& frontiers

@ Check for updates

OPEN ACCESS

Tom Rosman,
Leibniz-Institute for Psychology (ZPID),
Germany

Tore Stahl,

Tampere University, Finland

Henrik Bellhauser,

Johannes Gutenberg University Mainz,
Germany

Ville Kivimaki
ville.kivimaki@helsinki.fi

29 January 2023
11 July 2023
27 July 2023

Kivimaki V (2023) Structured learning diary and
epistemic beliefs predict academic
achievement in higher education.

Front. Educ. 8:1153618.

doi: 10.3389/feduc.2023.1153618

© 2023 Kivimaki. This is an open-access article
distributed under the terms of the Creative
Commons Attribution License (CC BY). The
use, distribution or reproduction in other
forums is permitted, provided the original
author(s) and the copyright owner(s) are
credited and that the original publication in this
journal is cited, in accordance with accepted
academic practice. No use, distribution or
reproduction is permitted which does not
comply with these terms.

Frontiers in Education

Frontiers in Education

Original Research
27 July 2023
10.3389/feduc.2023.1153618
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Faculty of Educational Sciences, University of Helsinki, Helsinki, Finland

Introduction: Epistemic cognition, which explores how knowledge is acquired,
applied, and critically evaluated, is closely linked to learning. However, despite
numerous studies from various perspectives, much remains to be learned about
this essential and predominantly positive connection. Despite the positive
connection between epistemic cognition and learning, epistemic measures have
not been widely used in predicting students’ academic achievement. One possible
reason for this is the difficulties in measuring personal epistemology. However, in
the last decade, learning analytics has emerged as a field of study and practice
with new means to collect data on different psychological constructs. This study
focused on a learning analytics tool, a structured learning diary, that can support
student learning while being used to record student thinking. This study explores
the connection of student diaries with academic achievement, students’ epistemic
beliefs’ connection with academic achievement, and the viability of implementing
an epistemic belief questionnaire and a structured learning diary in a naturalistic
degree program setting (N =105).

Methods: Connections between these and academic achievement were
investigated at four temporal measurement points. The first aim was to test which
measures of the diary tool correlated with academic achievement. The second
aim was to test epistemic beliefs’ correlation (Pearson correlation coefficient)
with academic achievement. Models of linear regression were then designed
and tested at different times. The overarching general aim of the study was to
fill the gap in the use of reflective learning diaries in engineering education and
epistemic beliefs in predicting academic achievement.

Results and discussion: The results show that we should collect student-
originated learning process data for the best predictive power and connect that
with independent psychological measures. Despite the significant effort required
to use the learning diaries, the results indicate that with further design, digital
journaling tools are viable learning and measurement tools to be used at scale
and for long periods. Future studies should investigate the possibility implement
epistemic measures with structured learning diaries more closely and study the
connections between diary use and personal epistemology.

structured learning diary, epistemic beliefs, prediction, academic achievement,
engineering education, higher education
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1. Introduction

Epistemic cognition examines how knowledge is gained, applied,
and evaluated critically. This has been shown to be closely intertwined
with learning. Despite the many studies from many perspectives, there
is still much to learn about this mainly positive and essential
connection. One aspect of epistemic cognition is the beliefs individuals
have about knowledge. These beliefs shape and influence individuals’
epistemic cognition. In addition to seeing the nature of knowledge as
important for learning, modern digital environments add extra
challenge for everyone’s higher-order thinking skills. Learners and
citizens, in general, need critical thinking skills to make justified
decisions in this complex world from scattered pieces of information.
Further, digital learning tools and environments offer new methods
for collecting trace data that could be used to measure
conceptual change.

Abundant empirical evidence has shown a connection between
personal epistemology and learning (e.g., Hofer and Pintrich, 1997;
Muis, 2008; Greene et al., 2010, 2018). While the relationship has
typically been perceived as linear, more precisely, the better the
academic achievement, the more sophisticated epistemic beliefs
(Rodriguez and Cano, 2006), this positive connection has been
challenged. In their study on physics students, Redish et al. (1998)
revealed that one semester of university studies did not significantly
result in more sophisticated views of their learning; students remained
binary thinkers, thinking that the knowledge comes from authoritative
sources. Further, Koller et al. (2000) found that those students who
studied longer and more intensively had stronger beliefs that the truth
can be reached in physics. Since similar results have been reported by
Kienhues et al. (2008), who studied epistemological changes between
two methods of teaching instruction: refutational and informational.
They found unexpectedly, in both groups, that the learners labeled as
sophisticated learners shifted towards more naive. Refutational
teaching has been designed to give the opposite results. Even so, in
their meta-analysis of 132 nonexperimental studies, Greene et al.
(2018) found epistemic cognition correlating positively with academic
achievement. In sum, the link between epistemic beliefs and learning
is tight and mostly positive, yet, as Mason and Bromme (2010) state,
“the nature of this relationship is still unclear”

Factors contributing to academic performance have been studied
for atleast a century (Hellas et al., 2018). In their systematic literature
review of 565 scientific articles since 2010, Hellas et al. (2018) found
that the most used predictive values were course grades (or ranges),
exam scores, program or module graduation, or retention. Grade
point average (GPA, or range of GPA) was also one of the most
predicted measures. The features most often used for predicting
academic performance ranged from pre-course, and course
performance to different demographic (gender, age, family) features
to personality, self-regulation, and engagement measures. Behavioral
data (log data) was one of the features mentioned in the study (2018).
However, epistemic cognition was not mentioned.

Structured learning diaries are systematic and organized records
or journals where individuals document and reflect upon their
learning experiences, progress, goals, and strategies, typically
following a predefined format or template. These tools can double as
interventions, e.g., through self-monitoring and measurement tools
(Kivimaki et al., 2023). In fact, the use of such tools can enhance
academic achievement. In their meta-analysis, Dignath et al. (2023)
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found self-monitoring tools effecting academic achievement
moderately (d=0.42). They (Dignath et al., 2023) found that the most
effective tools were those that had been incorporated in shorter studies
and promoted monitoring of learning content and learning behavior
while stimulating metacognitive monitoring.

