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Assessing self-regulated learning (SRL)—the interplay between monitoring and
control behavior—remains challenging, particularly in young learners. The unobtrusive
assessment with log data to investigate SRL offers a promising method to deepen
the understanding of the SRL process of young students. Despite the significant
potential of log data to enhance the measurement of SRL, recent research encounters
new challenges of operationalization, transparency, generalizability, validity, and
reproducibility. This study introduces an innovative instrument, the digital train
track task (TTT), for assessing SRL with log data in young learners, focusing on
monitoring and controlling behavior. Log data of 85 primary school students
(second to fifth grades, aged 7-13 years) performing one simple and one complex
TTT were analyzed. As a novel method, finite state machines (FSM) were applied to
extract SRL-related actions and states from the log data. To evaluate and explore
the potential of the digital TTT, monitoring, and control behavior during simple
and complex tasks were compared, employing frequency-based statistical analysis
and transition graphs. Additionally, the log data were multimethodically linked
with think-aloud data. The results revealed differences in monitoring and control
behavior during the simple and the complex tasks regarding frequency, duration,
and transitions between the SRL-related states. Extracted SRL-related states from
log data and corresponding think-aloud data showed significant correlations.
Adding to the growing body of log data research, this study offers an innovative
task to validly assess the metacognitive self-regulation processes of young learners
during problem-solving. The transparent, theory-based operationalization of SRL
in this study, taking into account recent demands for SRL log data research, allows
better reproducibility and transfer and adds to the generalizability of findings from
SRL log data research.

KEYWORDS

self-regulated learning, metacognition, log data, primary school students, SRL
assessment

1 Introduction

Self-regulation in learning (SRL) is considered an important competence for lifelong
learning in a constantly changing and demanding environment (Usher and Schunk, 2018),
by enabling learners to proactively regulate their cognitive, metacognitive, and
motivational processes, set goals, monitor their progress, and adapt strategies to achieve
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optimal educational outcomes (Zimmerman, 2000). Consequently,
more and more educational researchers are focusing on the
promotion of SRL and SRL is receiving increasing attention among
school professionals. However, promoting SRL requires an
understanding of the individual engagement of students in the SRL
process and the recognition of potential deficits in learners. To this
end, a valid assessment of SRL that is not only based on the
perception of learners, parents, or teachers but also represents
learners’ SRL approaches within the process is crucial.

As the research of SRL evolves and new technical possibilities
emerge, the assessment of SRL, especially in young learners, has been
widely discussed in recent research but remains a challenge (Du et al.,
2023; Veenman and van Cleef, 2019). In addition, validity as the
central issue in SRL assessment, effectiveness, granularity, and
age-appropriateness of SRL assessment methods are also aspects that
pose challenges to researchers (Rovers et al., 2019). Moreover, the
question arises of how these SRL assessment methods can be simplified
and effectively transferred from research to practice application in the
long term.

In light of technological development and the potential of learning
analytics, considered as the assessment and analysis of diverse learner-
produced data to understand and improve learning and learning
environments (Khalil and Ebner, 2015), new emerging methods can
be used to overcome the current challenges in SRL assessment and
deepen the understanding of the complex SRL process (Roll and
Winne, 2015; Winne, 2017).

Accordingly, an innovative way to assess SRL as a process is the
analysis of log data. Log data have the potential to improve learning
science by using it to explore individual learning approaches in detail,
predict learning outcomes, and also to guide learning analytics to
improve learning processes in real time (Winne, 2020). Despite the
significant research using log data to capture SRL, new challenges are
emerging that research will need to address (Du et al., 2023; Molenaar,
2014; Roll and Winne, 2015). Current research in the field of SRL
using learning analytics is very diverse, using a wide variety of
methods to analyze diverse data (van Laer and Elen, 2018; Winne,
2014). Consequently, studies are often difficult to replicate, cannot
be transferred to other target groups or learning contexts, and, are,
therefore, severely limited in their potential to generalize important
findings across different areas (Azevedo, 2014; Du et al., 2023; van
Laer and Elen, 2018). Moreover, with the increasing use of digital
technologies for educational purposes and assessment, many studies
rely on a data-driven analysis of log data to describe the SRL process
and neglect the theoretical basis (Reimann et al., 2014; van Laer and
Elen, 2018). Therefore, actions and behaviors derived from log data
and associated with SRL may not accurately reflect the actual presence
of those behaviors.

In response to these deficits, some researchers have already
created frameworks and best practice examples for the use of log data
in SRL research (Saint et al., 2020b; Siadaty et al., 2016; van Laer and
Elen, 2018). Nevertheless, most studies have focused on older students
(Perry and VandeKamp, 2000; Viberg et al., 2020) although there is
empirical evidence for the early development of SRL and the demand
for early promotion (Dignath et al., 2008; Perry et al., 2018; Perry and
VandeKamp, 2000). As a consequence, the development of innovative
SRL assessment methods with young learners is lagging behind.

This study aims to address current challenges and demands in SRL
assessment and introduce an innovative instrument for assessing SRL
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with log data in young learners. To assess young students” actual SRL
and metacognitive activities in a task-based and procedural manner,
we digitized the Train Track Task (TTT) (Bryce and Whitebread,
2012), by augmenting this assessment instrument with log data
analyzes. The resulting log data reveal indicators for SRL behavior
with a particular focus on monitoring and control. The central
contribution of the study is to introduce the digital problem-solving
task as an SRL assessment drawing on log data analyses, taking into
account the important steps from recent frameworks and protocols
for working with this type of data (Saint et al., 2020a; Siadaty et al.,
2016; van Laer and Elen, 2018). The presented innovative assessment
method aims to create a basis for simple and playful tasks for recording
log data to assess SRL in research and is intended to provide a practical
application for the diagnosis of SRL by practitioners in the long term.

As a novel approach, finite state machines (FSM) are described
and applied to extract SRL-related states from the log data. To evaluate
the potential of the digitized TTT to assess complex SRL processes,
monitoring and control behavior across a simple and a complex digital
TTT are compared.

2 Theoretical background
2.1 SRL and metacognition

When demonstrating self-regulated learning (SRL), students set
themselves goals, and select and use strategies or tactics to manage
and keep track of their information processing, behavior, use of
resources, motivation, and emotions during learning (Winne and
Hadwin, 1998; Zimmerman, 2000). SRL cannot be seen as a skill that
learners either have or do not have, but rather as a dynamic process
learners engage in to achieve their aims (Azevedo, 2009). Numerous
studies have shown that SRL is a positive predictor of academic
success (Dent and Koenka, 2016) and also of diverse non-academic
outcomes (Anthonysamy et al, 2020; Robson et al, 2020). In
particular, SRL can be beneficial while working on problem-solving
(Stillman and Mevarech, 2010) or in digital learning environments
(Broadbent and Poon, 2015). Even if many students face deficits in
SRL (Winne, 2005), several studies and meta-analyses highlight that
students can be fostered in their SRL (Dignath and Biittner, 2008).

2.1.1 SRL as a dynamic process

Winne and Hadwins (1998) conditions, operations, products,
evaluations, and standards (COPES) model of SRL explains the
dynamic process students engage in while they regulate their learning
during a specific task. The model describes a cyclical sequence of
phases, starting with task definition and contextual analysis, where
students evaluate and orientate themselves in the learning
environment and identify task-relevant influencing factors and
information (Winne, 2017; Winne and Hadwin, 1998). Relevant
factors may include internal influences, such as task-related prior
knowledge, and external conditions, such as the technical environment
or the specified timeframe for the task. The subsequent phase involves
goal setting and strategic planning. In this phase, learners formulate
standards for the products of their task performance, according to
which they plan their approach (Winne, 2017; Winne and Baker,
2013). The third phase of the COPES model, implementation,
describes learners’ actual use of the chosen strategies. In this phase,
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students consider feedback from diverse sources, such as the learning
environment, but also through self-reflection, such as satisfaction with
their own performance (Winne, 2017). Following the completion of
the task, students evaluate their approach and the effectiveness of their
strategy use in a reflective phase (Winne and Hadwin, 1998). The
COPES model highlights the iterative nature of self-regulation, as
students continuously adapt and refine their approaches in response
to feedback and emerging task demands. This iterative process of SRL
leads to improved learning outcomes and problem-solving skills over
time and is included in most SRL models (Panadero, 2017).

2.1.2 Monitoring and control as key components
of SRL

Within this complex SRL process, various metacognitive,
cognitive, and motivational strategies come into play (Boekaerts,
1996). One of the most important components of SRL is metacognition
(Gascoine et al., 2017). Nelson and Narens (1994) have described
metacognition as the interplay of monitoring and control. Monitoring
behavior involves the active awareness and assessment of one’s
cognitive processes and ongoing tasks. Learners continuously evaluate
their understanding, progress, and the strategies they apply during
learning or problem-solving activities. Control refers to the strategies
and actions taken based on the outcome of the monitoring process.
Once individuals become aware of their cognitive states by monitoring,
they can implement various control strategies. Control strategies can
include adjusting the learning approach or changing study techniques.
In essence, control mechanisms are the conscious, goal-directed
efforts learners employ to enhance their performance. Learners, for
instance, monitor discrepancies between their aims and their actions
and use metacognitive control to adapt their behavior to their
standards if necessary (Winne and Nesbit, 2009). These theoretical
models (Winne and Hadwin, 1998; Winne and Nesbit, 2009)
emphasize the dynamic interplay between monitoring and control.

