et al., 2017; Robins et al., 2019). In online courses during pandemic-related
lockdowns, motivation was possibly threatened more, because many prerequisites for
motivation were missing (e.g., social presence and interaction, see also Miiller et al., 2021) and
students reported an increased amount of stress (Usher et al., 2021). The question arises as to
what differences emerge in students’ motivation during distance learning compared to face-to-
face learning.

Extending the question of motivational challenges during distance education, it is
important to examine what helps students stay motivated, be it in distance learning or face-to-
face learning. One promising idea to help students stay engaged and motivated is offering

evidence-based learning activities. Given the challenges of pandemic-related distance learning,
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learning activities that can be easily implemented in an online course, in particular, offer an
opportunity to facilitate distance learning for students. Activities that help students space out
their learning, test their knowledge repeatedly and receive feedback on their performance have
already been shown to boost students’ performance (e.g., Dunlosky et al., 2013). Relying on a
Supply-Use-Model, prior research has shown that, in a regular semester, the use of such
activities explained students’ performance even beyond prior achievement and motivation
(Bosch et al., 2021). The present study investigates whether the use of such activities is
associated with a more favorable motivational development, both in a regular and in a distance

learning context.

2. Student Motivation

In our research, we are interested in university students’ intrinsic motivation in terms of
the intrinsic value component from Expectancy-Value Theory (EVT; Eccles et al., 1983;
Wigfield & Eccles, 2000). Intrinsic motivation describes the pleasure and interest with which
one approaches a topic or task. Together with other motivational values and performance
expectations it is supposed to influence achievement related behavior and choices (Eccles &
Wigfield, 2020). Intrinsic motivation is important in education for two reasons. First, empirical
research shows that students who have high intrinsic motivation and performance expectancy
(expectancy component of EVT) tend to learn more and perform better (e.g., Kriegbaum et al.,
2018; Robinson et al., 2019; Trautwein et al., 2012). They also tend to drop out from university
courses less frequently (Benden & Lauermann, 2021). Second, intrinsic motivation is also a
desirable outcome of learning processes, as students should leave higher education courses with
high motivation to learn and strong interest in the field.

Unfortunately, students suffer from motivational challenges. Longitudinal studies show
that students’ motivational values for various school subjects decrease overall from first to

twelfth grade (e.g., Jacobs et al., 2002). A negative trend in student motivation was also found
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through the first two years of college in one study (Robins et al., 2019). Even over a relatively
short period of time such as an academic semester, student motivation develops negatively
(Benden & Lauermann, 2021; Kosovich et al., 2017). Negative trends in motivation can have
negative consequences for students. One serious consequence of too little motivation is when
students fail to achieve their goals and drop courses (Benden & Lauermann, 2021) or even
university. In Germany about 25 % of students drop out from university before completing their
bachelor’s degree (Heublein & Wolter, 2011; OECD, 2013) and lack of motivation was
identified as an important predictor of dropout, along with poor performance and financial
problems (Heublein & Wolter, 2011).

In summary, there are many reasons why students should stay motivated. However, they
seem to face motivational challenges during their academic careers. During the lockdown and
distance learning, more challenges probably came along. Demands on students have increased,
as they should take more responsibility for their learning process and become more self-directed
learners (Lockl et al, 2021). They had to independently initiate learning sessions, stay focused
alone in front of their electronic device, and structure their day. Not all students were able to
cope well with these requirements (Lockl et al., 2021; Wong, 2020). With increased challenges
and stress, students’ motivation could have suffered more during distance education. Under an
EVT perspective, Wang and Eccles (2012) investigated classroom characteristics that facilitate
students’ intrinsic value for a task. They found those characteristics helpful for students’
intrinsic task value that support feelings of competence, connectedness, and autonomy,
concepts from self-determination theory (SDT; Ryan & Deci, 2020). According to SDT, a
crucial prerequisite for motivation is satisfaction of the basic psychological needs for
relatedness, autonomy, and competence (Ryan & Deci, 2020). Because social interaction was
diminished during distance education, the need for relatedness was possibly frustrated in many
students. Wong (2020), for example, found that especially learners’ need for relatedness was

frustrated in online learning but not autonomy and competence. Such a frustration of one need
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may contribute to a decreased motivation in distance education. However, because temporal
and spatial flexibility were increased in online courses, the need for autonomy could have been
satisfied more at the same time. How such frustration of one need (relatedness) can be
compensated by increased satisfaction of another need (autonomy), and how the different needs
differ in strength and importance at the individual level are as yet open questions (e.g.,
Vansteenkiste et al., 2020). However, given the many changes and challenges students faced
and the increasing stress, it would stand to reason that their motivation suffered. Indeed, first
empirical research suggests detrimental effects of pandemic-related distance education on
university student motivation. In an exploratory study Usher and colleagues (2021)
retrospectively surveyed N = 358 U.S. university students at the end of the spring 2020 semester
about their experiences and motivational changes. The majority of students reported that they
procrastinated more and were less motivated during lockdowns. In another study, students
retrospectively reported that courses that were moved online due to the pandemic were less
enjoyable and less interesting (Garris & Fleck, 2022). However, the authors could not compare
motivation before and after the change to distance education directly. Miiller and colleagues
(2021) surveyed two cohorts of students, one before and one during forced distance learning.
Using a self-determination approach, they found that less desirable forms of motivation
increased during lockdown. However, these studies could not look at the development of
students’ motivation over time. We are not aware of any study to date that has directly compared
the intrinsic motivation and its’ development of higher education students before and after
switching to distance education.

The well-documented decline in motivation over time, as well as additional challenges
during lockdowns and the potentially increased threat to motivation as a result, lead to the

question of what might be done to mitigate negative motivation trends.
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2.1 Antecedents of Motivation

What could help students staying motivated during regular and online semesters?
Motivation is most often looked at as an antecedent of behavior, but behavior is also an
antecedent of motivation, as described in several theoretical frameworks. In the model of
situated EVT from Eccles and Wigfield (2020) for example, previous achievement-related
experiences are thought to influence motivational values. Also, in models of self-regulated
learning (e.g., Schmitz & Wiese, 2006) every learning action is followed by a reflection of
outcomes. The results of this reflection are then integrated to build motivation for the next
learning action. Hidi and Renninger (2006) argue that evoking situational interest makes
students engage repeatedly, thereby strengthening individual interest in a certain domain more
generally.

In their meta-analytic review, Credé and Kuncel (2008) investigated predictors of
academic success in higher education and identified study habits, skills, and attitudes as an
important pillar for academic success. Both, motivation as well as study skills and habits
explained performance beyond cognitive predictors. But how these two predictors interact, is
not that clear, yet. Interestingly, Credé and Kuncel (2008) propose a model of academic success
that implies behavior (study habits and attitudes) as an antecedent of motivation (p. 430). This
relationship, however, is not further specified or investigated empirically. In another very recent
review of meta-analyses, Jansen et al. (2022) investigated the antecedents of K-12 students’
motivation. They report that students’ previous achievement, as well as instructional practices,
were related to students’ motivation with medium order effect sizes. However, they also note
that the antecedents of higher education students’ motivation have not been as widely studied.
As mentioned earlier, a key challenge for higher education students is maintaining motivation
over time in a self-directed learning environment, and this challenge can be even more

demanding in distance education.
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Taking behavior as an antecedent of motivation in a self-regulated learning context, we
hypothesize that students’ active learning behavior is associated with sustained motivation over
time. In particular, we expect regular participation in learning activities to help students
maintain intrinsic motivation in the subject.

2.2 Evidence-based Learning Activities

What could instructors do to support students’ engagement and motivation? According
to the Supply-Use Model for learning and instruction in higher education (see figure 1),
instructors should provide learning opportunities that students can use to acquire knowledge
(Bosch et al., 2021). When teachers think about which learning opportunities to offer, they
should rely on evidence-based activities that help students to learn effectively (Dunn et al.,
2013). The typical design of a lecture class includes regular lecture sessions. If students
regularly attend sessions, they tend to receive better grades in university (Credé et al., 2010).
Next to lecture sessions, empirical research has found that learning activities that help students
space out their learning, test their knowledge repeatedly, and receive feedback on their
performance promote student learning and performance (Downs, 2015; Dunlosky et al., 2013).
For example, practice tests of the learning content allow students not only to assess their
learning but enhance students’ memory for the learned and for new material (e.g., Carpenter,
2012). The effect of testing is even stronger, when students receive feedback on their
performance (Phelps, 2012). Much research on testing focuses on multiple-choice knowledge
tests (e.g., Cogliano et al., 2019). Other useful test activities include writing assignments that
require students to apply, integrate, and reflect on the content (Balgopal et al., 2012; Dunn et
al., 2013). Further, the principle of distributed practice is related to students’ performance
(Dunlosky et al., 2013). Consequentially, activities should be effective if they allow students to

space their learning over a period of time.
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Current Learning Situation
Institutional Context
large lecture class, optional attendance of sessions, no control over students’
activities
Supply Intentio Use
specific, evidence- .| ntouse of .| Learning Outcome
based learning learning learning - achievement
activities activities activities
/7
Individual Learning Prerequisites .| Previous Outcome
cognitive ability, prior knowledge, motivation, study prior achievement
Learning History

Figure 1. A Supply-Use Model of Learning, adapted for higher education (Bosch et al., 2021)

Based on these empirical results, a university lecture class was designed to promote
student engagement. The lecture class included regular practice tests distributed over time in
the form of knowledge-tests with confidence-weighted true-false items (see Dutke &
Barenberg, 2015), writing assignments and feedback on these test activities. Such a lecture
design has already been investigated empirically in the field and students who engaged in more
activities performed better at the end of the course (Bosch et al., 2021). However, regular
engagement in these evidence-based activities may not only improve students’ knowledge but
also help them to stay motivated by helping them discover interesting and joyful aspects of the

content.

3. Summary and Research Questions
First empirical evidence suggests that students’ learning motivation has suffered during
distance education in the COVID-19 pandemic. The aim of the present research is to compare

students’ motivational level at the beginning of a semester and the development over the course
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of one semester in a regular face-to-face and an online lecture class. Given the motivational

challenges in self-regulated learning contexts, we further investigate evidence-based learning

activities as a tool that may help students stay engaged and motivated even in an online lecture
class.