The usefulness of academic performance, or academic
achievement, depends on how these measures, such as course grades
or module graduation, are operationalized in the institution. In the
context of this study, the participating university awards the highest
grade for every student who fully (or almost) meets all the predefined
learning outcomes. The university is rewarded with funding based on
the number of degrees finished in normative time (Kivimiki and
Meriluoto, 2018). Therefore, it can be argued that GPA and the
number of courses (or ECTS credits) completed are relevant
student outcomes.

As mentioned before, epistemic cognition was not one of the
features found in the systematic literature review (2018). Nevertheless,
epistemic cognition, i.e., “how people acquire, understand, justify,
change, and use knowledge in formal and informal contexts” (Greene
etal., 2016), has been studied quite extensively concerning academic
achievement (Greene et al., 2018). Still, there is much to learn from
this mostly positive connection between the psychological epistemic
construct and performance. This study explores the connections
between diary data (learning process data), epistemic beliefs (self-
report questionnaires), and academic performance.

1.1. Related literature

Structured learning diaries have been typically designed to foster
reflective learning. These differ from regular learning diaries in
utilizing standardized questions that students answer repeatedly over
a period of time. Structured learning diaries and more traditional
learning diaries have been successfully used as intervention tools and
instruments of measurement (Schmitz and Wiese, 2006; Schmitz and
Perels, 2011; Kawalkar and Vijapurkar, 2015; Broadbent et al., 2020;
Bellhduser et al., 2021). The focus of these studies has been on self-
regulated learning. Further, structured learning diaries have been
argued to be the third wave in measurement (SRL), as they combine
log data with students’ self-report data (Panadero et al., 2016). Much
less attention has been given to the connection between these diaries
and epistemic cognition.

Epistemic cognition has been seen as an essential psychological
construct related to other metacognitive constructs. As Pieschl et al.
(2013) summarize studies in the field: “[—-] these studies show
superior SRL [self-regulated learning] processes and outcomes for
learners with sophisticated epistemic beliefs, namely, main effects of
epistemic beliefs” These types of connections are essential. However,
as Hofer (2016) points out, epistemic cognition has been mainly
studied as one construct related to other constructs, “seldom used by
others as an additional explanatory variable in broader studies”

Epistemic beliefs can be seen as a foundation for epistemic
cognition. Individuals’ epistemic beliefs shape their approach to
learning and knowledge acquisition. Thus, the epistemic beliefs can
be seen as a window to personal epistemology; or example, “valuing
metacognition may indicate an attempt to determine whether one can
justify one’s beliefs, whereas valuing collaborative knowledge
construction may indicate a new, increasingly sociocultural epistemic
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view” (Lonka et al., 2021, 789). These beliefs influence how individuals
interpret and evaluate information, what sources of knowledge they
trust, and how they make sense of new ideas or conflicting viewpoints.

In their meta-analysis of 132 nonexperimental studies, Greene
etal. (2018) found that epistemic cognition correlated positively with
academic achievement. The correlation was relatively small (r=0.162,
p<0.001) but an important one. They found varying effect sizes over
different measures used to capture epistemic cognition. These
measures are typically self-report questionnaires, which have been
criticized on the reliability and validity of the measures, response bias,
and the fact that students may encounter the terminology used for the
first time in the questionnaire they are being measured by Hofer and
Sinatra (2010), and that epistemic cognition might not be enacted at
the time of the measure (Kelly, 2016). Despite the critique, self-report
measures are still commonly used in the research literature, and, as
Sandoval et al. (2016) point out, “people can self-report best about
thoughts and attitudes that are explicit in their minds and that require
little construction in the moment.” In addition, Likert scales are biased
to measure certain or simple knowledge over source of knowledge and
justification of knowledge, as the two latter are hard to quantify and
thus are studied more commonly in qualitative studies (Lonka
etal., 2021).

The epistemic belief scales used in this study have been build on
the multidimensional models developed Schommer (Schommer,
1990, 1993). In Greene et al. (2018), the closest comparable scales were
Schommer/Schommer-Aikins scales which were found to deliver a
statistically significant effect size of 0.144 (p<0.001) in predicting
academic achievement. Further, the specific scale of certain knowledge
had 0.136 effect size (p<0.001), and general epistemic cognition,
where authors had summed sub-scales into one measure, had an effect
size of 0.266 (p<0.01).

The diary template employed achievement emotions from the
control-value theory, which suggests that students’ emotions can
be improved by enhancing their sense of competence and control in
academic tasks and results while also influencing their evaluation of
the importance of these activities and outcomes (Pekrun, 2006).
Emotions, especially positive emotions, have been found to
be connected with academic achievement (Oriol-Granado et al., 2017;
Rodriguez-Murfioz et al., 2021). On the other hand, Pekrun has raised
the complexity of some of the emotions, such as anxiety, that can
trigger positive correlations to enjoyment and motivation (Pekrun
et al., 2002). Factors like experiencing challenges, confusion, or
difficulties can make students more resilient and thus become better
learners. On the other hand, experiencing too many or severe
difficulties can make students more passive towards their studies.
Nevertheless, an experience of difficulty has been seen as a relevant
factor close to affect (emotions) (Lodge et al., 2018) and an area of
interest in this study. The emotion, the competence, and the difficulty
assessed repeatedly by the student, should empower them to enhance
their learning while promoting (meta-) reflective learning.

This study corroborates the self-report questionnaires with
learning process data collected with structured learning diaries.
Despite being a (possibly) positive intervention promoting academic
achievement, the effect of the structured learning diaries is not the
focus of this study. In addition, the validity and reliability of the
measures used regarding what they were initially intended to measure
is not the primary concern of this study. As criticized earlier, the
epistemic belief questionnaires capture only some aspects of personal
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epistemology. This study is more inclined to explore using these
measures’ capability to predict academic achievement. This study aims
to increase our understanding of designing or developing tools for
collecting relevant data that is possible to collect and analyze at scale
and to predict student achievement, which we will discuss further in
the next section.