Accordingly, SRL is not necessarily a linear process with a clear
order, but rather a repetitive interplay between monitoring and
control. Therefore, SRL can be seen as a sequence of events that occur
during task performance, which offers a new perspective on
metacognition and the whole SRL process (Azevedo, 2014). Based on
this assumption, SRL can be interpreted as a successive sequence of
states, with a clearly defined start and end point of each state (Winne
and Baker, 2013). However, SRL and the occurrence of such events is
a partially invisible process. Not all of the SRL activities of learners, in
particular cognitive and metacognitive events, are directly visible. The
covert nature of SRL can be described as a learner’s dynamic SRL
approach consisting of a sequence of observable behavioral events that
indicate not directly observable states (van Laer and Elen, 2018).
Accordingly, this conceptualization of SRL is based on the assumption
that meaningful insights into learners’ latent behavioral states can
be gained through a careful examination of ordered observable
behavioral events or sequences (Molenaar and Jirveld, 2014). For
example, when a learner is rereading the task instruction or the own
written product, this could be an observable action or event, indicating
metacognitive monitoring, a state difficult to identify without such
indicators. However, rereading the own written product can also
be interpreted as an indicator for evaluating, which demonstrates that
observable actions cannot always be objectively or uniquely assigned
to one covert SRL state and highlights the need to take this into
account when assessing SRL.
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2.2 SRL assessment

To examine the complexity of SRL, identify deficits in SRL, and
provide and evaluate effective SRL training, age-appropriate, valid,
and reliable measurement tools are crucial. However, the assessment
of SRL and metacognition, especially with young learners, is
challenging, and the validity and reliability of the variety of
instruments have been repeatedly questioned (Veenman and van
Cleef, 2019; Winne, 2010). A general distinction in SRL assessment
can be made between “online” (event-based) and “offline” (aptitude-
based) methods (Veenman and van Cleef, 2019; Veenman et al., 2006).
While in offline assessment (e.g., self-report questionnaires, scenario
tests), students are asked either before or after performing a learning
task to report their learning behavior and strategy use, online
measurements (e.g., observational methods, think-aloud, and log
data) are conducted during the actual learning process or performance
of a task (Reimann et al., 2014; Rovers et al., 2019; Veenman, 2011).
Offline methods are, therefore, based on the assumption that SRL is a
static aptitude and independent of the direct learning context, whereas
online methods capture SRL in a situated event-based manner
(Greene and Azevedo, 2010; Winne and Perry, 2000). Even though
many different SRL assessment methods have evolved over the last
decade, researchers still face various challenges in SRL assessment,
such as poor validity, efficiency, and granularity.

2.2.1 Validity of SRL assessment methods

Based on the common agreement to define SRL as a process with
different phases (Panadero, 2017), the exclusive use of offline
measurements has often been criticized in recent SRL research
(Veenman and van Cleef, 2019). The retrospectively reported use of
SRL strategies in self-report questionnaires is usually inaccurate and
prone to socially desirable responses and to over- or underestimation
(Panadero et al., 2016; Roth et al., 2016). Thus, the general validity of
self-reports, especially for children, has frequently been questioned
(Veenman and van Cleef, 2019; Whitebread et al., 2009). Instead of
assessing what students recall or believe to do during learning, online
measures attempt to assess what learners actually do while working on
a task. Therefore, these methods are considered to be more objective,
precise, and valid than offline measures (Greene and Azevedo, 2009;
van Halem et al., 2020). However, as event-based measurements are a
relatively recent development in SRL research, the psychometric
properties of online measures are not yet as well documented as for
offline measurements, such as self-reports (McCoy, 2019).
Nevertheless, studies show high correlations between online methods
and between SRL online assessment and performance, which indicates
the validity of these methods (Veenman and van Cleef, 2019).

2.2.2 Applicability of SRL assessment methods
Despite the major concerns regarding validity, offline methods
have been the most common assessment method in SRL research for a
long time, based on their time-efficient administration. Data from SRL
self-report questionnaires and adult ratings can be collected and
analyzed easily in large samples (Chen et al., 2015; Gascoine et al.,
2017; McCoy, 2019; Veenman, 201 1). In contrast, online measurements,
such as observations, interviews, or think-aloud protocols, lead to an
extensive database of verbal and non-verbal behaviors. The data
collection, transcription, and analysis of this data are time consuming
(Vandevelde et al., 2015; Veenman and van Cleef, 2019) and need a lot
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of resources. In addition, some of these methods are intended for
laboratory research and are impractical for applied school-based
research (Marulis et al., 2016; McClelland and Cameron, 2012).
Furthermore, previous research has discussed the potential reactivity
of the different assessment methods of metacognition, drawing
attention to the relevance of task and person characteristics, and cues
(Double and Birney, 2019). A meta-analysis suggests that general
think-aloud assessment is non-reactive, but that asking participants to
verbalize or explain further details in addition, such as reasons for their
behavior or thoughts, is positively reactive (Fox et al, 2011).
both methods are task
performance time.

Nonetheless, shown to increase

2.2.3 Granularity of SRL assessment methods
When comparing and evaluating the validity of different
instruments and considering the efficient analysis of SRL data, the
granularity of the SRL assessment seems relevant (Bannert et al., 2014;
Fan et al., 2022; Molenaar, 2014; Winne, 2010). Offline measures, such
as self-reports, assess SRL as a global measure of how an individual
usually uses SRL strategies in learning by aggregating learning
approaches across learning contexts, episodes, and tasks (Winne and
Perry, 2000). In contrast, within online measurements, granularity can
vary substantially (Azevedo, 2014; Zhou et al.,, 2010). Greene and
Azevedo (2009) describe the different types of granularity with the
help of levels. For example, in think-aloud protocols and log data,
students’ specific behaviors and mental processes are recorded,
resulting in microlevel data that can also be encoded into macrolevel
categories of SRL (Greene and Azevedo, 2009; Siadaty et al.,, 2016).
Coding of log data, for example, can range from milliseconds and
smallest mouse movements, which are linked to specific SRL
strategies, to the general appearance of SRL behavior, by, for example,
clicking on a URL link as a broad indicator for SRL (Winne, 2017).

2.2.4 SRL assessment in young learners

Moreover, assessing SRL in young learners poses a major challenge
(Whitebread et al., 2009). Overall, many instruments have been
developed for older students. Most offline methods, such as strategy
questionnaires, are highly dependent on student’s literacy skills (Perry
and VandeKamp, 2000; Whitebread et al., 2009). Being less dependent
on language, some online methods, such as observations, are already
suitable for preschool age (Veenman and van Cleef, 2019; Whitebread
et al., 2009; Winne and Perry, 2000). In addition, think-aloud
protocols have also proven to be a practical method for a more
objective assessment of SRL strategy use, with young learners
(Veenman, 2011). Despite the recent developments in SRL assessment
methods, there is still a lack of research on young learners.

Based on the paradigm shift, defining SRL as a series of events
resulting in a complex and dynamic process, which develops over time
(Molenaar, 2014), online measures seem to be the more valid option
to capture SRL (Veenman and van Cleef, 2019). Nevertheless, self-
reports are still frequently used because they are the most efficient
option. Even if online SRL assessment methods are repeatedly
discussed as being more valid, more sensitive to the process nature of
SRL, and allow a finer-grained analysis, there is still a lack of
instruments that can be administered and analyzed efficiently and in
flexible contexts especially with young students. With the increasing
technical possibilities, computerized online assessment methods have
received growing interest in SRL research (van Laer and Elen, 2018;
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Winne and Nesbit, 2009). In recent research, various forms of trace
data are used to assess SRL, and consequently offer the potential to
provide learners directly with feedback on their learning approach.
Thus, learning analytics can serve to evaluate and to promote the
SRL process.

2.3 SRL and log data

While learners work in any learning environment, they create a
large amount of data, whether unconsciously or on purpose, which
is described as trace data (Khalil and Ebner, 2015). It can be collected
in various ways, for example, in the form of simple notes and text
highlighting eye-tracking data, or physical sensors, but also in the
form of computerized log data that record detailed information
about students’ actions during the learning processes or task
performance (Greene and Azevedo, 2010). In line with the idea of
learning analytics, where students’ various trace data are used to
understand and improve learning processes (Khalil and Ebner,
2015), recent research in the field of SRL attempts to utilize the
potential of this diverse data to describe, assess and promote the SRL
process of learners (Roll and Winne, 2015). Task-based assessment
of SRL with trace data is strongly oriented toward the
conceptualization of SRL as a process and attempts to assess the
actual regulatory behavior of students during task performance
(Winne, 2010; Winne and Perry, 2000). The aim of collecting this
type of data is to make students’ not directly observable mental
processes during task performance visible to detect SRL (Winne,
2010). Although the terms “trace data” and “log data” are often used
synonymously, it can be argued that log data refers more specifically
to one type of trace data—individuals timestamped recorded
activities in digital environments. Particularly in digital learning
environments and tasks, log data have the potential to reliably assess
the engagement and interactions of students with the task material
(Duetal., 2023). By gathering data automatically and unobtrusively
across different settings, log data have the potential to overcome the
current challenges of efficient but offline SRL measurement (Fan
et al,, 2023; Rovers et al., 2019) and can also be collected efficiently
in groups (Jarveld et al, 2019). Depending on the digital
environment, different types of log data can be collected (Winne and
Nesbit, 2009). Interactions with the features of the environment,
such as clicks on other buttons or opening a navigation menu, can
be used to describe the process. At the same time, the information
processing is recorded by, for example, opening, copying, or
rephrasing informative sources (Winne and Nesbit, 2009). In
combination with time stamps, as another type of log data, these data
have the potential to evaluate complex learning processes (Winne
and Nesbit, 2009).