- HI1: We expect to replicate the finding that students’ intrinsic motivation declines over the
course of one semester regardless of the lecture design (present or online).

- H2: We further expect that initial intrinsic motivation is lower and the decline is steeper in
an online semester than in a regular face-to-face semester.

- H3: We hypothesize that students who more often attend lecture sessions and use evidence-
based learning activities (practice tests in the form of self-tests and writing assignments)
have smaller motivational declines.

Exploratively, we investigate which learning activities may be particularly important and
offer a chance to improve teaching and learning, especially in online courses. Moreover, we
analyzed which was the better predictor of students’ dropout: use of learning activities or
motivation early in the semester.

4. Method
To test the hypotheses stated above, self-report data from two cohorts of preservice
teachers were analyzed and compared.

4.1 Procedure

The setting of the study was an introductory lecture class on educational psychology for
preservice teachers at a German university. This lecture class is obligatory for preservice
teachers. Cohort 1 was followed during summer term 2019 in a regular face-to-face semester.

When the pandemic-related lockdown in March 2020 forced teachers and learners to convert to

distance education, the design of the lecture class was left the same except for the weekly lecture

sessions which switched to online. Cohort 2 was followed during this online term in summer

2020.
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In both cohorts, lecture content and evidence-based learning activities were the same.
The lecture class included weekly lecture sessions (face to face 2019 and online 2020) as well
as practice tests in the form of self-tests and writing assignments online. All activities were
optional. However, we recommended students to engage in as many activities as possible. On
five self-tests, students were quizzed on the lectures’ topics of the last three weeks with
confidence-weighted true-false items (Dutke & Barenberg, 2015) and received feedback on
their performance (number of correctly answered questions). With up to eight writing
assignments, students had the opportunity to reflect on the content of the lecture and apply it to
a new problem. Students received individual feedback on these assignments. The practice tests
were offered every week during the semester and thereby helped students learn continuously
and space their learning. The design of the learning activities is described in further detail by
Seifried and Spinath (2020).

For data collection in both cohorts, all students who registered for the course were
invited to complete online surveys after each self-test, starting after the first lecture session and
from this point on every three weeks. Each time students were asked to indicate their intrinsic
motivation. In the middle (T3) and at the end of the semester (T5), class attendance and use of
optional evidence-based learning activities were assessed.

At several time points, we further assessed scales that were related to the evaluation of
the lecture or illustration of the lectures’ content and thus were not used in the present study.
Participation in the surveys was voluntary and anonymous (students generated anonymous
codes for longitudinal monitoring). Students were informed about the content and aims of the
survey and that they would have no disadvantage if they did not participate.

4.2 Sample

At the beginning of the semester Nao19 = 225 (N2020 = 311) preservice teachers took part

in the first online survey. Of those, 12019 = 121 (n2020 = 119) students took part in the survey at

T5. Participation rates in surveys for each measurement occasion are depicted in Table 1. In
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2019 participants were on average M =21.44 (SD =2.36) years old (2020: M =21.55,
SD =2.86), and 66.2 % were female (2020: 64.6 %). 2019, students stated that they had been
studying for M =4.21 (SD =2.36) semesters (2020: M =4.28, SD=2.39) and indicated
studying a wide variety of teaching subjects.

Table 1

Number of Study Participants in Both Cohorts over the Course of the Semester.

Cohort T1 T2 T3 T4 TS

N n (%) n (%) n (%) n (%)
2019 225 142 (63.1) 108 (47.9)  123(54.6) 121 (53.7)
2020 311 192(61.7)  162(52.1)  145(46.6) 119 (38.2)

Note. % in relation to T1 participants.

4.3 Measures

Next to the demographic data reported above (see 4.2) we assessed the following
variables for our study:

Intrinsic Motivation for Educational Psychology (T1-T5) was assessed with three items
adapted for the “educational psychology” context instead of “school” (e.g., “What I learn in
educational psychology is interesting to me.”) from the Scale for Assessing Subjective School-
related Values (SESSW; Steinmayr & Spinath, 2010). Students were asked how each statement
applied to them from 1 (not at all) to 5 (very much). Cronbach’s a indicated good reliability of
the scale at each measurement occasion (o = .85—-.99).

Use of Learning Activities (T3 and T5) was assessed with three items, each concerning
a learning activity that could be used during the semester: regularly submitting writing
assignments, regularly attending the lecture sessions and taking self-test. For use of the
activities writing assignments and lecture attendance students were asked, how much they had
used them on a scale from 1 (not at all) to 5 (very much). For use of the activity self-tests
students were asked the number of times they had participated in self-tests (1-5 at TS5 and 1-3

at T3). For use of learning activities at T5 a mean was computed.
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4.4 Data Analysis

All models were estimated with Mplus 8.0 (Muthén & Muthén, 1998-2017). Hypotheses
were investigated using a multigroup second-order linear change model. Within this
framework, intrinsic motivation at each time point was modelled as a latent state factor with
three indicators each time. Further, second-order change factors (level and change) were
estimated to load on latent state motivation factors. The level factor had loadings of one on all
latent state factors of intrinsic motivation (T1-T5) and the change factor had loadings of 0, 0.3,
0.6, 0.9 and 1.2 on latent state factors of intrinsic motivation T1-T5 respectively because
surveys took place every three weeks. This modeling approach accounts for measurement errors
and bias in parameter estimates at the item and construct levels (Grimm & Ram, 2009). We
evaluated model fit with the Comparative Fit Index (CFI; Bentler, 1990), the Root Mean Square
Error of Approximation (RMSEA; Steiger, 1990) and the Standardized Root Mean Square
Residual (SRMR; Kline, 2011). According to Hu and Bentler (1999), a CFI higher than .95 and
RMSEA as well as SRMR lower than .08 indicate good fit.

Before applying the growth model, we tested for longitudinal measurement invariance
to make sure we can compare factor means of intrinsic motivation across measurement
occasions. To do so, strong measurement invariance is a prerequisite, which means that
intercepts of manifest indicators as well as factor loadings need to be invariant over time. To
test for strong invariance, we compared models of strong invariance with models with released
constraints and evaluated if the latter showed meaningful better model fit. According to Chen
(2007) a meaningful improvement of model fit when releasing intercepts is indicated by an
increase of CFI > .005 and at the same time a decrease of RMSEA of > .010 or a decrease of
SRMR > .005. When releasing factor loadings, an increase of CFI > .005 needs to be
accompanied by a decrease of RMSEA of > .010 or a decrease of SRMR > .025.

To investigate motivational change, we estimated a multigroup linear change model for
intrinsic motivation and inspected estimates of the change factors (H1). Next, we compared
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estimates for latent growth factors to evaluate differences between cohorts (H2) and entered
students’ mean activity use as a predictor of the change factor to investigate the association of

evidence-based activities with motivational change (H3).

5. Results
Descriptive data for intrinsic motivation and uses of learning activities in both cohorts is
depicted in Table 2.

Table 2
Means and Standard Deviations for Study Variables and Scales in Both Cohorts.

Variable Cohort 2019 Cohort 2020
M (SD) M (SD)
Intrinsic Value T1 ? 3.98 (0.77) 3.95 (0.82)
Intrinsic Value T2 ? 3.72 (0.88) 3.82 (0.81)
Intrinsic Value T3 # 3.77 (0.81) 3.79 (0.79)
Intrinsic Value T4 ? 3.73 (0.85) 3.76 (0.75)
Intrinsic Value T5 # 3.66 (0.89) 3.71 (0.84)
Use of Learning Activities (T3)
Lecture visit ° 431 (1.14) 4.45 (1.06)
Writing assignments ° 2.37 (1.47) 3.81(1.34)
Number of self-tests © 2.12 (0.84) 2.14 (0.89)
Mean Use of Learning Activities (T5) 2.81(1.29) 2.87 (1.52)
Lecture visit ° 4.12 (1.35) 447 (1.11)
Writing assignments ° 2.31(1.34) 4.02 (1.11)
Number of self-tests 3.21 (1.58) 2.98 (1.64)

Note. * Scale consisting of three items that could be answered on a scale ranging from 1 (not at
all) to 5 (very much); ® possible values from 1-5; ¢ possible values from 1-3.

On a descriptive basis, students began the semester with relatively high intrinsic
motivation. Although scores decreased over time, motivation remained high in both cohorts

(see table 2 and figure 2).
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Figure 2. Means and 95 %-Confidence-Intervals of intrinsic motivation from t1-t5.

Preliminary analyses indicated strong measurement invariance over time. The model
assuming strong invariance had a good model fit (CFI = .992; RMSEA = .024; SRMR = .040).
Releasing invariance constraints of intercepts led to no meaningful improvement in model fit
(CFI=.995; RMSEA =.020; SRMR =.036; according to Chen, 2007). Also, releasing
invariance constraints of factor loadings led to no meaningful improvement in model fit
(CFI=.995; RMSEA =.020; SRMR =.025). All further analyses were conducted with the
model of strong measurement invariance.

The multigroup linear change model had an acceptable model fit (CFI=.965;
RMSEA =.048; SRMR = .092). Standardized factor loadings were all above .74 (ps < .01) for
observed motivation values loading on the corresponding latent motivation factor (T1-T5).
Means of second-order change factors in both cohorts were negative and significantly different
from 0 indicating a decline of intrinsic motivation. Further, variances of level as well as change

factors in both cohorts were significantly different from 0 indicating interindividual differences
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in motivation at the beginning and in the motivational development over the course of the
semester (see Table 3).

Table 3

Growth Factors of Intrinsic Motivation.

Cohort 2019 Cohort 2020
Mean [CI] Var [CI] Mean [CI] Var [CI]

Level 3.78 [3.66,3.89] 0.42[0.28,0.56]  3.77[3.67,3.86]  0.42[0.29, 0.55]

Change

Pater —029[-0.43,-0.16] 0.34[0.14,0.54] -032[-0.44,-0.21]  0.19[0.04, 0.35]

Note. Unstandardized Coefficients from Multigroup Linear Change Model; Var Variance; CI
95 % Confidence Interval.