1.2. Present study

In an earlier study (Kivimaki, 2022b), the author examined the
connection between learning process data (structured learning diary)
and epistemic beliefs (questionnaires) to academic achievement
(register data). The rich diary data was defined to include only the
structured item scales (competence, difficulty, and feeling) that are
most suitable for the quantitative explorative purposes of this study.
Textual diary data, i.e., topic-level comments and student-drawn
relations between courses and topics, require qualitative approaches,
which is not the focus of this study. This paper introduces a new
research question related to user activity and consequently introduces
relevant new data, methods, and analysis.

Based on the literature and prior research with the structured
learning diary, the following research questions (RQ) and hypotheses
(H) were formulated:

RQI: Are the structured item entries in the diaries connected with
academic achievement?

HI: Literature suggests (Greene et al., 2018) a connection (possibly
through self-regulation), but the connection is weak or
non-existent.

RQ2: Are students’ beliefs connected with

academic achievement?

epistemic

H2: Literature (Greene et al., 2018) suggests a weak connection
that varies between different belief measures.

RQ3: How does a theory-based expert model perform compared
to a statistical regression model as a forced model over time?

H3: Predictive power (effect size) is better when diary data is
combined with epistemic beliefs. The statistical model will
outperform the theory-based model. Possible connection
diminishes over time due to the dynamic nature of the student’s
learning patterns.

RQ4: Is implementing epistemic belief questionnaires and the
diary process viable in degree programs?

This overarching research question is a design-driven question
and does not come with a hypothesis. The empirical results will
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be combined here with log data observations to seek signals on the
viability of making students fill out the questionnaires and use the
diaries throughout their two-year master’s degree endeavor. What can
we induce from this data, and how should these findings affect future
designs of such data collection and student activation processes?

2. Materials and methods
2.1. Participants

This study is based on an entire cohort (N=105) of new master’s
degree students in a large European research university. All but one
agreed to participate in this study. The study was designed to
accommodate a randomized controlled trial to measure structured
learning diary tool use and the diaries’ effect on self-regulated learning
and engagement (Pesonen et al., 2020). The experiment group (n=70)
used the tool in the first semester in autumn, and the control group
(n=34) used the tool in the spring. This study focuses only on the
experiment group’s data for temporal coherence.

The students randomly selected for the experiment group were
predominantly male (63 male, seven female), which is typical in
engineering. Partipants’ median age was 24, and the average was
25years at the start of the study. The youngest participants were 22,
and four students were over 30 years. All students gave their informed
consent at the beginning of the study. Consent was reaffirmed at every
point of data collection.

The participants answered the first questionnaire (pre-test) at the
start of the academic year. Students answered the same questionnaire
again at the end of the autumn semester (post-test). Participants were
asked to submit their current version of the learning diary weekly
during the first semester. A total of 64 students returned their diary at
least once. Hence, the total number of participants in this study is 64.

Participants were not given any incentives to take part in this
study. The structured learning diary was integrated with the degree
program curriculum for that year. The use of the diary was, therefore,
compulsory, but participating in the study was voluntary and
participants could opt-out at any time.

2.2. Procedure

A pre-test questionnaire was opened during the orientation week
for new students. The questionnaire was closed before the first course
lectures. The second questionnaire, the post-test questionnaire, was
opened at the end of the first semester.

Participating students had yet to use structured learning diary
before. They were only trained to use the software and submit their
weekly diaries. Students were instructed to keep updating the same file
but renaming it weekly to represent the latest week number and
submit the current version each week. The instructions were shared
on the course home page. Students were reminded three times during
the semester to keep submitting their weekly diaries: the first week,
the fourth week, and two weeks before the end of the experiment.

Structured learning diary data were aggregated at the group level
and visualized on a public dashboard. The dashboard was designed to
motivate using the learning diary. With this, students could see how
others have experienced the courses and course topics (Figure 1).
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After the experiment period, the teachers in the participating
degree program were interviewed on their notions related to their
instructional designs during the experiment. Teachers reported that
they had yet to have any significant pedagogical experiments. Teaching
instruction methods were typical to engineering teaching: lectures,
assignments, group work, exams, and exercises.

2.3. Data and instruments

2.3.1. Structured learning diary

Kiviméki et al. (2019) designed this study’s structured learning
diary tool. This study focuses on the competence, emotion, and
difficulty scales explained in Figure 1. Participant data were collected
during the first semester (autumn).

The structured learning diary template was built by two
researchers, extracting the degree program structure and course topics
from the official study guide and course catalog. The topics were
further validated with the teachers on each course (limited to the
autumn semester).

Participants were given the structured learning diary template.
The template included a hierarchical visual representation of students’
degree program, including all the major subject possibilities with
courses of each study field and typically 5-7 course topics. The author
and degree program specialist created the course topics. The topics
were derived from the course descriptions revised by each course’s
teacher. Students were instructed to update the diary each week or as
often as they felt meaningful. Students diaries were collected once a
week during the 14-week autumn semester.

Students’ weekly submissions were summarized at an individual
level depicting, e.g., the overall count of course topics for which
students had selected, e.g., the emotion excited, hard difficulty, and
medium competence. Five measures of each category: emotion,
difficulty, and competence, were used. In addition, a total measure of
each diary item was used. Further, for each diary item, an average
value was calculated. The averages were calculated using numerical
scales (1 to 5 for competence and difficulty; —2 to +2 for emotions).
In total, 19 measures were based on the content of the learning diaries
(Figure 2).