Despite the numerous advantages, research using log data to
assess SRL faces several challenges: the operationalization of indicators
for SRL in log data, developing suitable environments, filtering noises,
transparency, validity, and reproducibility (Du et al., 2023; Roll and
Winne, 2015; Saint et al., 2022; van Laer and Elen, 2018; Winne and
Baker, 2013).

2.3.1 Diversity of subjects and objectives

The actual application areas of log data in SRL research are very
diverse. For example, log data are used to assess SRL in reading and
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writing tasks (e.g., Fan et al., 2022; Rakovic et al., 2022), in the context
of hypermedia use (e.g., Kinnebrew et al., 2013) and in broad digital
learning environments (e.g., Maldonado-Mahauad et al., 2018; Saint
et al, 2020b). Previous research used log data, for instance, to
investigate different learning strategies and cluster different SRL
approaches of students (e.g., Maldonado-Mahauad et al, 2018;
Malmberg et al., 2014; Saint et al., 2020b). Other studies investigated
the relation of SRL strategy use assessed with log data and the actual
learning outcome (e.g., Maldonado-Mahauad et al., 2018; Rakovic
et al., 2022). Using log data, several studies have already investigated
the impact of interventions, such as prompting (e.g., Bannert and
Reimann, 2012; Siadaty et al., 2016).

2.3.2 Imbalance in the target group

Nevertheless, most of the aforementioned studies investigated SRL
among secondary school students (e.g., Kinnebrew et al., 2013;
Munshi et al., 2018), university students (e.g., Bannert and Reimann,
2012; Fan et al., 2022; Saint et al., 2020a; Saint et al., 2020b), or adults
(e.g., Siadaty et al., 2016), whereas only a few studies have examined
the SRL of young learners with the help of log data so far (e.g.,
Malmberg et al., 2014; Molenaar, 2014). A recent systematic review by
Saint et al. (2022) indicated that merely 21% of the reviewed studies
using online assessment focused on K-12 students, with only some of
those investigating SRL in primary school students or younger
children. So far, multimedia learning environments, such as gStudy
(Winne et al., 2006) and Betty’s Brain (Biswas et al., 2016) have been
used to investigate upper primary school students’ learning processes
with different content focus.

2.3.3 Diversity of log data analysis methods

Various methods, such as process mining (e.g., Bannert et al.,
2014; Saint et al., 2020b), transition graphs (e.g., Malmberg et al., 2014;
Saint et al., 2020a; Siadaty et al, 2016), cluster analysis (e.g.,
Maldonado-Mahauad et al., 2018), sequence analysis (e.g., Kinnebrew
et al., 2013), and network analysis (e.g., Paquette et al., 2021; Saint
etal, 2020a), are used to analyze log data to detect SRL. To investigate
the methodological potential of log data, only a few studies
triangulated log data with different online measurements, such as eye
tracking, to analyze the particular value of the various methods (e.g.,
Fan et al., 2022). Nevertheless, some studies have highlighted the
potential of combining log data with other online or offline SRL
instruments, such as think-aloud or self-reports (e.g., Fan et al., 2023;
Jansen et al., 2020).

2.3.4 Challenges in preprocessing and
operationalization

Despite progress in log data research, the structure and
preprocessing of raw log data for such analyses are challenging, often
not described in detail, and justification for methodological decisions
is often neglected (van Laer and Elen, 2018). In the first step,
indicators in the form of log events have to be defined as meaningful
actions (Zhou et al., 2010). In this context, distinctions from other
related constructs, as well as the theoretical explanations, must
be taken into account (Winne and Baker, 2013). Generating a
sequence of meaningful actions from the raw log data so that each
action or sequence of actions corresponds to a strategy used by a
learner can be challenging. Non-strategic or irrelevant actions act as
noise in the action stream and can lead to misinterpretations. For
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example, non-strategic actions might be deemed irrelevant, but they
can also indicate latent relevant processes in the context of the
complex SRL process. In addition, not all actions are unambiguous,
which can lead to misinterpretations or subjective dependency of the
extracted SRL behavior. Researchers often rely on statistical methods
for the temporal and sequential analysis of the log data, but fail to
argue theoretically why the sequences identified with the help of
sequential analysis are meaningful and explanatory (van Laer and
Elen, 2018; Zhou et al., 2010). This leads to a lack of transparency in
previous SRL research with log data (van Laer and Elen, 2018) and
substantial differences in the quality and type of data, the granularity
of SRL is measured and the actual operationalization of SRL
(Azevedo, 2014). Overall,
environments, the lack of transparency in preprocessing log data, and

the numerous unique learning

insufficient theoretical foundation make it difficult to replicate the
studies and transfer methods and operationalizations.

2.3.5 Demands on log data research

As a reaction, some researchers have started to develop
frameworks to guide log data analysis (Saint et al., 2020b; Siadaty
et al, 2016; van Laer and Elen, 2018). Three main steps can
be distinguished in the work with log data: 1. preprocessing, 2.
characterization and operationalization, and 3. analysis. Within these
general steps, the recently developed frameworks and protocols (Saint
et al., 2020b; Siadaty et al., 2016; van Laer and Elen, 2018) highlight
the relevance of theoretical foundation, transparent description, and
the preprocessing of the gathered data, followed by defining possible
log events in libraries and transforming the data based on defined SRL
actions. It is possible to carry out analyses only after having performed
these important yet often insufficiently described steps. In addition to
the vast potential of the variety of analyses, special attention should,
therefore, be paid to data quality and the theory-driven processing of
the mass of log data that is easily accessible.

2.4 FSM for processing of log data

SRL is not a linear process but rather an iterative process with
potentially repetitive monitoring and control loops (Azevedo, 2009;
Molenaar and Jarveld, 2014; Winne, 2014). According to that, this
process involves several actions that represent SRL in their sequence
and could result in certain metacognitive states during learning
(Azevedo, 2014; Winne and Baker, 2013). Specific behavior, for
example, typing a text as a memo, could indicate that a learner is in a
particular state, for instance, the state of planning or organizing
information. Accordingly, events in the log data of learners, for
instance, events indicating keystrokes in the memo, can be used as
hints (probabilistic) or as evidence (deterministic) that the learner
enters a particular state or remains in that specific state until different
traceable behavior is observed. The diverse methodological approaches
to analyzing log data and extracting possible SRL indicators differ in
how transparent the operationalization of the indicators is, that is, how
explicitly the observed behavior in digital environments that triggers
log events is linked to the high-level inferences created using log data.

2.4.1 Extracting SRL-related states using FSM
In the following, an analytical approach for the reconstruction of
deterministic actions and states is briefly described. The strategy aims
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to make the definition of so-called low-level features explicit and
transparent. Low-level features are understood as the elementary
pieces of evidence extracted from the log events that either indicate an
interpreted action (i.e., traceable behavior that occurs at a particular
point in time) or a state (i.e., a temporary section of traceable behavior
that starts and ends at identifiable time points in the log event data).
Focusing on single events separately is not necessarily sufficient to
extract these low-level features and unlock the full potential of
information contained in the log event data. To effectively address the
context in which events occur (referred to as contextual dependency,
see Kroehne and Goldhammer, in press), algorithms, such as FSMs,
can be utilized. FSMs are a formal way to define algorithms, which can
be used to analyze log data by processing them event by event. These
FSM algorithms defined a finite set of theoretically described and
observed log events, resulting in states and triggers for transitions
(Kroehne and Goldhammer, 2018).

2.4.2 Actions and states as low-level features

To use FSMs, the log data are structured as individual events,
and each event combines several information. First of all, a
timestamp indicates when the event occurred. Moreover, the log
data include a person identifier, indicating the individual participant,
and a reference to the element of the computer-based instrument;
for example, the task name. In addition, different event types are
recorded and defined based on the software used to computerize the
assessment content. Beyond that, the log data may include additional
event-specific data. Which event-specific data are available depends
on the event type. For example, events of type “button click” directly
provide the button’s name as an event-specific attribute. Events, such
as “button click, may be interpreted directly, depending, for
example, on the name of the clicked button. For instance, a click on
a button to reset a task to the initial condition would have the direct
interpretation of an action as “Reset” An action only has a time
stamp when it happened but no time duration, although it would
be possible to differentiate mouse or touch down and up events. In
addition to actions, observed states can be extracted from log data
as low-level features. Clicking on button “A” could, for example, open
a pop-up window, which is visible until it is closed again via a click
on button “B” The two events of the type “button click” would
identify a particular state, “State 1, with a duration: the time
between the two events. In contrast to the previous example of the
“Reset” button, not only the click on the button “A” does have a
certain interpretation but also the time between these two events
(“button click” on “A” and “B”) do have certain interpretations,
which represents a certain state as low-level feature.