Means’ 95%-Confidence-Intervals of Level and Change factor between cohorts
overlapped indicating no significant differences in motivation at the beginning or motivational
development in 2020 compared to 2019.

When adding the mean of students’ learning activity use over the course of the semester
(t5) as a manifest predictor of the Change factor, controlling for its’ correlation with the Level
factor at the same time, model fit remained acceptable (CFI = .964; RMSEA = .045;
SRMR = .106). Students’ mean use of all learning activities was positively associated with
change of intrinsic motivation in both cohorts (72019 =.489, p <.01; r2020 = .453, p <.01).
Looking at lecture attendance on the one hand and additional activities (self-tests and writing
assignments) on the other hand, the following results were obtained: The use of additional
activities was associated with motivational change in 2020 (2020 = .411, p <.01) but not in 2019
(r2019 = .232, p = .118). However, constraining the correlation coefficients to be equal across
groups did not change model fit significantly (Ay? (1) = 0.049, p = .825), indicating that the
coefficients between groups did not differ significantly. When looking only at lecture
attendance, this activity explained variance in motivational development in a face to face

semester (r2019=.567, p=.017) but not in an online semester (72020 =.051, p=.704).
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Constraining these coefficients to be equal across groups led to a significantly worse model fit
(Ay?(1)=6.485, p=.011) indicating that the coefficients between groups differed significantly.

T-tests with an adjusted o <.01 (Bonferroni corrected) were computed to compare
students who dropped out before TS and who completed all surveys. We neither found
differences in intrinsic motivation (T1-T4) in either cohort (#(106-309) =—-0.213-2.092, all
ps>.01) nor differences in class attendance at T3 (2019: #106)=0.485, p>.01; 2020:
t(159)=2.168, p>.01). However, students who dropped out until TS5 already reported
significantly less submissions of writing assignments at T3 in cohort 2020 (#(158) =4.507,
p<.01,d=0.81, 95 % CI[0.469, 1.148]) and significantly less participation in self-tests both
in cohort 2019 (#226) = 8.850, p < .01, d=1.17, 95 % CI [0.892, 1.455]) and in cohort 2020,

#309)=12.048 ,p < .01,d=1.41,95 % CI[1.151, 1.659].

6. Discussion and Conclusion

Different from what was expected in the face of the COVID pandemic and possible
motivational challenges, students’ initial intrinsic motivation and change of intrinsic motivation
did not differ between a face-to-face and an online semester. Surprisingly, in both cohorts,
students’ motivation was high at the beginning of the semester and stayed high, instead of the
overall decline. Other authors have reported detrimental changes in students’ motivation
(Miiller et al., 2021). However, the authors investigated the decreased possibilities of need
satisfaction (e.g., peer interaction to feel related) relying on Ryan and Deci’s (2020) self-
determination approach. Need satisfaction can be considered a prerequisite for intrinsic
motivation. However, intrinsic motivation can be explained by more factors and the learners in
our study maybe were able to cope with motivational challenges. In addition, the study by Usher
and colleagues (2021) retrospectively asked students about motivational changes. Considering
that other variables such as student well-being have suffered (e.g., Schwinger et al., 2020;

Steinmayr et al., 2022) students’ retrospective data on motivational change may be biased. In
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our study we were able to compare students of the same lecture class from 2019 and 2020 with
the same measures of intrinsic motivation. The sample in both cohorts were comparable
regarding their sociodemographic characteristics and lecture content did not differ between
cohorts. This allowed us to compare the change in motivation directly within one model and
we could not find motivational differences between cohorts. One explanation could be that
students who experienced a sharp drop in motivation right at the beginning in 2020 dropped out
of the data collection. However, because motivation did not differ between cohorts at baseline,
other explanations are possible. Schwinger and colleagues (2020) reported that it was primarily
the decrease in autonomy during the lockdown that led to a decrease in well-being. It is possible
that our students experienced no loss of autonomy within the lecture and were able to focus on
lecture content and engage in more learning activities because constraints such as social
distancing reduced other activities and sources of satisfaction. Another possible explanation for
the comparable motivational development lies in the evidence-based activities themselves.
Perhaps these activities made distance learning more attractive in the context of this lecture,
which would highlight the opportunities of evidence-based learning activities is distance
education.

Students in both cohorts seemed to suffer from motivational challenges reflected in a
motivational decline and dropout. Recently, Benden and Lauermann (2021) highlighted the
importance of short-term motivational changes for performance and course dropout in
university. The motivational decline we found, highlights a challenge for university students
and instructors that is present both in face-to-face courses and in distance education. When
interpreting the decline in motivation, it should be considered that motivation was quite high at
the beginning of the semester. In addition, almost everyone probably knows the feeling that
working on a long-term project - whether it is successfully attending a lecture as a student,

teaching a lecture as an instructor, or working on any project - challenges motivation from time
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to time. Motivational problems do not mean that one is certain to fail. How one deals with
challenges is critical.

To encounter students’ motivational challenges evidence-based learning activities may
be a suitable tool. Despite from being helpful for students’ performance (Bosch et al., 2021), in
this study they were related to a more positive development of motivation. The associations of
learning activities and motivational change were moderate to large in size. Of course,
motivation is also important to engage in learning activities. We argue, however, that the
continued engagement may also help to maintain motivation over time because learning
behavior is not only a consequence, but also a prerequisite as many models of motivation
include past behavior as a precursor of motivation (e.g., Eccles & Wigtfield, 2020). Evidence-
based learning activities can be considered a chance for university instructors and students,
because they could be easily adapted to different contexts and are associated to students’
motivation even in pandemic-related distance education. In both cohorts, students could attend
the lecture (in presence in summer 2019; online in summer 2020) to get to know the content
and to ask questions. This activity probably differed the most between 2019 and 2020.
Explorative analyses revealed that in 2020 additional evidence-based activities (writing
assignments and self-tests) were associated with a more favorable development of motivation.
Given the reduced interaction between students and instructors and less feedback in distance
education, individual feedback on tests as well as the more structuring character of the activities
(particular time slots for each activity) might have gained importance for students’ motivation.

Overall, dropout from surveys and also from the course was high, especially in 2020.
One reason for the higher dropout rate 2020 could be that more students visited the first lecture
session and enrolled in the course (N = 311 compared to N =225 in 2019) because it was easier
online and they may did not have as strong intentions to complete the course. Further, students
who submitted more writing assignments and participated in more self-tests completed all

surveys and probably the course with a higher probability. This points to another important
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aspect of evidence-based learning activities. They do help students learn the content, they are
related to a more favorable motivational development and they may also help students finish a
course (maybe by preventing them from drastic motivational declines).

Our study is the first that compared student motivation and its” development over the
course of one semester in a face-to-face lecture course and immediately after the change to
distance education and associations with evidence-based learning activities. There are, of
course, limitations that need to be considered. First of all, we cannot draw causal conclusions
about the effect of learning activities due to the non-experimental design. However, applying a
longitudinal design gives us first ideas how motivational challenges in higher education could
be encountered. Further, it is likely that our findings are limited to certain contextual conditions.
Our study was conducted in a large lecture class with specific evidence-based learning
activities. In lecture classes, even in a face-to-face semester, social interaction is usually not as
lively as in seminar formats. Therefore, the discrepancy in social interaction and maybe also
motivation might have been more pronounced in seminar formats. However, the study of large
lecture classes in distance education and the ways in which evidence-based activities can be
implemented here are of great importance to educational practice, as large lecture classes are a
common format in undergraduate curricula. The generalizability of these findings to other
student groups and the further development of motivational trends in ongoing distance
education are beyond the scope of this study and would be of interest for future research.

In addition, we had to rely on self-report data for the study variables. The assessment of
learning activities might be better if they were collected objectively (e.g., the number of essays
a student submitted). In this study, we had to rely on self-reports because of anonymous data
collection. However, we asked about specific activities, the survey was voluntary and
anonymous, and students did not face any consequences in case they did not participate, so we

assume that they answered truthfully.
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Considering dropout rates, our results could be biased because more motivated students
participated in more surveys. However, we still had some variability in our sample regarding
motivation and our analyses indicated that students who participated in all surveys did not differ
in motivation from those who dropped out.

With these limitations in mind, our study yielded noteworthy results. In contrast to the
results of other empirical studies, student motivation does not seem to have suffered more in
our case with distance learning than with face-to-face learning. One aim was to explore chances
to deal with motivational challenges that students experience over the course of one semester.
In the case of distance learning as well as face-to-face learning, we highlighted the opportunities
for teachers to provide useful and potentially motivating activities. This could help motivate

students by keeping them engaged continuously.
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Abstract
The current study examines the development of higher education students’ knowledge, correct
confidence in their own knowledge, and accuracy of self-assessment over one semester and if
the use of evidence-based learning activities (such as practice testing) is associated with these
outcomes. The present study assessed N =285 university students’ use of learning activities,
their knowledge, correct confidence, and accuracy of self-assessment five times over the course
of a semester in a lecture course. All learning outcomes improved and were explained by
learning activity use beyond students’ prior knowledge, prior achievement and motivation.
Latent profile analyses distinguished five subgroups of students regarding the frequency and
combination of learning activity use. Results indicate that students benefitted most from using
multiple activities. The study provides evidence that in a realistic learning setting several
learning activities contribute to students’ knowledge, correct confidence, and accuracy of self-

assessment gains.
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1. Introduction

In higher education, students need and want to acquire knowledge to pass exams and
continue their studies. Models of self-regulated learning hold that metacognitive monitoring is
essential for students’ learning success (Schmitz & Wiese, 2006; Winne, 1996; Zimmerman,
2008). When students metacognitively monitor their learning, they can assess their own
knowledge and adjust their learning accordingly. Indeed, empirical studies, have shown that
accurate self-assessment of one’s knowledge helps students to successfully regulate their
learning and is associated with better performance (Thiede, 1999; Thiede et al, 2003).