For this study, a set of five achievement emotions (Pekrun, 2006)
were selected, two positives, and two negatives. One of these was
selected to be activating, and the other passive. Excited was selected
as activating positive, relaxed positive and passive, bored as negative
and passive, and anxious as negative and activating. Also, a neutral
option was offered for students. These emotions were presented to all
participants and offered as both text and visual emoticons in the diary
template and its instructions in the same way as the competence and
the difficulty scales. The emoticons were selected three researchers and
further validated by several students, who were asked whether the
proposed emoticons expressed written emotions. Competence and
difficulty scales were the same as in the structured learning diary
presented in Kiviméki et al. (2019).

Diary data used in the current study was extracted
programmatically from the diaries. Example data is available at a
group level (Kivimiki, 2022a). The data has been grouped by the
number of students attained credits during their first academic year
to maintain the anonymity of the participants. Students were able to
enrich the template openly. However, only the interaction with the
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original template’s tree of nodes was extracted and aggregated for this
study. For example, if a student started a new tree of nodes or added,
e.g., floating comments, that content was not extracted from
the diaries.

Weekly participation activity was recorded throughout the first
semester. Students submitted their learning diaries into the Moodle
learning management system as logged-in users. The time and user ID
were recorded by Moodle. Students had been instructed to name their
files to match the week number the diary represented. Based on the
submission time, user ID, and file naming, each submitted file was
assigned a pseudonymized research ID and week. This data was used
to measure the submissions by each participant and the number of
submissions received each week.

Diary-based variables were aggregated on the student level for the
whole semester as the longitudinal within-student changes are not the
focus in the present study. In addition, a total number of student-
originated entries and an average for each item (emotion, competence,
difficulty) was calculated.

2.3.2. Questionnaire measures

Epistemic beliefs were measured using a set of scales from the
MED NORD questionnaire (Lonka et al., 2008). The survey (Table 1)
consisted of several measures, including self-regulation, learning
approach, and motivation. The self-report online questionnaire
comprised 60 statements with 5, 6, and 7-point scales. Volunteers
tested the time needed to answer the questionnaire to be 15 to
20 min. The present study employs the questionnaire’s epistemic
belief scales: certain knowledge, collaborative knowledge building,
practical value, reflective learning, and valuing metacognition. These
were measured with a 6-point Likert scale (1 =completely disagree,
6=completely agree).

Frontiers in Education

All students in the master’s program were asked to participate in
the pre-test (pre-t) and post-test (post-t). The scales’ reliability was
measured with McDonald’s Omega (McDonald, 1999). All scales were
acceptable apart from the post-test valuing metacognition (0=0.57).
The personal identification code was used to match the survey results
with students’ personal learning diaries.

2.3.3. Registry data

The student registry was used to measure academic achievement.
This study used grade point average (GPA) and the number of ECTS
credits (CR).

The study registry service calculates the GPA. The service
calculates the grade averages weighted by the number of credits of
each course. The grade point average is similar to the plain grade
average value as the courses in the participating organization were
designed to be primarily 5 ECTS each, with only a few exceptions.

2.4. Statistical analyzes

Pearson correlation was used to calculate the correlation between
the dependent (academic achievement) and independent variables
(diary data, epistemic belief scales). Multiple linear regression was
used to model the relationship between academic achievement and
the diary and epistemic belief variables. This study uses forward
selection and stepwise selection methods, i.e., statistical regression
(Tabachnick and Fidell, 2014), to find the variable that best predicts
the dependent variable (GPA and CR).

A mixed approach was designed to increase the validity and
reliability of this study. First, two competing models were built. One
model was created based on literature, combining variables from the
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diary tool with epistemic beliefs. The second model was built stepwise
in SPSS software to find the best predictive model between all the
variants. Second, the models were tested to predict academic
achievement at three times for the GPA and CR dependent variables,
i.e., 12 tests were performed.

3. Results
3.1. Diary submission activity

A total of 64 students (91%) out of the 70-person experiment
group submitted at least one version of them learning diary. Histogram
(Figure 3) shows that 43 students (67%) of the 64 participants returned
their diaries weekly during the first semester. Only 15 students (23%)
missed more than 1 week’s submission.

Further participant-level analysis showed that one student started
them submissions after the first week. Ten students discontinued their
submissions before the end of the experiment. Ten students missed
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one or more weekly submission schedules but continued with
submissions later.

Weekly submission review (Figure 4) shows that students’
submission activity steadily decreased throughout the semester,
showing only slight increase towards the end of the semester.

3.2. Correlation coefficients: diary scales
and submission activity

Academic achievement variables, the grade point average and the
number of attained credits correlated statistically significantly
(Table 2), r(62)=0.293, p=0.019. Students’ higher value of competence
correlated with higher GPA statistically significantly, r(60)=0.288,
p=0.023. The averages of emotion and difficulty did not correlate with
the academic achievement variables. However, these variables
correlated positively, r(60) = —0.251, p=0.049, i.e., negative emotions
associated with harder course topics. Moreover, more positive
emotions associate with higher competence, r(60) =0.353, p=0.005,

frontiersin.org


https://doi.org/10.3389/feduc.2023.1153618
https://www.frontiersin.org/journals/education
https://www.frontiersin.org

Kivimaki

10.3389/feduc.2023.1153618

TABLE 1 Questionnaire scales, participants in each questionnaire time (t), and McDonald's Omega (wt).

Factor

Example item

No. of students: ot: t1, t2

pre-t, post-t

Certain knowledge 4 Scientific knowledge is absolutely certain in nature 105, 88 0.62, 0.63

Collaborative knowledge 4 In my opinion, it is essential that the issues being studied are discussed 105, 88 0.80, 0.76

building together by the teacher and students

Practical value 2 A theory is useful only if it can be applied to real life 105, 88 0.62,0.74

Reflective learning 3 As I study a new topic, I often think about new questions, which I try 105, 88 0.81,0.78
to answer myself

Valuing metacognition 2 Knowing one’s own thinking is the major contributor to successful 105, 88 0.76, 0.57
learning

linking all the diary items together. The submission activity did not
correlate statistically significantly with other variables.