2.4.3 Differentiating observed states

As the arrows show in Figure 1, differentiating observed states is
possible by identifying the transitions between these states with the
available log events. For that purpose, events are distinguished by
event type (e.g., “button click”), the provided element (e.g., the name
of a task), and event-specific attributes (e.g., the name of a clicked
button, provided by all events of type “button click”). Since log events
typically have time stamps, the decomposition shown in Figure 1
automatically provides time measures for each state visit. The duration
time for each occurrence of “State 1” can be calculated by determining
the time interval between the timestamps of the “button click” events
for button “A” and button “B” Since potential off-task events that are
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not logged or not recognized as being relevant may have occurred
between these timestamps, it can also be described as the maximum
duration time of this state. Figure 1 illustrates that actions become
labels for specific transitions and can be used to separate observed
states using an FSM. However, the FSM visualized in Figure 1 is only
one possible decomposition for a process into observed states based
on log events using FSMs.

2.4.4 ldentifying indicators for SRL

Using FSMs allows deriving timed low-level features, that is, states
with start and end times for computing the duration, and actions with
a single timestamp. Based on these low-level features, process
indicators can be extracted as aggregated values of the low-level
features. These are variables at the person-by-task level, with one value
for each test-taker for each administered task. Depending on the
desired process indicator, different low-level features can be extracted
using additional FSMs. Not all log events have to be defined as
meaningful actions. Log events that are not used to trigger transitions
are absorbed by the self-transitions (marked as “*Ignored events” in
Figure 1). In addition, the documentation of log data that describes
when an event of a particular event type occurs and that provides
details about the meaning of all event-specific attributes, the FSM
operationalization of low-level features offers the opportunity to
achieve transparency concerning log data analyses and the extraction
of observed states. It can also help to achieve replicability by providing
additional descriptions of the low-level features.

The study aims to introduce the digital TTT as an innovative
instrument to assess young students’ SRL. To enable the use of the
newly developed task for future learning analytics, the following
research questions guide the study:

1 How can monitoring and control be operationalized in the log
data and extracted as theoretically defined low-level features?

2 To what extent do the temporally ordered sequences of
monitoring and control states extracted from log data differ in
the simple TTT and the complex TTT?

3 To what extent do the log data and the think-aloud data show
similar frequencies of monitoring and control?

3 Materials and methods
3.1 Sample and procedure

The participating children were recruited throughout Germany
for an online study. Due to the coronavirus disease 2019 (COVID-19)
pandemic, the whole study was conducted remotely. In total, N=85
students from the second to the fifth grade, aged between 7 and 13,
performed the digital TTT on their private computers at home. The
demographic data of six students were missing. The remaining 79
students, of which information was available, were, on average,
M=10.2years of age (standard deviation [SD]=1.21), and 49% of the
participants were female (see Appendix Table A3). The TTT was
implemented in a digital learning platform (moodle). The participating
families were informed in advance that they would need a computer
with audio output and a mouse to complete the tasks. During the task
processing, trained experimenters accompanied the students on the
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FIGURE 1
State chart illustrating differentiation of observed states using log events.

Type: "Button click™
Button name: "B

phone, initiated the task, and helped the children if technical
difficulties occurred. The experimenters could not directly observe
participants’ performance during the task and were explicitly
instructed to offer only technical assistance, but no help was extended
to solve the task. The children were asked to inform the experimenter
when they thought they had finished the task, but they could always
stop working on it themselves.

3.2 The digital train track task

Originally, the TTT (Bryce and Whitebread, 2012) was developed
as an observational instrument that allows the capturing of young
learners’ metacognitive strategy use in verbal and non-verbal behavior
with the help of video data. The original TTT and its different
age-related tasks have already been validated and tested in several
studies with different age groups (Bryce and Whitebread, 2012;
Spektor-Levy et al., 2017; Tzohar-Rozen et al., 2021). As an online
assessment, the TTT offers numerous advantages. It is independent of
language skills, exciting for children, relatively independent of culture
and general school performance, and can be varied in difficulty for
different age groups (Bryce and Whitebread, 2012; Spektor-Levy et al.,
2017). To use this potential in the context of learning analytics, the
TTT was adapted and digitized as an innovative method to assess
metacognition in primary school students. The digitized TTT can
replace resource-intensive video data with log data, which, to some
extent, can be processed automatically.

3.2.1 Development and procedure of the digital
TTT

As in the original task, the digital TTT requires children to
reconstruct a rail circle with a set of train tracks according to a
plan. In our study, each child had to solve two different TTTs.
The digitized task starts by automatically opening a window that
shows students a plan with a shape they have to rebuild. The train
tracks are arranged in an unsorted way for each task. With the
pointing device (mouse, touchpad, or touch-screen), the tracks
can be moved within the playing space. When two tracks are
moved close to each other with matching connection spots and
in the correct orientation, they automatically connect in the
digital TTT. With specific buttons children can rotate the
individual train tracks in two directions (clockwise and
counterclockwise), can zoom in and out to enlarge the playing
space, or take a closer look at a track or their current construction.
Moreover, a help button allows the participants to (re)watch the
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explanatory video for the different features within the digital
environment. With the “plan” button, students can reopen the
plan showing the shape they have to rebuild at any time while
working on the task. The plan and help buttons are presented as
so-called modal dialogs (see Kroehne, 2023b), and no interaction
with the digitalized TTT was possible while either the “plan” or
“help” window was visible on the screen. Finally, participants
could jump to the next task or complete the task by clicking the
‘next’ button (see Figure 2).

After closing the plan window to start the task, the experimenter
connected via telephone and made the children aware of the help
button, which included a video that introduced the different buttons
in the digital environment and their functions. As a first task, all
students had to rebuild a simple circle shape. Participants received a
more complex shape depending on their age in the following task. For
this purpose, the shapes already evaluated in other studies (Bryce and
Whitebread, 2012; Spektor-Levy et al., 2017) were utilized for the
different age groups. Previous research with the TTT as an
observational instrument showed that age is related to the
development of SRL abilities (Spektor-Levy et al, 2017) and
demonstrated individual differences in monitoring and control
(Tzohar-Rozen et al., 2021).

3.2.2 Technical setup

The digital TTT was implemented in JavaScript/HTML5 as an
extension to be used with the CBA ItemBuilder (Kroehne, 2023b).
In addition to the log events provided by the CBA ItemBuilder, the
extension was implemented to provide additional replay-complete
log data (see Kroehne and Goldhammer, 2018 for a definition) for
all interactions within the digital TTT, allowing the creation of
animated video replays based on the log event data. Test deployment
for online assessment was implemented using the IRTIib Software
(Kroehne, 2023a), embedded into a learning management system
(moodle) using LT1, with IRTIib functioning as an LTI tool provider
serving the CBA ItemBuilder tasks, including the digital TTT
according to the study design (i.e., the age-related tasks as shown in
Table 1).

3.3 Data

Several researchers in the field of SRL and especially in the current
development of log data assessment, have emphasized the advantages
of multimethod assessment for validation and evaluation (Saint et al.,
2022). To assess metacognitive behavior with various data streams,
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FIGURE 2
Digital train track task environment.

think-aloud data of students was gathered during the performance of
the digital TTT in addition to the log data.

3.3.1 Think-aloud data

Participating children engaged in a think-aloud procedure, where
they were asked to verbalize their thoughts, feelings, and actions while
performing the TTT. Participants were told once again that the
experimenter, who gave the introduction on the phone, could not see
what the children were doing. Before working on the task,
participating children were trained to think aloud. When students
remained silent, experimenters encouraged intensive think aloud with
short standardized prompts, such as “please keep on thinking aloud”
Due to COVID-19 social distancing practices children’s think aloud
was recorded via telephone and subsequently transcribed. Transferring
think-aloud to a remote procedure is an innovative approach,
nevertheless, some researchers have already suggested the benefits of
this novel approach from the participants’ perspective (Alhejaili
etal., 2022).

To identify indicators of monitoring and control, Bryce and
Whitebread (2012) developed a coding scheme for analyzing
observational data. Codes have extended the existing coding scheme
from think-aloud research (Greene and Azevedo, 2009; Vandevelde
etal,, 2015) as well as by inductive codes to capture metacognition as
comprehensively and fine-grained as possible. Three coders were
trained in an extensive training followed by an iterative coding
process. In this process, sequences of audio data were discussed to
achieve a shared understanding of the different codes and to develop
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potential inductive codes if necessary. Metacognitive statements were
coded regularly. This implies that if a child made multiple statements
about, for example, discovering errors during task execution, each
statement was coded individually unless they were consecutive and
referred to the same mistake within the same sentence. This led to a
substantial overall agreement (Fleiss Kappa x =0.70) for all
operationalized metacognitive behaviors coded in the think aloud.
Table 4 describes all codes, definitions, and examples of think-
aloud protocols.