Evidence-based learning activities might help students to gain knowledge as well as an
accurate self-assessment of their own knowledge. Various learning activities that can be
provided in higher education have been shown to explain students' knowledge acquisition (e.g.,
Bae et al., 2019; Dunlosky et al., 2013). Self-tests in particular have also been shown to help
students accurately assess their own knowledge (e.g., Barenberg & Dutke, 2019; Naujoks et al.,
2022). However, testing is not the only learning activity, and in real learning situations, it is
likely that students employ various activities, potentially in individually varying combinations.
To investigate which learning activities students use and combine, several optional activities
were offered to a cohort of university students in this study. The use of the activities and
possible combinations were then evaluated with a person-centered approach. We investigated
how the use of different evidence-based learning activities contributes not only to knowledge

acquisition but also to students’ metacognitive assessment of their own knowledge.

2. Self-regulation and supply-use models for successful learning in higher education

To understand successful learning in higher education, we build on process models of
self-regulated learning (e.g., Schmitz & Wiese, 2006; Winne, 1996; Zimmerman, 2008) as well
as supply-use models of learning (Bosch et al., 2021; Briihwiler & Blatchford, 2011; Seidel,

2014).
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The learning process in higher education is characterized by little external control of
students’ progress and engagement during a semester and by several opportunities for students
to choose when and how to study, i.e., students learn self-regulated. In models of self-regulated
learning, learning is viewed as a cyclical process in which students continuously plan, act, and
evaluate (Schmitz & Wiese, 2006; Winne, 1996; Zimmerman, 2008). By evaluating their own
learning process and outcomes, learners create an internal feedback loop that is crucial for self-
regulation. After a learning action (postaction phase; Schmitz & Wiese, 2006), learners evaluate
the process and outcomes of the action phase in order to plan the next learning activity. To
evaluate correctly, learners must have an accurate assessment of their learning process and
outcomes. The relationship between actual learning and learners' perceptions of learning is
referred to as metacognitive monitoring (Winne, 1996; Zimmerman, 2008) and is assessed by
comparing the actual learning process and outcomes with learners' perceptions of it (e.g.,
Barenberg & Dutke, 2019; Hacker et al., 2000). When subjective perceptions of learning match
actual learning and metacognitive monitoring is accurate, students can identify errors and set
appropriate learning goals for the next learning activity (forethought/planning; Schmitz &
Wiese, 2006; Winne, 1996; Zimmerman, 2008).

In this study, we investigate two facets of metacognitive monitoring. First, the
comparison between students' confidence in their knowledge of specific topics and their actual
knowledge of those specific topics, i.e., students' awareness of content-specific strengths and
weaknesses (hereafter, correct confidence; see also Barenberg & Dutke, 2019). Second, we
consider the comparison between students' perceived level of their knowledge and their actual
level of knowledge across all content (hereafter, accuracy of self-assessment; see also Hacker
et al., 2000).

Supply-use models of learning consider that learning is always an interplay between
instructors who provide learning opportunities and learners who use them (e.g., Brithwiler &

Blatchford, 2011). In higher education, a common learning situation in different fields of study
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is lectures with weekly sessions taught by a lecturer and an exam at the end of a course
(Rutkiene & Tandzegolskiene, 2015; Watts & Schaur, 2011). When optional evidence-based
learning activities are offered to prepare for such an exam, students must decide whether to use
them, which ones to use and to what extent, and act accordingly, oftentimes without external
control. Successfully planning and deciding on learning activities requires students to carefully
consider their current level of knowledge, their own content specific strengths and weaknesses,
and to evaluate given learning opportunities. By combining requirements of self-regulated
learning with the supply-use nature of learning situations in higher education, we aim to obtain
a detailed picture of students’ learning behaviors as well as their learning outcomes.

2.1 Indicators of learning success: knowledge, correct confidence, accuracy

Learning success in higher education is typically examined through test scores or
performance on exams that assess the knowledge students have acquired (Cred¢ et al., 2010;
Richardson et al., 2012; Robbins et al., 2004; Sackett et al., 2009; Schneider & Preckel, 2017).
Although more knowledge is undeniably an important goal of higher education teaching,
students should not only acquire knowledge, but also gain correct confidence and become aware
of how much they know during the learning process.

In self-regulated learning situations, students are thought to make many decisions
regarding their learning (Schmitz & Wiese, 2006; Winne, 2011; Zimmerman, 2008). These
decisions accompany the entire learning process: when, where and how to learn, which learning
activity to use, which content to learn or prioritize, but also when to stop learning. In order to
decide correctly, what content to focus on, students need to metacognitively monitor what they
already know and what there is still to learn (see section 2. on models of self-regulated learning
by Winne, 1996; Zimmerman, 2008). Whether students correctly assess their own content-
specific strengths and weaknesses can be examined in a knowledge test using item- or content-
specific confidence ratings and the resulting precision of confidence, i.e., whether the

confidence and correctness of the answers match (correct confidence; see also Barenberg &
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Dutke, 2019). To decide how much time to invest in studying or when to stop studying, students
need to accurately assess how much of the relevant content they already know (Winne, 1996;
Zimmerman, 2008). Whether a student accurately assesses his or her level of knowledge can be
examined by comparing the student’s actual performance (test scores) and self-assessment of
his or her performance (estimated test scores; see also Foster et al., 2017; Naujoks et al., 2022).

According to the models of self-regulated learning described in section 2. both correct
confidence and accuracy of self-assessment should enable students to use their study time for
less familiar content and realistically decide whether to continue learning (Thiede, 1999;
Winne, 1996). In line with these considerations, empirical research has shown that correct
confidence in one’s own knowledge as well as an accurate estimate of one’s own knowledge
level help students to successfully learn self-regulated (Héndel et al., 2020; Kostons et al., 2012;
Stone, 2000; Thiede et al., 2003). For this reason, we consider knowledge acquisition but also
correct confidence and accuracy of self-assessment indicators of successful learning. However,
students are often overconfident (e.g., Bensley et al., 2015; Héndel & Dresel, 2018) and tend to
misjudge their level of knowledge (Bensley et al., 2015; Dunning et al., 2003; Foster et al.,
2017; Hartwig & Dunlosky, 2014; Miller & Geraci, 2011). Therefore, we are interested how
knowledge, correct confidence, and accuracy of self-assessment change over the course of a
semester when students attend a lecture class and if these learning outcomes are explained not
only by individual learning prerequisites (such as prior knowledge, prior achievement and
motivation) but also the use of various learning activities.
2.2 Explaining learning success: importance of evidence-based learning activities

A large body of empirical research has identified prior knowledge, prior achievement,
motivation as well as study skills and habits as important predictors of learning success in
higher education (for meta-analyses and reviews see e.g., Credé¢ & Kuncel, 2008; Kriegbaum
et al., 2018; Richardson et al., 2012; Schneider & Preckel, 2017). Therefore, the current study

considers important individual learning prerequisites, i.e., prior achievement, prior knowledge,
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and motivation in order to replicate their associations with students’ knowledge acquisition and
also to examine additional benefits of specific learning activities.
2.2.1 Practice testing

Research on learning habits and specific learning activities has shown that various
learning activities contribute to students’ learning success beyond learning prerequisites (e.g.,
Bosch et al., 2021; Credé & Kuncel, 2008). Within evidence-based teaching, learning activities
should be implemented that have shown to promote student learning in controlled settings (see
recommendations by Boser et al., 2017). A frequently investigated learning activity is practice
testing. Practice testing is a highly useful learning activity to improve performance (Dunlosky
et al., 2013). A recent meta-analytic review of over 200 classroom studies by Yang and
colleagues (2021) reported beneficial effects of practice testing on students’ performance in
comparison to other learning activities (g = 0.49) also for untested knowledge, confirming the
usefulness of tests as a learning activity for exam preparation (g = 0.32). This testing-effect
might be explained by several mechanisms, including increased retrieval effort, which is
thought to enhance learning (Rowland, 2014), benefits of similarity between practice and
assessment (Thomas & McDaniel, 2013), and increased motivation to prepare for tests (Yang
et al., 2021).

Adding to the benefits of testing for knowledge acquisition, empirical studies have also
found that testing is associated with indicators of metacognitive monitoring (e.g., Barenberg &
Dutke, 2019; Carvalho et al., 2022; Naujoks et al., 2022). Barenberg and Dutke (2019) argue
that students could use information from earlier retrieval attempts as a cue to judge the outcome
of the current test. Further, retrieval might stimulate the elaboration of the tested content thereby
increasing accessibility of relevant information and facilitating future confidence ratings. In this
line, several empirical studies have found an association between testing and correct
confidence. For example, Barenberg and Dutke (2019) found secondary school students’

correct confidence to be greater in a final test when learning with retrieval tests (d = 0.49). Ina
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quasi-experimental study, Héndel and colleagues (2020) had undergraduate students answer
multiple-choice questions in a final test. Students were then asked to provide item-specific
judgements of their answers, indicating their awareness of content-specific strengths and
weaknesses (correct confidence). Students in the testing group exhibited significantly higher
correct confidence than those in the control condition, with a medium to large effect size
(n?=0.14). Naujoks and colleagues (2022) allowed undergraduate students to self-test
voluntarily up to four times during one semester. They evaluated students’ item-specific
judgements in the final exam and observed that increased practice testing correlated with higher
correct confidence on the final course exam (R? = .03).

While students’ knowledge and correct confidence seem to benefit from testing,
empirical research that focused on self-assessment of own knowledge-level (accuracy) has
revealed mixed evidence (e.g., Fernandez & Jamet, 2016; Foster et al., 2017; Rivers et al.,
2019). For example, undergraduate students in Foster and colleagues’ (2017) study were unable
to improve their accuracy in predicting their test score even after 13 practice tests with feedback,
whereas undergraduate students in Fernandez and Jamet’s (2016) testing condition provided a
significantly more accurate prediction of their final exam grade than students from a control
condition. Whether accuracy of self-assessment increases with testing, is, to date, an open
question.