None of the single emotion items correlated statistically
significantly with GPA or CR (Table 3). Still, the number of total
emotion selections correlated positively with the first autumn GPA,
r(60)=0.284, p=0.025. Students who assessed their competence at the
medium high level (Table 3), resulted in a positive correlation with the
autumn GPA, r(58) =0.314, p=0.015. The total number of competence
selections correlated positively with GPA, r(60)=0.283, p=0.026.
Average difficulty (Table 3), i.e., a number 3 selection on the 1-5 scale,
had a statistically significant positive correlation with GPA,
r(60)=0.281, p=0.027. Like in other scales, the total number of
difficulty selections had a statistically significant positive correlation
with GPA, r(60) =0.283, p=0.026. Hard difficulty experiences resulted
in a significant positive correlation with CR, r(34)=0.373, p=0.025.

3.3. Correlation coefficients: epistemic
beliefs

The pre-test epistemic beliefs did not reach a statistically
significant correlation with GPA (Table 4). However, all the post-test
epistemic belief scales positively correlated with GPA: reflective
learning r(64)=0.363, p=0.003; collaborative knowledge building
r(62)=0.335, p=0.007, valuing metacognition r(62) =0.350, p=0.005;
certain knowledge r(62)=0.388, p=0.002; and practical value
r(62)=0.290, p=0.020. Certain knowledge and practical value scales
in the pre-test positively correlated with CR: r(62)=0.347, p=0.005;
r(62)=0.324, p=0.009, respectively. All post-test epistemic belief
scales in the post-test questionnaire reached statistically significant
correlation with CR: reflective learning r(62)=0.324, p=009,
collaborative knowledge building r(62)=0.270, p=0.031; valuing
metacognition r(62)=0.281, p=0.025; certain knowledge
r(62)=0.430, p<0.001, practical value r(62) =0.334, p=0.007.

3.4. Model 1: theory-based expert model

Based on the literature and correlation coeflicients, the theory-
based linear regression models were designed for GPA and CR. The
first model consisted of medium-high competence, average difficulty,
excitement (although it did not reach statistical significance), and all
post-test epistemic beliefs for GPA. Another model consisting of
excited emotion, hard difficulty, certain knowledge (pre- and
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post-test), and practical value (post-test) was designed for CR. The
positive emotions were strong candidates based on the literature.
These were dropped from the model due to low correlation
coefficients. Observations that were further than two standard
deviations from the predicted values were handled as outliers. The
GPA model did not reach statistical significance. For the CR model, a
significant regression equation was found (F(4, 31) =5.612, p=0.002),
with an R2 of 0.420. Participants’ predicted CR is equal to —5.937 -
0.317 (practical value) +5.484 (post-test certain knowledge) +3.819
(pre-test certain knowledge) +0.242 (hard difficulty). The number of
CR increased by 0.242 ECTS credits for each hard difficulty selected,
increased by a higher certain knowledge measure, and decreased
when students believed more in bringing theory into practice. None
of the independent variables in the model reached statistical
significance. Based on this finding, the pre-test certain knowledge
(p=0.224) and practical value (p=0.889) were removed from
the model.

After this statistical iteration, the new model consisted of hard
difficulty and post-test certain knowledge, which reached a statistically
significant regression equation as (F(2, 33) =10.530, p<0.001), with
an R2 of 0.353. Participants’ predicted CR equals 4.647 +0.262 (hard
difficulty) +6.155 (certain knowledge). Participants CR number
increases by 0.262 for every hard difficulty selection and 6.155 for
those who believe in certain knowledge.

3.5. Model 2: statistical regression model

The model to predict GPA was formulated with the forward and
stepwise procedures, which produced the same result, a model
consisting of three independent variables: medium-high competence,
neutral emotion, and hard difficulty. A significant regression equation
was found (F(3,12)=9.239, p=0.002), with an R2 of 0.698.
Participants’ predicted GPA is equal to 2.115-0.020 (hard
difficulty) +0.016  (neutral emotion)+0.008 (medium-high
competence). GPA increased by 0.008 for each medium-high
selection, 0.016 for the neutral emotion selection, and the GPA was
0.020 better for those who expressed less hard difficulty in their diary.
Medium high competence, neutral emotion, and hard difficulty were
significant predictors of GPA.

The second model was formulated following the same procedure
to predict CR. The best model consisted of the post-test certain
knowledge scale and neutral emotion. A significant regression
equation was found (F(2, 13)=13.508, p <0.001), with an R2 of 0.675.
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The number of participants’ diary submissions per week (Mdn: 52, Max: 63, Min: 48, SD: 4.67).

Participants’ predicted CR equals —41.347+0.220 (neutral
emotion) + 13,969 (certain knowledge), where neutral emotion is
measured as a number of times selected in a student’s diary, and
certain knowledge is measured as a summarized Likert-scale multiple-
item variable from 1 to 6. CR increased by 13.969 for each number of
certain knowledge measures, and neutral emotion selection increased
CR by 0.220 credits. Both certain knowledge and neutral emotion

were significant predictors of CR.

3.6. Model testing

The regression equation models formulated by theory and
statistical selection were tested with a forced (enter) method at three
times of measure (autumn, 1st year, 2nd year). Each model’s related
effect size (R square) was calculated, and the independence of the
independent variables for all statistically significant models was tested
for collinearity (condition index less than 10 in SPSS collinearity
diagnostics). A linear relationship, residual normality, and
homoscedasticity were visually reviewed from scatter plots and
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histograms. Autocorrelation was analyzed with the Durbin-Watson
test, which showed no problems in autocorrelation in the models used
(d close to 2).

Four multiple linear regression models were tested (Table 5) with
the autumn data as forced (enter procedure in SPSS) models. The
theory-based expert model for GPA prediction consisted of medium
high competence, average difficulty, excited emotion, and all post-test
epistemic belief independent variables. Theory-based CR models
consisted of hard difficulty and post-test certain knowledge. The
statistical model predicting GPA consisted of medium high
competence, neutral emotion, and hard difficulty. The statistical CR
model was based on a post-test certain knowledge scale and
neutral emotion.