3.3.2 Log data

The raw log data were provided by the IRTIib software as JSON
files in a proprietary format containing a data structure for each raw
log event. Log events from three different sources (the deployment
software/LTT tool provider IRTIib, the CBA ItemBuilder tasks, and the
digital TTT embedded as an extension) were combined in
postprocessing into a flat and sparse log data table (see Kroehne et al.,
submitted for publication) using LogFSM. After processing, all log
events contain the core attributes (in which timestamps, event types,
element name/task IDs), and additional event-specific attributes for
events of a particular type. Event-specific attributes contain precise
information on the moved track, coordinates of the moved tracks
(start and end coordinates), directions of the rotations, connections
between tracks, and a list of the track types in connected track groups
were stored per individual and task. The data are sorted by anonymized
ID and timestamps. In total, we obtained 19,867 log events for all 85
participants and all tasks. Table 3 shows the average performance time
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TABLE 1 Shape plans for the different train track tasks.

Task 1: Simple task

Task 2: Age related, more complex task

TTT_2
2nd grade students

TTT_4
4th grade students

between the start event and the click on the “NEXT” button to end the
task and the number of log events per task. Three children did not
perform the simple TTT due to technical problems. No information
was deleted from the database, as all log events appeared relevant.
Cases with very short or very long processing times, as outliers, were
also not removed, as it was assumed that these children either had
finished the task very quickly or had taken a long time to complete it.

3.4 Analysis

To introduce the digitized TTT and make it available for future
research in the field of learning analytics, the analyses, and the detailed
descriptions are guided by recent frameworks for log data research in
the field of SRL (Jarveld et al., 2019; Roll and Winne, 2015; Saint et al.,
2020b; Siadaty et al., 2016; van Laer and Elen, 2018; Winne, 2020). In
the first step, the structure of the data was described. The SRL models
introduced at the beginning (Nelson and Narens, 1994; Winne and
Hadwin, 1998) served as the theoretical basis for the following analyses.
The think-aloud and log data analyses are based on the assumption of
SRL as a process in various alternating and repeating phases. A
distinction was made between three broad phases described in the
COPES model (Winne, 2014; Winne and Hadwin, 1998) and
overlapping with other common SRL models (Panadero, 2017);
namely, orientation, performance, and reflection. Based on the model
of Nelson and Narens (1994), we distinguished between monitoring
and control at the macrolevel and integrated different strategies and
states at the microlevels. First, the think-aloud data were transcribed
and coded as described above. In the second step, metacognitive
behavior that may occur in the digitized TTT was operationalized
using available log event data. Metacognitive states were described
based on the theoretical model and the think-aloud data coding
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TTT_1
All students (2nd to 5th grade)

TTT_3
3rd grade students

TTT_5
5th grade students

scheme. An action and a state library were defined, and actions and
states were described. In the third step, actions and states were
extracted as low-level features using algorithms formalized as
FSM. After preprocessing, differences between the simple and complex
tasks and relations between log data and think aloud were analyzed.

4 Results
4.1 Operationalizing SRL

Instead of a statistical approach, a theory-based approach based
on previous research was chosen to operationalize potential indicators
for metacognitive behavior in the log data. The coding schemes
developed based on previous research and the think-aloud data served
as the basis for the theory-driven identification of indicators of
monitoring and control states in the log data of the digitized TTT. This
approach was applied based on the assumption that SRL processes
consist of a sequence of observable behavioral events and underlying
unobservable states (van Laer and Elen, 2018). This procedure aimed
to reduce the potential for misinterpretation of log events and to
extract meaningful log events that reflected real-world metacognition.

4.1.1 Derivation of meaningful events in log data
In the first step, all possible log events within the digital
environment were explored, and meaningful actions were identified.
The initial raw log data were made usable with the help of a video
replay. The video replay visualizes the log data of an individual,
showing the start and end positions of train track movements,
rotations, and zooming, and lists the log events of the buttons. To
explore the log data, video replays of 10 participants were recorded.
Participants with different task processing times were selected,
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TABLE 2 Action library.

10.3389/feduc.2024.1388202

Actions Description

1 PLAN_OPEN Click on the “plan” button, which opens the plan with the track shape.

2 PLAN_CLOSE Click on “close” in the open plan window.

3 HELP_OPEN Click on the “help” button, which opens the video with instructions for the technical environment.
4 HELP_CLOSE Click on ‘close’ in the open help window.

5 ZOOM_IN Click on the zoom button indicating a “+

6 ZOOM_OUT Click on the zoom button indicating a “-”

7 MOVE_SAME Moving a track without changing connections.

8 MOVE_PLUS Moving a track and adding new connections with that move.

9 MOVE_MINUS Moving a track and dissolving a connection with that move.

13 MOVE_PLUS_MINUS Moving a track, dissolving a connection, and adding a new connection with that move.
10 ROTATE_SAME Rotate a track without changing connections.

11 ROTATE_PLUS Rotate a track and add a new connection with that move.

12 ROTATE_MINUS Rotate a track and dissolve a connection with that move.

14 NEXT Click on the “next” Button to skip to the next task.

TABLE 3 Total performance time and the number of log events per task.

N Median SD Min. Max.
Time (min)
TTT_1 82 3.17 3.05 0.05 14.52
TTT_2 13 29 8.65 0.89 30.58
TTT_3 25 12.67 8.17 0.27 35.12
TTT 4 14 18.37 12.58 2.13 38.95
TTT_5 33 6.97 6.14 0.32 25.93
Log_events (per student)
TTT_1 82 30.5 37.71 4 229
TTT_2 13 50 91.67 16 333
TTT_3 25 181 160.79 5 658
TTT_4 14 254.5 230.97 44 713
TTT_5 33 122 124.21 13 613

including some participants with particularly long task performance
times and high metacognitive scores in think-aloud coding, to
investigate complex behavior and possibly less stringent monitoring
and control behavior. ELAN computer software (version 6.7) (Max
Planck Institute for Psycholinguistics and The Language Archive,
2023; Lausberg and Sloetjes, 2009) was used to explore and analyze
the selected cases. In this first step, a team of at least two trained
research assistants separately coded one video and the underlying log
data in an inductive manner and commented in ELAN which actions
and metacognitive states could be derived from observable events or
sequences of events. These preliminary indicators were discussed, and
initial operationalization for the metacognitive codes of the think-
aloud coding scheme was developed. This procedure was iteratively
repeated for 10 participants for 20 tasks. Meaningful actions were
extracted, and definitions for metacognitive states and transitions
were reviewed, adapted, and optimized until a set of operationalized
indicators was obtained. In addition, identified indicators were
compared interindividually to review if the present sequence could
be interpreted differently in the log data of other individuals. Using
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video replay and extensive inductive exploration and development of
indicators of metacognitive behavior, consistent with previous
research and theory, an attempt was made to avoid misinterpretation
of the raw log data. In addition, indicators were chosen that required
minimal interpretation to remain as close as possible to participants’
actual behavior and reduce subjective judgments. In total, 14
distinguished meaningful actions were defined based on the log events
action library. These relevant actions were based on clicks on the
different buttons, rotations, movements, and the associated changes
in the existing track connections.

During the data exploration with the help of the video replay, the
frequency of same events occurring directly one after the other was also
determined as a meaningful sequence of actions and indicator for
transitions to the different states. Therefore, count indicators were
generated in addition to the 14 actions listed above, which are based on
the initial events and the resulting connections. Count indicators were
created for (a) the actions listed above, (b) the use of the individual
tracks, and (c) directions of rotation. If the same event type occurred
several times in succession (e.g., move_minus), the count always
increased by one. If a different action was executed within a sequence,
the count started again at one. For (b) the individual tracks, a count
indicator was created according to the same pattern, which counts how
often the same track was used in succession. And (c) a count indicator
was created for the direction of the rotations, counting how often the
participant rotated the track in the same direction in direct succession.

The administration of a particular task always starts with the plan
window open; hence, the action “PLAN_CLOSE” is the first action
expected for each test-taker. As described above, the actions represent
indicators for possible transitions into different metacognitive states.
Based on the think-aloud data coding scheme, the state library shown
in Table 2 was developed. The state library includes eight metacognitive
states on the microlevel, which are assigned to monitoring and control
on the macrolevel. In addition, three neutral, technical states
are defined.

4.1.2 Feature extraction using LogFSM
To extract metacognitive features from the log data using FSM,

we utilized the LogFSM R package (Kroehne and Goldhammer,
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2018). The automated processing of log events implemented in the
R package LogFSM processes the event data for each test-taker event
by event, changing the observed state if a transition is defined for a
particular event type (and possible event-specific additional
attributes), and remains in the identical (current) observed state if
no transition is defined. To extract the low-level features from the
log data, an algorithm was defined based on the action and state
libraries (Tables 2, 4). Actions were defined as triggers for transition
in and out of defined states representing the microlevel
metacognition codes. In total, 11 states were defined and extracted
with the help of LogFSM, whereby eight states are SRL related. Two
states are technical and describe the task processing (startstate and
endstate). In contrast, the construction state describes the
continuous task performance in which monitoring and control
behavior is not identified based on the defined indicators.