2.2.2 Designing a lecture course with multiple evidence-based learning activities

Despite the large number of studies on the effects of practice testing, in a recent study
Carvalho and colleagues (2022) note that “real-world evidence for the benefits of practice
testing is, at best, mixed, and potentially lacking. Moreover, although there has been some
initial investigation [...] in natural contexts [...] these inquiries have been limited in scope both
in terms of duration of practice (e.g., only 14 days) and type of materials (e.g., only multiple-
choice testing questions).” (p. 1724). Further, studies on practice testing seldom consider

practice testing as one activity among others. In this line, Naujoks and colleagues (2022)
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critically discuss that in real learning situations, further learning activities could influence the
learning process over the course of the semester, and thus perhaps correct confidence and
accuracy of self-assessment. Repeated exposure to and reflection on the content, for example
during writing assignments, review of lecture notes, participation in lecture sessions and
discussions, could stimulate elaboration of the content and increase familiarity with the content,
so that correct confidence and accuracy of self-assessment could increase. However, to our
knowledge no study to date has examined the associations of multiple learning activities in a
natural learning situation with multiple learning outcomes, namely knowledge, correct
confidence, and accuracy of self-assessment. In the current study, we therefore investigate
whether use of several evidence-based learning activities contributes to these learning outcomes
over the course of one semester.

According to the supply-use model for learning in higher education (Bosch et al., 2021),
instructors can offer several evidence-based activities to students. Studies investigating
students’ actual learning behavior in higher education courses have highlighted students’
tendency to cram shortly ahead of an exam and using a mixture of effective and ineffective
study habits (e.g., Blasiman et al., 2017). Therefore, learning activities should be offered
continuously and guide students to space their learning. When students are guided to space their
learning with a continuous supply of regular optional learning activities over the course of one
semester, this might help them not to cram shortly ahead of the exam and could enhance
knowledge as well as correct confidence and accuracy (Barenberg et al., 2018; Dunlosky et al.,
2013; Héndel et al., 2020; see also Naujoks et al., 2022). Further, when students receive
feedback on learning activities this could improve learning outcomes (for benefits of feedback,
see, e.g., Downs, 2015; Hattie, 2011; Yang et al., 2021).

The activities offered and investigated in the present study are summarized below. In
the present study, testing is investigated as one optional learning activity among others.

Knowledge tests are designed to prepare students for the final exam. They include confidence-
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weighted true/false items that cover content from the last lectures and correspond to the format
of the final exam. The second learning activity consists of the opportunity to submit essays
answering deepening questions on the last lecture. Such writing exercises have been shown to
be related to performance. For example, in a recent meta-analytic review, writing was found to
improve learning with a medium effect size (Hedges g = .41; Schindler & Richter, 2023).
Students receive feedback on these two activities to help them improve their performance
(Downs, 2015; Yang et al., 2021). Next to these two learning activities two further activities
were implemented and investigated. Possible regular and also common learning activities in
lecture classes are the participation in lecture sessions and review of lecture slides and notes.
Attending lectures and regularly reviewing slides and notes should help students acquire
knowledge as it provides them with relevant information, exposure to the content in a variety
of ways, but also allows them to distribute their practice (Carrier, 2003; Credé¢ et al., 2010). In
a large meta-analytic review, Credé and colleagues (2010) found that regular lecture attendance
explained an additional 19 % of the variance in college students’ performance beyond their
prior achievement. Especially when lecture attendance is combined with independent review of
the material, students distribute their practice and improve their performance (Cepeda et al.,
2006; see also Credé et al., 2010). Lecture attendance and review of lecture notes could also
improve correct confidence and accuracy of self-assessment because students become more
familiar with the content and gain a more elaborated knowledge base as well as increased
accessibility of relevant information.

If students engage in these diverse activities they might improve their knowledge,
correct confidence, and accuracy of self-assessment. It is reasonable to assume that participants
from all kinds of classroom-studies participated in various learning activities besides the ones
included in the study design. By assessing, for example the frequency of class attendance in
addition to testing activities in a real learning situation, we aim to obtain a realistic and detailed

understanding of the benefits of students’ learning behavior.
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Considering the diversity of the learning activities class attendance, review of slides and
notes, knowledge tests, and essays, regarding their difficulty, time-intensity and learning focus
students may prefer some activities over others. Previous research has shown that students
engage in multiple learning activities in self-regulated learning situations, at least some of
which are relatively ineffective (e.g., Kornell & Bjork, 2007), although students seem to have
fairly good knowledge of which learning activities are actually effective (Blasiman et al., 2017).
Consequentially, we cannot assume that all students would use all offered evidence-based
activities to a similar amount. In line with assumptions of self-regulated learning, it might be
adaptive to focus on some learning activities that address individual learning needs and
preferences, for example, study alone vs. attend classes. If we only look at the total amount of
all activities used, we may miss some specific patterns of activity use and their effectiveness
for some students. To consider this, we complement our analyses with a person-centered
approach. Person-centered approaches such as LPA consider possible intra-individual variation
within a system of variables (Marsh et al., 2009). Rather than focusing on one learning activity
per se and how it relates to learning outcomes in the whole population, LPA allows us to identify
subgroups of individuals sharing a similar pattern of learning activity use. In a next step, these

subgroups can be compared regarding different learning outcomes.

3. Summary and research questions

Building on models of self-regulated learning (Schmitz & Wiese, 2006; Zimmerman,
2008) and a supply use model of learning in higher education (Bosch et al., 2021) we investigate
students’ learning behavior and outcomes in a real learning situation. With the current study we
aim to answer three superordinate research questions. First, we want to examine several
learning outcomes over the course of one semester in an educational psychology lecture course
at university. Second, we want to investigate whether the use of evidence-based learning

activities explains students’ learning outcomes beyond their learning prerequisites.
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RQ1) How do students’ knowledge, correct confidence, and accuracy change over the

course of a semester? We expect that students’

Hla: knowledge

H1b: correct confidence in their own knowledge and
Hlc: accuracy of self-assessment

increase over the course of one semester.

RQ2) Does learning activity use explain learning outcomes? Students’ learning activity
use explained performance in a knowledge test in a prior study (Bosch et al.,, 2021). We wanted
to replicate and expand this finding. In detail, we expect that students’ use of learning activities
over the course of one semester explains
H2a: knowledge
H2b: correct confidence in their own knowledge and
H2c: accuracy of self-assessment
at the end of the semester beyond students’ learning prerequisites, i.e., prior knowledge, prior
achievement, and motivation.

Last but not least we would like to extend these findings and investigate students’ actual
learning activity use in a real learning situation, identify possible patterns of use and related
outcomes.

RQ3) Are there subgroups of students that use some learning activities more while using
others less? Which specific learning activity profiles can be identified?

We had no specific expectations regarding particular learning activity profiles.
However, as mentioned earlier, given the variety of activities, we expected that at least some
students would employ patterns of activity use that were not just a more or less of all activities.
For example, some students may decide on only one activity that seems most important to them
and skip all other activities (e.g., only review lecture notes as part of a “study alone and

schedule-independent” strategy).
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RQ4) Are certain learning activity profiles associated with more knowledge, correct
confidence, and accuracy of self-assessment? Which learning activities are associated with

which outcomes?

4. Method

To address the research questions and test the hypotheses stated above, self-report data
as well as performance in knowledge tests from undergraduate students were obtained multiple
times during an academic semester.
4.1 Procedure

Undergraduate students attending introductory lecture classes on educational
psychology were surveyed online five times over the course of one semester. The lecture classes
were offered to two cohorts of students, undergraduate psychology students and undergraduate
students from various subjects studying with an option to become teachers (preservice
teachers). The design of these lecture classes and the data collection in the classes have been
very similar for several years. A similar procedure was described in two previous studies with
previous cohorts of students and other research questions (Bosch et al., 2021; Bosch & Spinath,
2023). In this study we assessed data from students attending the lecture classes in the winter
semester 2021/2022. The lecture classes are posited early in the curriculum for both cohorts
and aim at equipping students with basic knowledge on educational psychological topics for
example determinants of learning success. The lecture classes were both held by the same
instructor, had similar content and the students were offered the same learning activities at the
same times.

Over the course of the semester, students could attend up to 13 online lecture sessions
and review the lecture slides and notes, that were provided online for download, directly after
the session (also up to 13 times). Additionally, students could participate in optional learning

activities after each lecture session. They could submit essays via an eLearning platform
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answering deepening questions similar to those asked in the final exam and reflecting on the
content of the last lecture session eight times. On these essays, students received individual
written feedback from student tutors. After five lecture sessions (every three weeks), students
could participate in online knowledge tests. The first test took place directly after the first
lecture session and from that on approximately every three weeks. Within these tests, students
were quizzed on the content from the last lecture sessions using confidence-weighted true/false
items (Dutke & Barenberg, 2015), a type of items that was also used in the final exam of the
course. Each item consisted of a statement for which students had to indicate whether it was
true or false while indicating their confidence in their answer by choosing one of the four
options true!, true?, false?, false!. Within one week after the test, students received feedback on
their performance (number of correctly answered items). For knowledge performance scores,
confidence was irrelevant.

From knowledge tests we computed students’ performance, correct confidence, and
accuracy of self-assessment of their knowledge. After each knowledge test, students were asked
to answer questions in order to assess further study variables. At the beginning of the semester
(T1), we assessed students’ demographic characteristics as well as learning prerequisites
(motivation and prior achievement). At each measurement occasion we assessed learning
activity use. Besides the variables for the current study, we assessed further scales within the
online surveys to illustrate specific contents of the lecture or to evaluate the lecture class. These
variables, however were not used for the present study.