4. Discussion

The first research question asked whether the structured items
in the diaries were connected with academic achievement. The
hypothesis was that there was a connection. All the dimensions
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TABLE 2 Pearson correlation matrix: first autumn grade point average (GPA1), first autumn credits (CR1), emotion (EMOT), competence (COMP),

difficulty(DIFF), and diary submission percentage (SUBM).

Correlations GPA1 CR1
GPA1 1 0.293
CR1 0.293 1
EMOT 0.206 0.228
COMP 0.288* 0.213
DIFF 0.079 —0.019
SUBM 0.067 0.109

“Correlation is significant at the 0.05 level (2-tailed).
"Correlation is significant at the 0.01 level (2-tailed).

were statistically significantly positively correlated with GPA
regarding the total selections (Table 3). This suggests that the
correlation was mainly higher activity-based since more active
(engaged) students also achieved more in their studies. Still,
medium-high competence as a single variable correlated the most
(0.314) with the best GPA. This, along with the positive average
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EMOT COMP DIFF SUBM
0.206 0.288" 0.079 0.067
0.228 0.213 —0.019 0.109

1 0.353" —0.251° 0.018
0.353° 1 0.078 0.096

—0.251° 0.078 1 —0.066

0.018 0.096 —0.066 1

difficulty correlation (0.281), suggests that in addition to the
overall activity, there is a more profound content-based correlation
between the scales used and student GPA. Students who had
expressed more hard difficulty in their autumn studies resulted in
them completing more ECTS than their colleagues, or at least there
was a significant correlation.
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TABLE 3 Correlation coefficients from diary: five emotions and emotions total (EMOTt), competence variables 1-5 and the competence total (COMP?), difficulty variables 1-5 and the difficulty total (DIFFt), and
academic achievement variables: study attainments (CR = credits), and grade point average (GPA).

Correlations = Anxious = Bored Excited Neutral =~ Relaxed EMOTt COMP1 COMP2 COMP3 COMP4 COPM COMPt DIFF DIFF DIFF  DIFFt CR

5 1 2 5
Anxious 1 0.107 0.119 —0.181 -0.176 0.169 0.116 0.230 0.043 —0.038 —0.103 0.165 0.088 0355 | —0.061 | 0.344° 0.085 0.165 0132 | -0.017
Bored 0.107 1 —0.175 0.119 0.002 0.072 0.170 0.182 —0.027 —0.114 0.111 0.068 —-0.103 | —0.034 | 0.071 0.146 0.397 0.068 0291 | —0.049
Excited 0.119 —-0.175 1 —0.065 0.335° 0.722° 0.561° 0.316" 0.587° 0.613" 0.281 0.719° 0.137 0.539° 0.670" 0.546" 0.173 0.719" 0.198 0.251
Neutral —0.181 0.119 —0.065 1 0.522" 0.512" 0.062 0.596" 0.551° 0.113 —0.191 0.511° —0.220 0.494° 0.575" 0.073 0.353* 0.511° 0.019 0.233
Relaxed —0.176 0.002 0.335 0.522° 1 0.785" 0.381° 0.674° 0.691° 0.317* 0.335° 0.789 0.053 0.614° 0.707° 0.103 -0.016 0.789° 0.130 0.182
EMOTt 0.169 0.072 0.722" 0.512° 0.785" 1 0.615" 0.740° 0.829" 0.539" 0.237 0.999" 0.068 0.804" 0.876" 0.469" 0.369" 0.999" 0.222 0.284°
COMP 1 0.116 0.170 0.561° 0.062 0.381° 0.615" 1 0.571° 0.173 —0.053 0.009 0.615° 0.035 0.302° 0.374° 0.549° 0.555 0.615° 0.173 0.006
COMP 2 0.230 0.182 0.316* 0.596" 0.674" 0.740" 0.571° 1 0.547° —0.060 —0.184 0.743" —0.172 0.662° 0.662° 0.347° 0.352 0.743" 0.222 0.123
COPM 3 0.043 —0.027 0.587" 0.551° 0.691° 0.829" 0.173 0.547° 1 0.571° —0.114 0.828" —0.154 | 0.699° 0.849° 0.293 0.121 0.828" 0.129 0.230
COMP 4 —0.038 —0.114 0.613° 0.113 0.317° 539" —0.053 —0.060 0.571° 1 0.234 0.535 0.141 0.392° 0.526 0.311° 0.093 0.535" 0.021 0.314*
COMP 5 —0.103 0.111 0.281 ~0.191 0.335° 0.237 0.009 —0.184 -0.114 0.234 1 0.235 0.484° 0.152 0.191 —0.065 0.215 0.235 0.119 0.136
COMPt 0.165 0.068 0.719° 0.511° 0.789" 0.999" 0.615" 0.743" 0.828 0.535" 0.235 1 0.064 0.800° 0.874" 0.467° 0.368" 1.000° 0.220 0.283
DIFF 1 0.088 -0.103 0.137 -0.220 0.053 0.068 0.035 —-0.172 —0.154 0.141 0.484° 0.064 1 0.170 -0122 | —-0.125 0.119 0.064 —0.098 = —0.070
DIFE 2 0.355" —0.034 0.539" 0.494° 0.614° 0.804° 0.302° 0.662" 0.699 0.392° 0.152 0.800° 0.170 1 0.724" 0.183 0.228 0.800" 0.147 0.100
DIFF 3 —0.061 0.071 0.670° 0.575" 0.707° 0.876" 0.374° 0.662° 0.849° 0.526 0.191 0.874° —0.122 0.724° 1 0.324" 0.150 0.874" 0.195 0.281*
DIFF 4 0.344° 0.146 0.546" 0.073 0.103 0.469° 0.549° 0.347° 0.293 0.311° —0.065 0.467° —-0.125 | 0.183 0.324° 1 0413 0.467° 0.178 0.207
DIFE 5 0.085 0.397 0.173 0.353* -0.016 0.369° 0.555" 0.352° 0.121 0.093 0.215 0.368" 0.119 0.228 0.150 0.413* 1 0.368" 0.373 0.066
DIEFt 0.165 0.068 0.719° 0.511° 0.789° 0.999° 0.615° 0.743° 0.828° 0.535" 0.235 1.000° 0.064 0.800° 0.874" 0.467" 0.368" 1 0.220 0.283
CR 0.132 0.291 0.198 0.019 0.130 0.222 0.173 0.222 0.129 0.021 0.119 0.220 —0.098 | 0.147 0.195 0.178 0.373 0.220 1 0.293°
GPA —0.017 —0.049 0.251 0.233 0.182 0.284° 0.006 0.123 0.230 0.314° 0.136 0.283° —0.070 | 0.100 281° 0.207 0.066 0.283 0.293 1