4.2 Differences between the simple and the
complex task

Based on the definition of SRL as a dynamic process (Winne and
Hadwin, 1998) and previous research (liskala et al., 2004; Malmberg
et al,, 2014). It is assumed that students adapt their metacognitive
behavior to the task type and difficulty. Guided by the second research
question, to investigate to what extent the monitoring and control
states extracted from the log data differ in the simple TTT and the
complex, age-related TTT analyses based on the frequency, duration,
and sequential occurrence of the metacognitive states in the log data
were conducted. First, the frequencies and duration of the different
states are compared between the two task types. To consider the
process nature of SRL, in a second step, transition graphs were used to
explore and visualize differences in the process of the simple versus
the complex task.

4.2.1 Comparison based on frequency and
duration

To examine monitoring and control behavior variations between
simple and complex digital TTT, we performed a descriptive statistical
analysis, investigating differences in the frequency, duration, and
associated proportions of each metacognitive state. With the help of
the LogFSM, the total frequency and duration of each state for each
participant were extracted. The frequency of each state was determined
by counting its total occurrences. State duration represents the
cumulative minutes students spent in the state, calculated based on
the timestamp information. Since the frequency and duration data
were not normally distributed, we report the mean, median, and 25th
and 75th percentile values. To compare the differences between the
two tasks, Wilcoxon signed-rank tests (with Bonferroni correction)
were conducted for pairwise comparison.

The Wilcoxon signed-rank test revealed significant differences in
the frequencies in the metacognitive states between the two tasks (see
Table 5). The negative Z-value indicates a consistent and significant
increase in the occurrence of most of the states during the performance
of the complex digital TTT. However, the SEEKING_HELP and the
TECHNICAL_ORIENTATION, operationalized by clicking on the
help button in different phases of the SRL process, occurred
significantly less when working on the complex task. This seems
reasonable, as the complex task was carried out directly after the
simple task, and the children were, therefore, already familiar with the
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technical functions. The Wilcoxon signed-rank test on differences
about the relative frequencies also showed significant differences
across all states. However, analyzes revealed a change in the direction
for SEARCH_SORT_MAKESPACE and the neutral
CONSTRUCTION state. Although, overall, these states occurred
more frequently while the students were working on the complex task,
they were more frequent in the simple task in relation to the total
number of states. This indicates the sensitivity of the digital TTT to
measure differences in monitoring and controlling the behavior of
young students during simple and more complex tasks.

In addition, Wilcoxon signed-rank tests also demonstrated a
significant increase in duration in the states CHECKING_PLAN,
MONITORING_UNDERSTANDING_MISTAKE, CHECK_
CONSTRUCTION, SEARCH_SORT_MAKESPACE, CORRECT_
MISTAKE, CHANGE_STRATEGY and CONSTRUCTION in the
complex task compared to the simple task. Moreover, the duration
comparison showed that the children also spent more time in the
states TECHNICAL_ORIENTATION and SEEKING_HELP during
the simple task than during the complex task. The comparison of the
proportional time spent in the different states between the two task
types also revealed significant differences across nearly all of the
metacognitive states, with the same pattern as in the comparison of
the total duration. However, this analysis reveals a different pattern
regarding the state SEARCH_SORT_MAKESPACE. In relation to the
total duration, the participating children spent almost the same
proportion of time searching, sorting, or making space in the two
task types.

As Table 6 illustrates, even the comparison of simple metrics, such
as the proportional durations, gives valuable insights into the SRL
process and shows that children spend a higher percentage of time
looking at the plan, monitoring, and correcting mistakes in the
complex task. These findings underscore task-specific variations in
children’s metacognitive behavior and the potential of the introduced
digitized TTT to measure such differences.

4.2.2 Comparison based on transition

Transition graphs were utilized to investigate differences in the
sequential characteristics of the metacognitive processes during the
simple and the complex TTT. They provide a helpful visualization to
explore the data and identify meaningful patterns. DigrammeR
package in R was used to create the generic visualization of the
LogFSM results. The graph nodes were defined as the states, while
transitions, displayed by arrows, showed the empirically observed
transitions. The indicated weight of the path relates to the proportion
(the transition frequency divided by the total number of all
transitions from this state). Accordingly, the sum of all outgoing
paths from one state node is 1.0. However, rounding the independent
probabilities for the transition paths may result in an inaccuracy of
1% for the sum of all transitions (0.99 or 1.01 instead of 1).

As the frequency and the duration analyses are already suggested,
the transition graph of the simple TTT shows the relevance of the
states TECHNICAL_ORIENTATION in the orientation phase and
SEEKING_HELP during task performance (see Figure 3). In more
than half of the cases, participating children opened the help video at
the beginning of the task performance, while in 34% of the total
transitions, children changed directly to the CONSTRUCTION state
after starting the task performance. The simplicity of the shape is
demonstrated by the fact that only 25% of the participants reopened
the plan after TECHNICAL_ORIENTATION at the beginning of the

frontiersin.org


https://doi.org/10.3389/feduc.2024.1388202
https://www.frontiersin.org/journals/education
https://www.frontiersin.org

uonesNp3 Ul S191UoI4

T

610" uISIa1U0L

TABLE 4 State library/coding scheme to extract metacognitive states from log data and think-aloud data.

Macrolevel Microlevel Description Sample think aloud Actions in log data
Startstate Start of the task; the task starts by showing the child the plan; the child closes the plan to start the task PLAN_CLOSE
Endstate End of the task by clicking on the next button NEXT
Construction A neutral state in which the child tries to reconstruct the given plan, moves different pieces or rotates to check MOVE_SAME; MOVE_PLUS
if they fit, connects pieces
Monitoring TECHNICAL_ TAP: “T'll watch the help video again” HELP_OPEN
ORIENTATION Log data: The child directly opens the help video while in start state “I zoom out so that I can see the whole field.”
CHECKING_PLAN Looking at the shape plan “T'll check the plan again” PLAN_OPEN
TAP: The child says it looks at the plan
Log data: Clicks on the plan button and closes the plan again
MONITORING_ Detection of a mistake or misunderstanding “Something’s not right!” ROTATE_MINUS;
UNDERSTANDING_ TAP: Child says that there might be something wrong “I do not think I quite understand it yet” MOVE_MINUS; 3x
MISTAKE Log data: The child removes the track piece and disconnects two or more tracks. The child rotates the same “T've just built something wrong.” ROTATE_SAME in the same
track piece at least 3 times in the same direction without connecting it to the construction “I have to separate the pieces again.” direction with the same track
CHECK_ Review the construction; compare it with the plan “Wait, what does it look like so far?” PLAN_OPEN
CONSTRUCTION TAP: The child compares the plan with his own construction or says that he will look at the entire construction = “T'll have a look at the plan and see if
again everything’s right so far”
Log data: Reopens the plan again, directly after checking the plan.
Control SEARCH_SORT_ Search for materials before and during the task. Organizing or grouping materials before and during the task. “Okay, I'll search for all the tracks I will need” | ZOOM_OUT, 3x

MAKESPACE Moves tracks aside to gain more space “Huh, where are the straight rails?” MOVE_SAME with three
TAP: The child says it searches for a specific track piece, sorts the material, or needs more space “T'll pull the rails to the side first” different tracks
Log data: Move three different tracks without connection to sort them or to make space; use zoom to get more
space
SEEKING_HELP Seeking for help “I do not know what to do, T'll check help HELP_OPEN
TAP: The child says it will open the help video again; asks adults (parents or interviewer) for help. again”
Log data: Click on the help button “T'll ask my mom for help”
CORRECT_MISTAKE Trying to correct a mistake “This one might fit” MOVE_PLUS;

TAP: The child says that it will try another track or find the right track
Log data: The child connects a track to another after detecting a mistake (after state MONITORING_
UNDERSTANDING_MISTAKE)

“Okay, now I have the right one.”

ROTATE_PLUS

CHANGE_STRATEGY

Starts all over again; uses several different track pieces; change of track types
TAP: The child says that it will need other track types or need to start all over
Log data: The child takes at least two pieces apart again.

“No, I have to take the bigger curves”

“I think I need to do that all over again”

2x MOVE_MINUS

‘|e 19 ylag uea
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TABLE 5 Descriptive statistics of the frequencies of metacognitive state entries extracted from the log data.

Frequency
Simple TTT Complex TTT
SD  Mdn il SO  Mdn Q1
(%)
TECHNICAL_ 49(582) = 06 0.49 1 0 5(0.1) 0.06 0.24 0 0 0 a7 425
ORIENTATION v7.49% 55
CHECKING_PLAN 47(5.58) | 057 | 092 0 0 665 7.82 6.36 7 3 10 18,99
(13.93) b_5 94k
MONITORING _ 161 196 | 279 1 0 275 1,124 1322 | 1538 8 3 17 27,79k
UNDERSTANDING _ (19.12) (23.55) b_3 88
MISTAKE

CHECK_ 3(036) | 0.04 | 0.9 0 0 54(1.13) | 0.64 1.29 0 0 1 g 78k
CONSTRUCTION by 5
SEARCH_SORT_ 101(12) 123 1.66 1 1 374(7.84) 44 4.56 3 1 7 6,195
MAKESPACE 0341 5
SEEKING_HELP 38(451) | 046 | 055 0 0 5(0.1) 0.06 0.24 0 0 0 a5, 7k
CORRECT_MISTAKE 137 167 | 223 1 0 902 (18.9) = 10.61 11.74 8 3 14 97,98
(16.27) b3 4
CHANGE_STRATEGY = 10(1.19) = 0.12 046 0 0 171(3.58) = 2.01 3.84 1 0 2 6574k
P61k
CONSTRUCTION 296 3.61 2.63 3 2 1,473 1733 | 1478 13 8 23 846+

(35.15) (30.86) 52,884

Statistical comparison was done with the use of the Wilcoxon signed-rank tests for pairwise comparison (use Bonferroni correction).