Participation in surveys was voluntary and anonymous (students generated anonymous
codes for longitudinal monitoring). The procedure was in accordance with human subjects
principles and procedures in Germany, which do not require formal review for anonymous
survey studies like the one presented here by default. The survey was an integral part of a lecture
course. Participation was anonymous and voluntary, so that individual non-participation could

not be tracked. Students were informed that they would have no disadvantage if they did not
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participate, although participation was strongly recommended as a learning opportunity.
Further, students were fully informed about content and aims of the surveys and gave their
consent to the use of their data for scientific purposes.
4.2 Sample

At T1, N=331 students participated in the online survey, of those n =138 were
psychology undergraduates and n =192 preservice teachers. Psychology undergraduate
students had a significantly better high school grade point average (HSGPA; prior achievement)
than preservice teachers (#325) = 6.06, p < .01, d = 0.68) but did not differ regarding any other
variable at T1 (all ps >.05). Because of the parallel nature of the lecture classes’ content,
design, and data collection in both cohorts, all students who participated in the surveys were
treated as one sample. Participants were on average M = 21.82 years old (SD = 3.96). 71.60 %
identified as female, 27.50 % as male and 0.90 % as non-binary. At T2, n =236 (71.3 %)
students participated, at T3, n =199 (60.1 %), at T4, n=177 (53.5 %) and at TS5, n =166
(50.2 %). Missing data analyses with independent samples #-tests comparing the students who
participated at TS and from which we obtained dependent measures with the ones who dropped
out before revealed no significant differences between groups at T1 (#(329) = —-1.17-0.70, all
p > .05) except for prior achievement. Students’ who dropped out before TS5 had a significantly
worse high school grade point average than those who stayed in the sample, #329) = 5.56,
p<.001,d=0.61.
4.3 Measures

To assess students’ learning activity use (T2-T5) we asked students four times how
much they had used each activity (lecture attendance, review of slides and notes, submission of
essays, and participation in knowledge tests) so far. The values for possible activity use differed
between time points because the lecture class continued. For example, at T3, students could
have attended a maximum of 7 lecture sessions (T5: max. 13) and reviewed lecture slides a
maximum of 7 times (T5: max. 13), they could have submitted a maximum of 4 essays so far
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(T5: max.8) and participated in a maximum of 3 knowledge-tests (T5: max. 5). To determine
the minimum use of learning activities for each student, only the learning activity use reported
on the most recent measurement occasion was considered. Possible values ranged from 0-13
for lecture attendance and review of slides, from 0-8 for submission of essays and from 0-5 for
participation in knowledge-tests. For analyses regarding RQ3 a mean over all learning activities
was computed for each student.

To assess prior achievement (T1), we asked students to indicate their HSGPA. In
Germany, the HSGPA ranges from 1 to 4, with lower values representing better grades. For the
analyses in this paper, we recoded the HSGPA so that higher values represented better grades.

Prior knowledge (T1) regarding educational psychology was assessed with the first
knowledge test at the beginning of the semester, that consisted of 15 items. An example item
was “Dyslexia usually comes along with a lower 1Q”. Students had to indicate whether they
thought the statement was true or false and indicated their confidence in their answer. If their
answer was correct, students received 1 point (irrespective of their confidence). In order to
compare scores from knowledge tests over time we calculated the percentage of correctly
answered items.

Motivation for educational psychology (T1) was assessed with six items measuring the
expectancy component (adapted for the “educational psychology” context instead of “school”
from the Scales for measuring academic ability self-concept; SESSKO; Schone et al., 2002).
We rephrased the items to assess future-oriented and subject-specific expectancy rather than
students’ more stable beliefs about their ability (see also Eccles & Wigfield, 2020). An example
item was “I think that I will do well in educational psychology tasks”. Nine items were assessed
to measure subjective values (adapted from the Scale for Assessing Subjective School-related
Values; SESSW; Steinmayr & Spinath, 2010). Students were asked how much each statement

applied to them personally. All items could be answered on a scale from 1 (not at all) to 5 (very
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much). For expectancy as well as values, a mean was computed and used in the analyses.
Cronbach’s a. = .85 for expectancy and o = .87 for values.

Knowledge at the end of the semester (T5) was assessed with the last knowledge test
consisting of 48 items for preservice teachers and 44 items for undergraduate psychology
students. Preservice teachers received four more items because they received one more lecture
session on a teacher-specific topic in this semester. Apart from that, the knowledge test
contained four items for each lecture session in both cohorts. In order to make results
comparable we calculated the percentage of correctly answered items for each student. The last
knowledge tests included items that covered content of the entire semester, i.e., determinants
of learning success, special learning needs, and research on educational systems among others.
Therefore, the knowledge tests cannot be considered homogenous one-dimensional tests.
Cronbach’s a consequently indicated low values with o =0.74 (psychology undergraduates)
and o = 0.79 (preservice teachers; see also Héndel et al. 2020 for a similar approach). The test
scores of the prior knowledge test and the last knowledge test were significantly related with
each other (» = 0.23, p <.05).

Students’ correct confidence in their own knowledge (T1 and T5) was assessed
computing an indicator that represents the match of confidence and correctness (CC) out of the
knowledge test results. Using the confidence-weighted true-false items (Dutke & Barenberg,
2015) in knowledge tests, we obtained not only the number of correct answers but also whether
these answers are given with confidence (false! true!) or uncertainty (false? true?). CC was
calculated by dividing the sum of correct confident answers and incorrect uncertain answers by
the sum of all items. CC would equal 1 (0) if a student gave all correct answers with confidence
(uncertainty) and all incorrect answers with uncertainty (confidence; see also Barenberg &
Dutke, 2019 for calculation of confidence scores).

To obtain students’ accuracy of self-assessment (T1-T5), we asked students after each

knowledge test how many items they thought they answered correctly. At T1-T4, the
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knowledge-test contained 15 items, therefore, also the self-assessment could range from 0 (0
Items) to 15 (15 Items). At TS5, students’ self-assessments could range from 1 (0-10 Items), to
5 (41-all Items). In order to obtain individual values for accuracy of self-assessment at T1 and
TS5 we categorized performance scores as well as self-assessments to a scale from 1 (lowest
20 %) to 5 (top 20 %) and computed absolute difference scores (accuracy as discrepancy).
These scores were then recoded such that larger values represent greater accuracy. To assess
the change accuracy of self-assessment over time, Spearman’s rank correlations between actual
performance in the knowledge tests and estimated score were calculated for each measurement
occasion (accuracy in terms of rank order).

4.4 Data analysis

All data was analyzed using IBM SPSS Statistics (version 27) and Mplus 8.0 (Muthén
& Muthén, 1998-2017). To address RQ1 we first inspected whether knowledge and confidence
at the end of the semester was significantly better than at the beginning of the semester with #-
tests for dependent samples (Hla and H1b). To investigate whether students’ accuracy of self-
assessment increased over the course of the semester (Hlc), spearman’s rank correlation
coefficients were inspected and compared using Fisher’s z-transformation and confidence
intervals.

To investigate RQ2 we computed a multivariate regression analysis in Mplus. We
entered learning prerequisites as independent variables in a first model (prior knowledge, prior
achievement, and motivation) and mean use of learning activities in a second one and evaluated
the increase in explained variance.

Addressing RQ3, we used latent profile analysis (LPA) to describe possible patterns of
learning activity use in a person-centered way. We computed LPAs in Mplus with one up to six
latent classes, the four different learning activities serving as indicators. To facilitate
interpretation of the resulting estimates of the learning activities (indicators) in each class, all

learning activities were grand mean centered. Consequently, all learning activities have a
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meaningful zero point, the average use of the activity in the sample so that negative (positive)
values indicate low (high) activity use in comparison to the sample’s average. A crucial
question in grouping techniques is how many classes should be assumed. To decide on the
number of latent classes we compared models with one up to six classes considering several
statistical indicators as well as interpretability (Muthén & Muthén, 2000; Shanahan et al., 2013;
Stringaris et al., 2013; see also Weller et al., 2020 for a guide to best practice). The Bayesian
information criterion (BIC) rewards parsimony and indicates overall model fit (see Nylund et
al., 2007). The Bootstrap likelihood ratio test (BLRT; McLachlan & Peel, 2000) provides a p
value which indicates if a model with & classes is significantly better than a model with -1
classes. Further, additional classification diagnostics were obtained. The average latent class
posterior probability indicates the model’s accuracy in assigning people to a class given the
scores on indicator variables. Probabilities greater than .90 are ideal (Muthén & Muthén, 2000).
The model’s accuracy in defining classes is depicted in an entropy value. There is no agreed
cutoff criterion for this value, however, entropy values near one indicate high accuracy. There
are further recommendations that class solutions should not contain classes with less than 5 %
of the sample or 50 cases (Shanahan et al., 2013). However, if a small class makes conceptual
sense and model fit statistics support the class solution, also small classes can be accepted
(Weller et al., 2020). Next to these criteria, interpretability of the class solution was evaluated.

To exploratively investigate the benefit of several learning activity patterns (RQ4) we
added covariates to the final model of the latent profile analysis to investigate relationships
between classes and outcomes. We used the BCH method (Asparouhov &Muthén, 2014) to test
for differences in interesting outcomes between latent classes: after deciding on the number of
latent classes we entered the outcomes of interest as auxiliary variables to the model and
compared the outcomes with the Wald Test of Mean Equality for Potential Latent Class

Predictors in Mixture Modeling (Asparouhouv & Muthén, 2007). This method works well when
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the entropy is large (Asparouhov &Muthén, 2014) and is considered the current best practice
(Nylund-Gibson & Choi, 2018).
Further, associations between single activities and all outcomes were inspected

exploratively evaluating bivariate associations.

5. Results

Descriptive data for study variables as well as bivariate correlation coefficients are
depicted in table 1. Students started the semester with descriptively high motivation (both
means above the scale mean) and little prior knowledge. The mean score achieved in the first
knowledge test only slightly exceeded the probability of guessing (50 %) descriptively. Correct
confidence at T1 indicates that correctness of answers and confidence converged in 51 % of

students’ answers.

155



Table 1

Means, standard deviations and bivariate correlations of study variables.