*Correlation is significant at the 0.05 level (2-tailed).
®Correlation is significant at the 0.01 level (2-tailed).
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TABLE 4 Pearson correlation between epistemic belief scales and
academic achievement.

Time of Independent variable = GPA 1st  CR 1st
measure autumn autumn
Pre-test Certain knowledge 0.230 0.347°
Pre-test Collaborative knowledge 0.095 0.066
building
Pre-test Practical value 0.065 0.299*
Pre-test Reflective learning 0.147 0.205
Pre-test Valuing metacognition 0.187 0.057
Post-test Certain knowledge 0.350° 0.430°
Post-test Collaborative knowledge 0.335 0.270°
building
Post-test Practical value 0.290* 0.334
Post-test Valuing metacognition 0.350° 0.281*
Post-test Reflective learning 0.363" 0.324°

GPA, grade point average; CR, number of credits.
*Correlation is significant at the 0.05 level (2-tailed).
"Correlation is significant at the 0.01 level (2-tailed).
“Correlation is significant at the 0.001 level (2-tailed).

TABLE 5 The R squares of the linear multiple regression models used to
predict the first autumn. first academic year. and second academic year
grade point average (GPA) and the number of credits (CR).

Time of measure Theoretical Statistical
models’ R? models’ R?

GPA 1st autumn 0.146 0.129

CR Istautumn 0.390° 0.208"

GPA first academic year 0.302* 0.073

CR first academic year 0.451° 0.228"

GPA second academic year 0.234 0.103

CR second academic year 0.170° 0.033

“Correlation is significant at the 0.05 level (2-tailed).
"Correlation is significant at the 0.001 level (2-tailed).

The second research question and hypothesis concerned
possible connections between epistemic beliefs and academic
achievement. Interestingly, none of the pre-test beliefs correlated
statistically significantly with the GPA (Table 4). In contrast, all
the post-test beliefs correlated positively with GPA. Similarly, all
the post-test beliefs correlated with CR. In addition, certain
knowledge and practical value reached a statistically significant
positive correlation with CR. Findings align with the literature
(Greene et al., 2018), where the general epistemic belief scales
and certain knowledge as a single scale correlated positively with
academic achievement.

The hypothesis suggested that the statistical model would
outperform the theory-based expert model to the third research
question. Results are dichotomous. The statistical regression model
suggested that over 65% of the academic achievement variance was
explainable with our independent variables. However, when the model
was tested over time and fitted as a forced model, compared with the
theory-based model, the statistical model hardly delivered any
reasonable predictive power. The step-by-step statistical procedures
(likewise forward and backward procedures) have been criticized for
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failing to deliver reproducible results (Austin and Tu, 2004). The result
of this study is in line with the criticism.

Moreover, when the model was tested with students’ later
academic achievement, the R square rapidly lost statistical significance.
In turn, the theory-based CR model succeeded in predicting over 45%
(p<0.001) of the first year’s CR variance and maintained statistically
significant predictive power over the second-year CR as well (Table 5).
However, the connection with the second-year CR is likely better
linked with the first-year CR. This relation was not controlled in
this study.

A statistically significant correlation was found between diary
entries and the epistemic beliefs. A linear regression model based on
step-by-step statistical procedures promised a high R square but failed
to deliver meaningful predictive power against the theory-based
model. The theory-based expert model combining epistemic belief
and diary content delivered a meaningful R2. Results suggest that
predictions related to CR should consider mixing different types of
independent variables, e.g., learning diary data and questionnaires
related to a psychological construct. The predictive power diminishes
over time. This can be due to the dynamic nature of students behavior
and their learning experiences. One solution is to predict using
measures that students update periodically. Implementing a structured
learning diary as part of the study path is another suitable method
to consider.

Earlier study (Pesonen et al., 2020) suggests that active use of
a structured learning diary is related to keeping up the study
dedication and academic achievement. Passive use of the tool
relates to lower study dedication and academic achievement. The
tool use divided the students in engagement and academic
achievement, a vital notion that could be used in further design of
the tool. The study found that the structured learning diary was
ineffective as an (SRL) intervention tool. This aligns with other
studies (Fabriz et al., 2014; Dorrenbédcher and Perels, 2016).
Positive effects on students’ strategy use were observed when the
diaries were combined with training (Broadbent et al., 2020).
Despite the challenges in intervention studies, learning diaries
function as support measurement tools. This study suggests that
the content of a structured learning diary can be used to predict
academic  achievement, especially when corroborated
with questionnaires.