“Differences between total frequencies.
"Differences between relative frequencies (%).
#p <0.05; *#p <0.01; *#¥p <0.001.

task; only 7% did so directly after starting, and merely 8% of the
transition from CONSTRUCTION led to CHECKING_
PLAN. Moreover, the transition graph shows that, in most cases,
CORRECT_MISTAKE directly followed the MONITORING_
UNDERSTANDING_MISTAKE state (83%). Interestingly, a third of
the transitions from CHECK_CONSTRUCTION led to the end state.
This could be an indicator for evaluating the own task performance,
by, for example, comparing the own construction to the shape plan
before finishing the task.

Compared to the simple TTT, most children directly transferred
to the CONSTRUCTION state after the start of the complex TTTs (see
Figure 4). However, 40% of all transitions from the start state in the
complex TTTs lead to CHECKING_PLAN, which suggests that the
given shape was indeed more difficult in this task (see Figure 4).
Compared to the simple task (42%), participating children changed
more often from CONSTRUCTION state to MONITORING
UNDERSTANDING_MISTAKE in the complex tasks (50%). This also
applies to the transition from CHECKING_PLAN to MONITORING_
UNDERSTANDING_MISTAKE. While in the simple task, only 9%
of the transition from the CHECKING_PLAN state leads to the
MONITORING_UNDERSTANDING_MISTAKE state, this appears
in 19% of the cases in the complex tasks. The transition graph of the
complex TTTs visualizes the higher proportion of monitoring and
control loops in these complex tasks compared to the simple
digitized TTT.

Frontiers in Education

4.3 Relations log data and think-aloud data

To evaluate the potential of the digital TTT to assess metacognitive
behavior, relations between the monitoring and control behavior
extracted from the log data and the think-aloud data were investigated.
To that end, frequency scores of the different extracted metacognitive
states coded in the log data and the think-aloud data were compared,
and correlation analyses were carried out. The frequency distributions
provide a simple count-based measure of metacognitive behavior in
the two data streams. The analysis of Wilcoxon signed-rank tests and
correlative analysis of this simple metric emphasizes the practical
value while also showing their limitation.

A comparison of the average frequencies with which
metacognitive behavior is extracted from the two data streams showed
that most states of metacognitive behavior appeared more often in the
log data than in the think-aloud data (see Appendix Tables A1, A2).
Results of Wilcoxon signed-rank (see Appendix Table Al) show
significant differences in all metacognitive behaviors, in addition to
CHECK_CONSTRUCTION and SEEKING_HELP. Although some
operationalization in the log data of metacognitive behavior could
be questioned (e.g., change strategy as a more complex behavior), the
code CHECKING_PLAN, for example, shows a very specific and
clearly defined operationalization (click on the “PLAN” button).
Removing train tracks from an existing construction, as an indicator
for MONITORING_UNDERSTANDING_MISTAKE in the log data,

frontiersin.org


https://doi.org/10.3389/feduc.2024.1388202
https://www.frontiersin.org/journals/education
https://www.frontiersin.org

van Berk et al.

10.3389/feduc.2024.1388202

TABLE 6 Descriptive statistics of the durations in the metacognitive states extracted from the log data.

Duration (min)

Simple TTT Complex TTT
Total
Total (%) M SD Mdn (@K (%) M SD Mdn
(-]
TECHNICAL_ 105.93 129 12 1.79 0 429(0.45) | 0.05 0.27 0 0 0 27 64
ORIENTATION (26.75) b7,49%k%
CHECKING_PLAN 10.41 (2.63) | 0.13 | 021 0 0 126.77 1.49 1.25 131 0.65 1.98 a_g 79k
(13.18) b_7.99%k
MONITORING_ 35.01(8.84) 043 | 0.83 0.15 0 0.35 199.18 234 | 285 1.32 0.47 3.42
UNDERSTANDING_ (20.7) 27,067
MISTAKE b_g.62 %k
CHECK_ 0.56 (0.14) | 0.01 | 0.04 0 0 12.61(1.31) | 0.15 0.29 0 0 0.16 a_g 79k
CONSTRUCTION b_g 678
SEARCH_SORT_ 3569 (9.01) | 0.44 098 0.22 0.05 049 | 69.14(7.19) = 0.81 0.99 0.51 0.09 1.03 1-3.26%*
MAKESPACE °0.62
SEEKING_HELP 66.01(16.67) = 0.8 = 103 0 0 3.08(0.32) | 0.04 021 0 0 0 35,93k
b5.98***
CORRECT_MISTAKE 14.27 (3.6) | 0.17 024 0.07 0 027 | 72.67(7.55) @ 0.85 0.87 0.53 0.23 1.34 37,19k
b—6.16***
CHANGE_STRATEGY 0.57(0.14) | 0.01 = 0.03 0 0 13.88 (1.44) | 0.16 031 0.03 0 0.19 26,58k
b—6.41***
CONSTRUCTION 127.54 1.56 = 1.32 1.25 0.73 460.57 5.42 4.11 4.28 222 7.95 a7 627k
(32.21) (47.87) b_7.59 %

Statistical comparison was done with the use of the Wilcoxon signed-rank tests for pairwise comparison (use Bonferroni correction).

“Differences between total duration.
"Differences between relative durations (%).
#p<0.05; ##p<0.01; and *##p <0.001.

also provides a rather unambiguous interpretation. The differences,
therefore, suggest incomplete reports of monitoring and control in the
think aloud.

Despite differences in the frequencies, the validity of the extraction
of the states SEARCH_SORT_MAKESPACE (r=0.25, p<0.05),
CORRECT_MISTAKE (r=0.38, p<0.01), CHANGE_STRATEGY
(r=0.44, p<0.01), CHECKING_PLAN (r=0.62, p<0.01) and
MONITORING_UNDERSTANDING_MISTAKE (r=0.62, p<0.01)
in the log data is strengthened by significant correlations between the
two data streams (see Appendix Table A2). However, different findings
emerge for the three states TECHNICAL_ORIENTATION, CHECK_
CONSTRUCTION, and SEEKING_HELP. As indicators for
TECHNICAL_ORIENTATION clicks on the “help” button at the
beginning of the task (log data) and the coding of statements on task
exploration and technical exploration at the beginning of the task
(think aloud) were related. The think-aloud data showed more
statements on average, and no significant correlation was found for
TECHNICAL_ORIENTATION (r=0.07, p>0.05) between these two
assessment methods. This suggests that there might be more actions
in the log data, which indicate task orientation and which have not yet
been defined in the FSM or that it might be difficult to find indicators
for students’ task orientation based on the exclusive log data. The
non-significant correlation between CHECK_CONSTRUCTION
(r=0.18, p>0.05) extracted from the log data and the think-aloud data
highlights challenges in the operationalization of this state. Compared
to all states, CHECK_CONSTRUCTION was coded least frequently
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in the think-aloud protocols and also appeared rather rarely in the log
data. It seems possible that this state is generally more difficult to
operationalize and, therefore, does not provide a good indicator for
monitoring. SEEKING_HELP also occurred rather rarely. In this
context, the various ways of seeking help by children during think
aloud were reduced to asking adults for help or non-directed seeking
help. Nevertheless, the non-significant correlation (r=0.09, p>0.05)
is intelligible, as in the think-aloud protocols, different strategies for
seeking help are involved. Appendix Table A2 replays the mean,
standard deviation, and correlation coefficients of all states extracted
in the two data streams.

5 Discussion

The aim of this study was to introduce the digital TTT as an
innovative instrument to assess young students SRL in a
multimethod way by drawing on think-aloud and log data. So far,
only a few studies have analyzed log data from young learners on
SRL (Saint et al., 2022).

Based on the models of Winne and Hadwin (1998) and Nelson
and Narens (1994) and previous research with the original TTT and
think-aloud research (Bryce and Whitebread, 2012; Vandevelde et al.,
2015), an action and a state library were developed to extract
metacognitive behavior from the log data. Unlike earlier studies that
mainly examined cognitive strategies such as reading and note-taking
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based on log data (Malmberg et al., 2014; Munshi et al., 2018) to infer
metacognitive processes (Kinnebrew et al., 2013), our study
operationalized direct indicators of metacognitive behavior.