EXPLAINING STUDENTS’ METACOGNITION

n M (SD) (1) ) 3) “ ) (6) (7 ® O
(1) Prior achievement (HSGPA)? 331 2.06 (0.71)
(2) Prior motivation: Values (T1) 331 4.03 (0.62) 0.08
(3) Prior motivation: Expectancy (T1) 331 3.24 (0.63) 0.18  0.43%%
(4) Prior knowledge (T1) ® 331 52.51(12.59) 0.09 -0.02 -0.02
(5) Correct confidence (T1) 331 0.51 (0.13) -0.09 -0.11* -0.00 0.11
(6) Accuracy (T1)€ 331 4.28 (0.67) —-0.01 0.09 -0.01 0.09 -0.03
(7) Knowledge (T5) ® 166  80.18 (12.24)  0.53**  0.15  0.17* 0.23** 0.03 —0.01
(8) Correct confidence (T5) 166 0.70 (0.16) 0.26** 0.23** 0.18* —-0.00 0.08 —-0.00 0.52**
(9) Accuracy (T5)¢ 166 4.33 (0.68) 0.12 0.03 0.12  0.11 -0.13  -0.02 -0.04 0.08
(10) Mean use of learning activities 285 5.44 (2.52) 0.25**  0.06 0.01 -0.02 -0.08 -0.01 0.46** 0.34*%* 0.17*

Note. “HSGPA: high school grade point average; larger numbers represented better grades. ° score in knowledge test in percent. © absolute difference score of
categorized variables (accuracy as discrepancy), recoded, larger values represent greater accuracy; * p < .05. ** p < .01.
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5.1 Change of students’ knowledge, correct confidence, and accuracy

At the end of the semester, students performed significantly better on the knowledge
test than they did on the prior knowledge test at the beginning, #(148) =22.59,p <.001,d = 1.81
(H1a) and were more confident in their own knowledge while being uncertain about unknown
content (correct confidence) at the end of the semester than in the beginning, #148) = 10.22,
p <.001,d=0.84 (HIb).

To investigate if students’ accuracy of self-assessment in terms of rank order increased
over time (H1c), we inspected Spearman’s rank correlation between actual and estimated score

in the knowledge test for each measurement occasion. Results are depicted in Table 2.

Table 2

Hlc: Accuracy in terms of rank order. Correlations between actual and estimated scores
across measurement occasions.

Tl T2 T3 T4 T5
p 0.12%* 0.26%* 0.37%* 0.56%* 0.56%**
Z 0.12 0.26 0.39 0.63 0.63
99 % C1 —-0.02-0.27 0.08-0.41 0.19-0.52 0.40-0.68 0.40-0.69

Note. Estimated scores were categorized to range from 1-5, actual scores in percent. Z was obtained
using a Fisher’s Z transformation. 99 % Cls were calculated according to Fieller et al. (1957)
*p <.05. %% p < .0l.

On a descriptive basis, correlation coefficients between actual and estimated scores
increased over time from T1 to TS. Examination of the 99 % confidence intervals of the
coefficients shows that the correlation coefficients from the second half of the semester (T4 and
T5) were both significantly larger than the coefficient at the beginning of the semester (T1).
The accuracy of self-assessment significantly improved over time, and students became more

precise in estimating their level of knowledge within the sample.

157



EXPLAINING STUDENTS” METACOGNITION

5.2 Learning Activity Use Explaining Learning Qutcomes

A multivariate regression analysis was computed to explain students’ knowledge,
correct confidence, and accuracy of self-assessment at the end of the semester (RQ2). After
considering students’ learning prerequisites in an initial model, including learning activity use
to the model resulted in a significant increase in explained variance for all learning outcomes
(AR? = .16 for knowledge; AR? = .05 for correct confidence; AR? = .04 for accuracy of self-
assessment; all ps <.01). Students who used more learning activities performed better in the
last knowledge test and had a greater awareness of their own content specific strengths and
weaknesses as well as their overall knowledge-level at the end of the semester. The results of

the multivariate regression are shown in figure 1.

Prior Achievement Knowledge (T5)
R = 440%%x
Prior knowledge (T1) 30
Motivation: Correct confidence (T5)
expectancy (T1) R2 = .174%*
Motivation:
values (T1) ;
Accuracy (T5) "
Mean use of learning R = 084*
activities (T2-T5)

Fig. 1. Multivariate Regression Model Explaining Knowledge, Correct Confidence, and Accuracy at the
End of the Semester (H2a-c).

Note. N = 166. The multivariate regression model shows associations between learning activity use and
learning outcomes, controlling for learning prerequisites (prior achievement, prior knowledge, and
motivation). Statistics presented are standardized regression coefficients. Dotted lines represent
nonsignificant relations.

*p<.05.%* p<.01.*¥** p < 001

5.3 Use of Evidence-Based Learning Activities
Given the variety of learning activities we were interested in their use by students in
more detail. Therefore, we aimed at discovering patterns of learning activity use. We obtained

learning activity use of N =285 students who had participated at least in two measurement
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occasions (activity use was assessed from T2 on) and indicated their use of all learning
activities. Data from these 285 students were included in the latent profile analysis. Table 3
shows the statistical indicators of model fit and accuracy for all estimated models (one class up
to six classes).

Table 3

Evaluating class solutions.

Model fit criteria Diagnostic criteria II)I;S[;)ili ty

Models Smallest class Sma}lest class
LL BIC BLRT  count (n) size (%)  Entropy ALCPP

1 Class -2609 5263.71 - 285 100 1 1 good
2 Classes -2274 4622.57 p<.01 130 45.6 0.93 0.98 good
3 Classes -2233 4569.73 p<.01 11 3.8 0.96 0.97 good
4 Classes -2167 4465.19 p<.01 12 42 0.93 0.95 good
5 Classes -2143 4434.07 p<.01 15 5.2 0.94 0.94 good
6 Classes* 2118 4392.23 p<.01 13 4.6 0.94 0.96 difficult

Note. N=285. LL = log-likelihood; BIC = Bayesian information criterion; BLRT = Bootstrap Likelihood
Ratio Test; ALCPP = average latent class posterior probability. Bold values represent the best fitting
model. The model became unstable with the 6-class model. * Best Log Likelihood value not replicated.

The model became unstable with the 6-class model. This might indicate model
misidentification, so we chose to inspect models with up to five latent classes (see also Marsh
et al., 2009). All model solutions yielded good classification accuracy (entropy > .90). Based
on the smallest BIC, we decided to continue with the 5-class solution for further analyses.
Figure 2 shows how subgroups of students used each learning activity on average in comparison

to the entire sample.
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Attend Lecture Review Slides and Notes Submit Essays Tests
------ Low use (32%) == a= Average use (15%)
e« High use (42%) e Review and Test (5%)

Attendance and Essays (6%)

Fig. 2. Learning Activity Use in Student Subgroups.
Note. Possible use of each activity: Attendance 0—13, Review Notes 0—13, Submit Essays 0-8,
Knowledge—Tests 1-5. All variables are grand mean centered.

The greatest differences between the groups were seen in lecture attendance and review
of lecture slides and notes. In one group students used all activities below average (32 % of
students; low use group), another group used each activity approximately on average (15 % of
students; average use group) and a third group used all activities above average (42 % of
students; high use group). So far, there are only quantitative differences in activity use between
groups. The last two groups were small and differed in their pattern of activity use. The first
group of those focused on review and tests and were therefore named accordingly (5 % of
students). The last group showed an inverse pattern of activity use. These students focused on
lecture attendance and were among the ones who submitted the most essays (6 % of students;
attendance and essay group). The centered use of each activity in each group is depicted in

table 4.
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Table 4

Activity use in different subgroups of students in comparison to the sample’s mean.

Learning Activities

Lecture Review of Submission of  Participation in

Attendance Slides and Notes Essays knowledge-tests
Group M M M M
Low use -4.72 -5.31 -0.92 -1.37
Average use 0.53 -0.17 -0.67 —-0.85
High use 3.89 4.19 0.87 1.14
Review and tests —-6.02 3.95 —-0.08 0.81
Attendance and essays 2.02 —4.45 0.57 0.85

Note. N =285. All data grand mean-centered.

5.4 Differentiated Associations between Learning Activity Use and Learning Outcomes
Although the two groups focusing on specific learning activities were small, we

conducted an exploratory comparison of outcomes among these student groups, using a

Bonferroni-corrected o < .005. The estimated mean outcomes for each subgroup are depicted

in table 5 as well as the result of the overall Wald-Test for mean differences (X?).

Table 5

Learning outcomes (t5) in subgroups according to students’ learning activity profile.

Knowledge Correct Confidence Accuracy
M (SE) M (SE) M (SE)

X2 (df=4) 45.43 ** 24.83 ** 4.78

Low use 69.01 (3.25)"% 0.59 (0.03)® 4.08 (0.22)*
Average use 75.69 (3.41) ¢ 0.67 (0.04) ® 4.18(0.22)
High use 83.68 (1.01)* 0.74 (0.02) ® 4.42 (0.06) *
Review and tests 77.97 (2.37) ® 0.61 (0.05) ® 4.20 (0.18) ®
Attendance and essays 67.03 (2.96) ¢ 0.60 (0.04) ® 4.09 (0.22) ®

Note. Knowledge: score in knowledge test in percent Accuracy: Difference between actual and
estimated scores in the final knowledge test (accuracy as discrepancy), recoded, possible values 0-5,
larger values indicate greater accuracy. Significantly differing scores within one outcome (p < .005)
are marked with different superscripts. ** p <.0l.
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The Wald-Test with the dependent variable knowledge indicated that students from the
high use group performed better in the knowledge test at the end of the semester than students
from the low use group (X?>= 18.58, p <.005) and also better than students who focused on
attendance and essays (X>=28.51, p <.005). Further, the group who focused on review and
tests outperformed the group who focused on attendance and essays (X?=8.34, p <.005).
Confidence and correctness of the answers in the final knowledge test converged more often
among students from the high use group than among students from the low use group
(X?=16.02, p <.005) and more often than among students who focused on attendance and
essays (X2=11.95, p <.005). There were no differences between groups in accuracy of self-
assessment.

To understand the use of single activities and associations with learning outcomes in
more detail exploratively we further inspected their overall use in the sample as well as bivariate
associations between single learning activities and learning outcomes (table 6).

Table 6

Bivariate correlations (Spearman’s rho) for single learning activities and outcomes.

M Attend ngew Submit  Knowledge Correct Accuracy
slides & essays Confidence
(SD)  Lecture
notes

a 8.44 - 0.37%* 0.35%* 0.11
Attend Lecture 4.27)
Review slides and 7.89  .71%* 0.42%% 0.29%* 0.15
notes * (4.65)
Submit essays ° (}-?g) 0.64%*  0.63%* 0.39%* 0.23%* 0.16*
Participate in 3.58 0 0.63%x  0.68**  0.67%*  0.18* 0.16% 0.12

knowledge tests ¢ (1.39)

Note. * possible values 0—13. ® possible values 0-8. ¢ possible values 0—5. Accuracy: Difference
between actual and estimated scores in the final knowledge test (accuracy as discrepancy; categorized
and recoded), larger values indicate greater accuracy. * p < .05. ** p < .01.