This study explored the possibility of using deeper content of the
learning diaries as measures to feed prediction models (RQ1, RQ2,
RQ3). Prediction model is only a viable product if it can be implanted
into a naturalistic setting. Research question 4 was about the viability
of implementing the methods used in this study in a real study
environment. Given the fact that this study was conveyed in an
authentic learning environment and the software used to author the
learning diary was a new element for the participants, it demonstrates
the fluency of master’s level engineering students in adopting and
integrating new tools into their learning processes. A total of 64
students (91%) used the tool and were able to submit their diary. Of
them, all but two (89%), used the tool for more than one week, while
77% used it throughout the semester (13-14 submissions). Moreover,
the decline in the participation activity also occured in the
questionnaire activity. 64 students (91%) from the 70-student
experiment group answered the post-test questionnaire. That number
is expected to keep declining over a longer period, and the number of
repeated questionnaires. Based on the findings, further designs of
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learning diaries should consider combining diaries with research-
based questionnaire scales, e.g., epistemic beliefs, that thematically fit
nicely with learning diaries.

Despite the rather positive adoption of the tool, it proved to
be demanding. The weekly submissions declined throughout the semester
from 63 (week 1) to 48 (week 11). The slight increase in the number of
submissions at the end of the semester is most likely related to the e-mail
prompt sent to all participating students (week 12). The effort needed to
keep up doing this journaling task likely resulted in 10 students
discontinuing their weekly submissions. Moreover, the other ten students
missing some weeks but continuing the submissions later could result
from mixed feelings. These students could be motivated to continue with
the experiment but find the significant effort required by the learning
diary task to be too heavy on them. This has also been noted in other
studies (Klug et al., 2011; Pesonen et al., 2020).

More focus should be put on selecting the diary items carefully
(Schmitz and Wiese, 2006), making the learning potential explicit
(Panadero et al.,, 2016), combining the diary task with relevant
training, e.g., on self-regulation (Fabriz et al., 2014; Otto and Kistner,
2017; Broadbent et al., 2020), and providing (automatic) feedback for
students (Bellhduser et al., 2023). One idea for future development,
raised by the findings of this study, is to increase the prompts of
updating the diary, but at the same time, remind students that they
only need to update the diary only once a week. Moreover, this could
be incorporated in the instructional design of the degree program.

4.1. Limitations and future directions

This study comes with limitations. Main limitations are related to
the research environment and the selection process of the theory-
based expert model.

As the naturalistic learning environment is a strength in this study,
it also generates many uncontrolled variables that might have affected
the results of this study. New students in the master’s program could
feel outside pressure to do as they are asked even though they were
volunteering to participate in this study and were always able to opt
out of the study. Students might have just clicked something to do the
task and keep up with the submission, rather than thinking reflectively.
Teachers on several courses that students spread out to study during
the experiment period could have prompted students about the
learning diaries unevenly. Teachers were not instructed on this. After
the experiment, teachers in the participating master’s program
reported that they had not conducted any overlapping pedagogical
experiments during this study.

The theory-based expert model was selected based on literature
and personal, possibly biased, educational science expertise by
researchers and engineering education teachers. Expert view was
discussed with two other educational science experts. Still, the
selections made are based on the personal views of only a few experts
and the affordance of the data availability: the available items and
scales in the structured learning diary and the epistemic belief scales
that cannot be seen as purely epistemic and the Likert scale measure
method focuses on measuring beliefs of certain or simple knowledge.

Due to the relatively small sample (N=70), no causal inferences
can be made from the results.

Future studies on structured learning diaries and epistemic beliefs
should be investigated. How could epistemic cognition be measured
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while using learning diaries? Another type of questionnaires should
be tested to investigate further how epistemic cognition interplays
with structured learning diaries. When developed further, integrating
epistemic cognition measurement with learning diaries could inform
teachers of the progress in student’s epistemic thinking and give them
opportunities to react. At a degree program level, the epistemic
awareness of each program could be measured and reacted
accordingly. This is worth pursuing.

4.2. Implications

Earlier empirical studies have demonstrated a close relationship
between monitoring strategies and more sophisticated epistemic
cognition (Bromme et al., 2010). Despite the connection between self-
regulated learning strategies and epistemic cognition, the structured
learning diaries have been one-sided so far. This study sheds some
light on how the structured learning diaries and epistemic cognition
correlate with academic achievement.

Students had been customed to answer regular questionnaires but
had yet to use structured learning diaries before. Therefore, the
inferences based on the student activity data can be helpful to further
designs of learning diaries. The results showed a decrease in the
submission activity. This should inform other designs of such tools.
The research on the use of reflective diaries in engineering education
is abundant (Tanner, 2012; Wallin and Adawi, 2018). This study
contributes as a case study of integrating such a diary at degree
program level, while other research focuses on the course level.

For practice, this study stresses the need for making theory-based
prediction models rather than using out-of-the-box-ready analytics
tools that are based on statistical regression models.

5. Conclusion

This two-phase study first explored the connection of two student-
originated variables, structured learning diaries, and epistemic beliefs,
to academic achievement (RQ1, RQ2). In the second phase, two
competing regression models were created, a theory-based expert
model and a purely statistical regression model (RQ3). The models
were compared to student achievement at three measure points.
Academic achievement was explored through grade-point average
(GPA) and the number of credits (CR). An overarching research
question (RQ4) of this study was to investigate the viability of
implementing a learning diary and a questionnaire into the
instructional design of a degree program.

The results showed correlations between structured learning diaries
and academic achievement and epistemic beliefs and academic
achievement. Both, the expert designed and the statistical regression
model did claim to predict academic achievement in terms of the number
of credits. However, only the theory-based expert model delivered
statistically significant prediction to the GPA and excelled to deliver small
but promising predictive power over the number of the second-year CR.

The student activity measured in a naturalistic learning
environment reveals that the effort needed to update the learning
diary is too demanding for some. Still, most of the students succeeded
in building a routine to weekly update and submit their diary and
answer the questionnaires.
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The results of this study show promise in further designs of
structured learning diary -tools. The implementation of such tools is
plausible, and among many other affordances, these tools can be used
as measurement tools to feed predictive analytics at scale. While doing
that, the diary approach fostering self-monitoring can yield better
academic achievement. Again, by further developing structured
learning diaries, e.g., by integrating the diaries with automatic
feedback, the effects could be enhanced.
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