We found that similar metacognitive behaviors could be extracted
from the digitized TTT as in studies with the original observational
task (Bryce and Whitebread, 2012; Spektor-Levy et al., 2017; Tzohar-
Rozen et al., 2021). Based on the pure log data, several of the
monitoring behaviors also investigated in previous observation
research could be operationalized (e.g., technical orientation, checking
plan, check construction, and monitoring mistakes), whereas some
monitoring strategies (e.g., checking own, self-questioning, and
comment) (Bryce and Whitebread, 2012) were difficult to directly
extract from the log data. In addition, it was possible to operationalize
and extract some of the control behavior assessed with the initial
observational TTT (Bryce and Whitebread, 2012) for the analysis of
log data.

However, a comparison of the developed state library with
previous studies using the original TTT (Bryce and Whitebread, 2012)
and other log data studies (Bannert et al., 2014; Saint et al., 2020a)
shows that the current digital implementation of the TTT does not
allow for any direct indicators of planning, as an important SRL
strategy. Our findings, in line with previous researchers (Roll and
Winne, 2015; van Laer and Elen, 2018), underline the challenges to
operationalize and extract all aspects of the complex SRL process. The
extracted states in this study mainly belong to the orientation and
performance phase of the common SRL models. This is in line with
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previous research and reviews like Viberg et al. (2020) pointing out
that there is research from the field of learning analytics missing
related to the evaluation and reflection phase. Nevertheless, it seems
possible to extract reflective and evaluation behavior from the TTT
log data in future research, based on the states extracted in this study;
for example, by using additional FSMs or other statistical analysis
methods. All in all, the operationalized monitoring and control states
in this study show consistency with metacognitive behavior identified
in other SRL log data research across diverse digital learning
environments (Bannert et al., 2014; Du et al., 2023). Overall, log FSM
proved to be a helpful tool for defining the indicators for state
transitions and extracting the operationalized metacognitive states
from the log data.

In the comparative analysis of the extracted metacognitive states
in the simple and the complex TTT, significant differences emerged.
These differences indicate that the digitized TTT has the potential to
sensitively measure various SRL processes in young students, for
example, depending on the difficulty of the tasks. The analysis revealed
that children exhibited monitoring and control behavior, both in total
and relatively more frequently, during the complex TTT. This aligns
with previous findings regarding differences in task performance
(liskala et al., 2004) and gives new insights into intra-individual
differences in students’ strategy use investigated by other researchers
(Malmberg et al., 2014). In addition to the comparison of frequency
and duration, simple transition graphs were used to explore the
sequential occurrence of monitoring and control. Even if this is a
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FIGURE 4
Transition graph complex TTTs.

rather simple, explorative analysis of the SRL process, the comparison
of the two graphs already provides insights into the different
metacognitive processes during simple and complex tasks, suggesting
a greater relevance of monitoring and checking the plan during the
performance process of complex TTT. As already demonstrated in
other studies (Saint et al., 2020a; Siadaty et al., 2016), transition graphs
have proven to be an insightful method for comparing and identifying
differences in SRL processes.

The significant correlations between the think-aloud data and the
log data regarding a variety of operationalized metacognitive states
support the validity of the digital TTT. However, the non-significant
relation between TECHNICAL ORIENTATION, CHECK_
CONSTRUCTION, and SEEKING_HELP extracted in the log data
and the think-aloud data suggests that the operationalization of these
states does not yet align well in the different datasets. Overall, the
findings are consistent with previous studies that combined think-
aloud and log data, indicating both overlaps and potential for
complementarity (Fan et al., 2023).

5.1 Limitations and future directions

While the present study contributes valuable and innovative insights
into the assessment of SRL in young learners, it is important to
acknowledge limitations that may impact the interpretation and
generalizability of the findings. The study’s sample size was relatively
small, limiting the generalizability of the findings. Future research with
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larger samples could strengthen the comprehensive understanding of SRL
processes in young learners. Moreover, the focus of the study was on
primary school students, which may restrict the applicability of the
findings to older age groups. Investigating SRL with the log data of the
digitized TTT in a wider age range, for example, secondary school
students or preschool children could elucidate developmental trajectories
and differences in metacognitive abilities across different stages of
childhood and adolescence. The rationale for the design of the different
tasks was based on previous research using the TTT as an observation
method and the track circles already evaluated in these studies (Spektor-
Levy etal,, 2017). However, the average performance time and the average
log events of the five different tasks indicate that the digital TTT may not
have reached an adjusted level of difficulty for each age group, in particular
the 5th graders. Future research is needed to further evaluate the difficulty
levels of different digital TTT tasks and the age-appropriate assessment of
SRL with digital TTT.

Despite the advantages of a simple and replicable task, the digital TTT
may not fully capture the complexity of real-world learning situations.
Even if a meta-analysis has strengthened the non-reactivity of think aloud
(Foxetal, 2011), standardized short prompts were used, and efforts were
made to ensure the validity and reliability of the measurement of the
digitized TTT; inherent limitations, such as uncontrolled environmental
variables, may affect the accuracy of the data collected.

Future research could employ additional measures (such as eye
tracking) and evaluate the digital TTT in a more controlled surrounding
to strengthen the robustness of the findings, in particular, the
interpretation of log events into real-world metacognitive behavior. In
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addition, further research is needed to investigate the effects of the
different modes of think aloud (face-to-face vs. remote/telephone).

Furthermore, as a limitation, this study did not include an
assessment of participants’ cognitive resources, such as cognitive load,
which have been shown to be relevant in the context of SRL and
metacognition (e.g., Wang and Lajoie, 2023). In addition, participants’
spatial reasoning (e.g., Rimbatmojo et al., 2017), executive functions
(e.g., Roebers, 2017), verbal and non-verbal cognitive abilities (e.g.,
Bohlmann et al., 2015; Tzohar-Rozen et al, 2021) might impact
students’ cognitive load during the performance of the digital TTT
and also the assessed metacognitive behavior with the recorded log
data. Future studies and replications should, therefore, integrate the
assessment of these constructs to control for cognitive abilities and
provide an accurate explanation of inter- and intra-individual
differences in SRL measured with the digital TTT.

In addition, collaborating with educators and implementing the
use of digital TTT in school to assess and promote SRL could bridge
the gap between theory and practice. The analyses presented here
aimed to introduce and evaluate the task but did not take into account
the full potential of additional data streams, such as the corresponding
think-aloud data, to elucidate influences, such as beliefs or external
circumstances on the SRL approach during task processing. As argued
by several researchers, the exclusive use of online measures may
be missing possible explanatory context factors or reasons for the
observed behavior (Fryer and Dinsmore, 2020; Winne, 2010, 2020).
Given the challenge that actions recorded with log events might not
be unambiguous (Roll and Winne, 2015), the exclusive use of log data
from the digital TTT to explore its potential to measure SRL cannot
guarantee the absence of misinterpretations of log events. Even though
a comprehensive approach was used to extract the most objective
indicators of metacognitive behavior, some operationalized log events
might not represent metacognitive states in reality, or some actual
metacognitive behaviors of students were missed altogether. Further
data triangulation, with additional data streams, such as think aloud,
will offer insights into the underlying beliefs, strategies, reasons, and
external factors influencing individuals’ problem-solving approaches.
This strengthens the need for multimethod research to further explore
the influence of additional factors, which are hard to assess with log
data solely (Fryer and Dinsmore, 2020; Winne, 2020).

5.2 Implications and applications

The research using log data to assess SRL is currently experiencing
rapid development. While technology now enables easy and efficient
collection of log data, an increasing number of analytical methods are
being explored, providing exciting insights into the complex SRL
process. However, as with most SRL assessment methods, there has
been a strong focus on older students in current log data research
(Saint et al., 2022). The present study offers an innovative method for
capturing SRL using log data already created by young learners. The
application of FSMs for the extraction of SRL-related states presented
in this study is only a first, simplified approach that can be further
extended. For example, additional states can be extracted by using
further FSMs that build on each other. Future research using FSM for
SRL research could, therefore, contribute to a better representation
of the interconnected SRL processes. Additionally, by transparently
presenting the task, providing a methodological approach for simple
extraction of metacognitive states using FSM, and making the task
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available for interested researchers, we provide a replicable
assessment method.

The task has the potential to be supplemented by more complex tasks
for older students, thus capturing developments in metacognitive abilities
beyond elementary school. Refined operationalization or additional
technical features (e.g., additional buttons) can also allow an even finer-
grained analysis of SRL processes. As pointed out by a review of Viberg
et al. (2020), there is still research missing on implementing learning
analytics to support students’ SRL. The digital TTT has the potential to
advance the SRL assessment of young students and provide a digital
environment for transferable research. Future automatic real-time
evaluation of task performances could also be made useful for teachers to
identify SRL deficits. The task also offers the potential to implement direct
feedback, thus promoting children’s metacognition (e.g., reminding them
to check the plan or to review the construction again) in line with learning
analytics. Moreover, the task has the potential to be applied in various
flexible contexts, at home, at school, or in laboratory research with
additional promising measurements such as eye tracking.

The study presents an innovative task to assess SRL, particularly
metacognitive behavior, of young students with the help of log data.
The development of the digital TTT and the transparent and clear
operationalization for the corresponding log data are promising tool
for uncovering patterns of SRL in log data. It shows the transformative
potential of learning analytics in the field of SRL assessment.
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