Students attended and reviewed approximately 8 lecture sessions on average (this
corresponds to 60.5 % of the maximum offered sessions). They submitted on average just under

2 essays (approximately 25 % of essays that were possible) and participated in more than 3 out
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of 5 possible knowledge tests (approximately 60 %). The individual activities were significantly
correlated with each other.

While accuracy of self-assessment was related to submission of essays only (students
who submitted more essays reported slightly more accurate estimates of their knowledge
levels), knowledge as well as correct confidence were significantly associated with all learning

activities with small to medium size coefficients.

6. Discussion

We investigated the acquisition of knowledge, correct confidence, and accuracy of self-
assessment in a real learning situation by examining differences between the beginning and the
end of a semester and investigating possible associations with students’ use of evidence-based
learning activities. In the following, we will discuss our main findings, limitations, and
directions for future research.
6.1 Improved learning outcomes and associations with learning activities

Students started the semester with high motivation but relatively little knowledge, little
correct confidence and their self-assessment of their own knowledge was correlated with actual
knowledge scores only with a small coefficient (accuracy in terms of rank order). At the end of
the semester, students had improved in all learning outcomes. One important explanation for
these improvements over the course of the semester were evidence-based learning activities.
The more students used the optional activities, the better their learning outcomes were beyond
individual learning prerequisites (prior knowledge, prior achievement and motivation).

Especially in knowledge, the use of learning activities explained substantial additional
variance (16 %). This finding replicates prior findings with the same evidence-based learning
activities in other cohorts of students (Bosch et al., 2021) and emphasizes the importance of
students’ active engagement and behavior in order to succeed in higher education. While the

use of learning activities explained acquisition of knowledge with a medium to large effect,
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associations with correct confidence and accuracy of self-assessment were rather small. Other
studies that investigated correct confidence in students yielded improvements with small to
medium effect sizes (Barenberg & Dutke, 2019; Carvalho et al., 2022; Naujoks et al., 2022).
Most studies investigated effects of practice testing only, oftentimes neglecting the use of other
learning activities (see Naujoks et al., 2022). Surprisingly, in bivariate associations of single
learning activities with learning outcomes, participation in knowledge tests yielded rather small
coefficients in comparison to other learning activities (see table 6). Although this result is only
exploratory, it is still noteworthy that all learning activities were at least equally associated with
learning outcomes as knowledge tests.

Looking at accuracy of self-assessment, the absolute difference of achieved and
estimated scores at the end of the semester was only associated with the use of learning activities
with a small coefficient. One possible methodological explanation could be that the difference-
score for accuracy was not reliable enough to reveal associations with learning activities
because difference-scores can be unreliable (Lord, 1958). In our case the difference score could
not differentiate between over- and underestimation of students’ own knowledge. On the other
hand, examining the rank correlations, it is evident that self-assessment and actual knowledge
levels were becoming more similar over time. This could also have been due to the fact that
students were repeatedly asked to self-assess their knowledge in this format (see also Hiandel et
al., 2020). What other factors might contribute to an increase in accuracy of self-assessment
over the course of a semester would be of great interest for future studies.

Models of self-regulated learning suggest that correct confidence and an accurate
assessment of one’s own knowledge level are crucial to direct self-regulated learning (see 2.;
Schmitz & Wiese, 2006; Winne, 1996; Zimmerman, 2008). In our sample, indeed, correct
confidence was associated with more knowledge at the end of the semester. Maybe, more
correct confidence had led to a better allocation of resources for learning unknown content.

This mechanism could be further investigated in future research. In contrast, accuracy of self-
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assessment was not related to knowledge in our study. Models of self-regulated learning assume
that accurate assessment of one’s knowledge level is critical to efficiently direct learning.
However, efficient learning may not necessarily mean more learning for all students.
6.2 Profiles of learning activity use

It is important to assess in detail what students do over the course of one semester to
understand how students actually study in higher education (see also Blasiman et al., 2017).
Students in our study used all activities less than would have been possible. On average they
preferred knowledge tests, lecture attendance and review of lecture notes over submission of
essays. Further, students in our study used optional evidence-based learning activities, at least
to a small extent, in different combinations. We identified five different patterns of activity use.
We had no hypotheses about the associations of specific activity use patterns and learning
outcomes. However, some activities are maybe more appealing for some students than for
others. It would have been plausible that students might focus on individually most appropriate
learning activities. In our data, individual learning activities were highly intercorrelated.
Additionally, in the profile analysis, the majority of students (89 %) could be grouped into
subgroups distinguished mainly by their overall engagement in learning activities. This
observation might imply that, despite their variations, the use of all learning activities could
serve as an indicator of overall student engagement. In our specific case, latent profile analyses
did not uncover large subgroups of students who employed distinct combinations of activities.
Our data suggest a "the more, the better" model. Students in the profile with above-average use
of all activities outperformed several other subgroups of students in knowledge acquisition and
correct confidence confirming the results from the multivariate regression analysis. In line with
these results, use of all activities was associated with acquisition of knowledge as well as correct
confidence on a bivariate basis. This finding complements many studies that have largely
focused on the benefits of practice testing mainly (e.g., Barenberg & Dutke, 2019; Naujoks et

al., 2022; Yang et al., 2021). Our results confirm the usefulness of all activities, strengthening
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the evidence for well-established learning activities such as practice testing and distributed
practice (e.g., Dunlosky et al., 2013) but also regular class attendance and review of lecture
material in higher education (Credé¢ et al., 2010). Future studies examining the benefits of
evidence-based learning activities such as testing might benefit from considering other possible
learning activities as well. This would help to understand more precisely which learning
activities contribute to learning success and how much. Further, future research might look at
different student subgroups according to their learning activity use over time. Continuous and
distributed learning is recommended (e.g., Dunlosky et al., 2013; Naujoks et al., 2022) and
future research could examine different time-patterns of activity use.

The current study expands the state of research in multiple ways. First, it looks at
multiple outcomes simultaneously, expanding the evidence on the usefulness of learning
activities for different aspects of student learning, i.e., for the acquisition of knowledge but also
correct confidence, and an accurate self-assessment. Second, the study assesses the use of
different practice testing activities (as recommended by Carvalho et al., 2022) as well as other
optional learning activities and draws a more realistic picture of what students do in lecture
classes that might contribute to learning success (see also Blasiman et al., 2017; Naujoks et al.,
2022).

6.3 Limitations and directions for future research

Of course, there are limitations to consider when interpreting the results of the current
study. First of all, due to the non-experimental study design, we cannot draw causal conclusions.
However, in order to obtain a realistic picture of students' learning behavior in a lecture and to
account for different learning activities, we decided to capture students' use of activities when
activities are offered rather than manipulating activity use in an experimental design. However,
by using a longitudinal design and controlling for important predictors of learning success, we
can assume that the use of learning activities over time contributes to student learning success.

Future research could employ an experimental design, considering multiple learning activities
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simultaneously. We believe it is realistic for students to use different learning activities in self-
directed learning situations. How students choose learning activities and whether this choice
meets individual learning needs as well as individual goals (e.g., just passing an exam rather
than getting a good grade, perhaps to have more resources to pursue other goals) should be
further investigated to understand self-regulated learning in all its facets.

Another limitation concerns the sample. We focused on students who attended a specific
lecture class. While this has the advantage of keeping many relevant factors constant (content
of the lecture and knowledge tests, instructor, learning activities), it also limits the
generalizability of the results. The results are consistent with previous research on the benefits
of evidence-based learning activities for different learning outcomes (e.g., Barenberg & Dutke,
2019; Bosch et al., 2021; Dunlosky et al., 2013; Naujoks et al., 2022). However, it would be
desirable for future research to consider additional samples from a variety learning situations
to support the importance of providing evidence-based learning activities in higher education
regardless of the field of study. Future research could also aim to objectively measure students’
learning activity use, which was not possible in the current study. Within our study design this
would have meant revealing students’ identity and we wanted to collect anonymous data. We
cannot rule out that students’ report of learning activity use was not accurate (see, e.g., Blasiman
et al., 2017). However, by frequently asking students about their specific learning activity use
and disentangling it from their grade, we believe that students were able to correctly report their
learning activity use. Another limitation in the context of our sample is dropout. We had
relatively high dropout rates, so our results may be biased in favor of more motivated and
committed students and we cannot draw conclusions for students who dropped out. However,
the dropout analyses showed that there were no differences in motivation in the beginning. The
differences in prior achievement may suggest that students with better learning habits (and
consequentially better high school grade point averages) continue their engagement, participate

in studies as well as in optional learning activities, and consequently learn more. It would be of
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interest for future research to identify factors that help students with lower prior achievement
adopting beneficial study habits and engaging in learning activities.

In addition, the latent profile analysis mainly confirmed the regression analysis’ results
that more activity use is associated with better learning outcomes. Subgroups of students
applying a differentiated activity use pattern were small limiting the ability to compare results
between these groups. In this study the latent profile analysis failed to add significant results
regarding specific activity patterns and their usefulness for learning outcomes. It would be
important to repeat the latent profile analyses with a different and likely larger sample to
replicate the class solution or to draw the conclusion that there are no interindividual differing
patterns of activity use. Our sample size was slightly smaller than 300, a minimum sample size
recommended, for example, by Nylund-Gibson and Choi (2018) for latent class analyses and
our model became unstable with the six-class solution. It cannot be ruled out that with a larger
sample, a model with more classes would represent the data even better.

6.4 Implications and conclusion

Holding these limitations in mind, the current study extends existing research in several
ways. By examining various learning activities and their associations with multiple indicators
of learning success in a realistic learning situation, we reinforced the importance of providing
evidence-based activities in higher education. Greater use of learning activities was positively
associated with all desirable learning outcomes. Furthermore, to address the complex situation
in the context of self-regulated learning, the use of learning activities was examined using a
person-centered approach. The results of both the regression analyses explaining the learning
outcomes and the comparison of the different latent profiles support a "the more, the better"
model. Future research should consider various student learning activities and goals to
understand the complex learning process in higher education and what factors contribute to

student success.
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