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A B S T R A C T

Self-regulated learning (SRL) can be measured in several ways, which can be broadly classified into online and 
offline instruments. Although both online and offline measurements have advantages and disadvantages, the 
over-dependence of SRL research on offline measurements has been criticised considerably. Currently, efforts are 
being made to use multimethod SRL assessments. We examined 20 articles with 351 effect sizes that assessed SRL 
with at least two instruments on at least two SRL components. Most effect sizes were not statistically significant 
but descriptively higher than others. Combinations of two online instruments showed the highest effect size (r =
0.24). Overall correlations between instruments were highest for university students (r = 0.21). Additionally, 
results for cognition showed the highest effect size measured with behavioural traces (r = 0.28), and for 
metacognition measured with microanalysis (r = 0.35). The component of motivation was best measured using 
self-report questionnaires (r = 0.29).
Educational relevance statement: Self-regulated learning is an important predictor of academical success. It is 
therefore necessary to measure it as precise and comprehensive as possible. Knowing which instruments are best 
suited for each age group, SRL component, or reliably predict a specific achievement variable can help educators 
pick the best instrument for their needs.

1. Introduction

Self-regulated learning (SRL) is important and necessary for aca
demic success (Sitzmann & Ely, 2011) in primary (Throndsen, 2011), 
secondary (Benick et al., 2021), and tertiary (Kitsantas et al., 2008) 
education. Moreover, Wirth and Leutner (2008) call it a component of 
lifelong learning, and the European Framework of Life-long Learning 
(EU Council, 2002) states that the current society requires students to be 
able to learn in a self-regulated way during and after schooling and 
throughout their entire working life.

SRL as a construct emerged in the 1980s (Dinsmore et al., 2008), and 
with it, the need for its measurement. Early theories, which assumed SRL 
to be stable across contexts (Boekaerts & Corno, 2005), primarily 
focused on the metacognitive and cognitive components and developed 
questionnaires to measure it in as decontextualised manner as possible 
(Boekaerts & Corno, 2005; Entwistle, 1988; Flavell, 1979). However, 
current research is trying to move beyond this notion by including 
motivational components and using situation-specific assessment 
methods (Rovers et al., 2019). With self-report questionnaires becoming 

less favourable and new assessment methods emerging (Dinsmore et al., 
2008), calls for multimethod assessment have been getting louder 
(Cleary & Russo, 2023; Cleary & Zimmerman, 2004). In recent years, 
multiple researchers have attempted to answer those calls – with varying 
methods and results. Some combined quantitative and qualitative 
measures (e.g., Jansen et al., 2020; Lau, 2012), whereas others used 
combinations of different quantitative instrument types simultaneously 
(e.g., DiBenedetto & Zimmerman, 2013; Follmer & Sperling, 2019). 
Some studies focused on SRL as a whole (e.g., Dörrenbächer-Ulrich et al., 
2021), and others selected one component for analysis, such as moti
vation (Cleary & Kitsantas, 2017). The initial findings of comparing 
different instrument types indicate that there are relationships between 
the instruments as well as between the instruments and achievement (e. 
g., Dörrenbächer-Ulrich et al., 2021). However, some studies found 
those relations to be minimal or non-existent (e.g., Callan & Cleary, 
2018).

Considering the importance of multimethod research for the future 
of SRL, we wanted to examine the studies that used such an approach. 
Therefore, the aim of this study is to determine if and how different 
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instruments relate to each other, whether some combinations produce 
stronger correlations than others, and how all of them relate to 
achievement as a whole and on component level.

1.1. Definition, development, and models of SRL

SRL is defined as a “process whereby learners activate and sustain 
cognitions, affects, and behaviours that are systematically oriented to
wards the attainment of personal goals” (Zimmerman & Schunk, 2011, 
p.1). Although different conceptualisations of SRL exist, it is generally 
agreed upon to consist of three different components: cognition, meta
cognition, and motivation (Perels et al., 2020; Boekaerts, 1999). The 
cognitive component includes knowledge about learning strategies, such 
as skills needed to encode, memorise, and recall information, as well as 
the ability to use those strategies (Perels et al., 2020; Shuy, 2010). 
Metacognition is necessary for understanding and monitoring one’s 
learning process and includes planning, self-observation, reflection, and 
adaptive adjustments to one’s learning behaviour (Perels et al., 2020; 
Veenman, 2013). The motivational component includes self-efficacy 
beliefs, self-motivation and volitional control, and beneficial causal at
tributions for success and failure (Perels et al., 2020). Over the years, 
different models have been developed to describe SRL as a concept and 
explain possible SRL processes (Panadero, 2017; Tinajero et al., 2024). 
Models by Boekaerts (1999, 2006, 2007) and Zimmerman (2000) are the 
most prominent and influential in SRL research with Zimmerman being 
one of the first SRL authors (Panadero, 2017; Zimmerman, 1986). 
Zimmerman adopted a socio-cognitive perspective and described SRL as 
a cyclical process consisting of three different but dependent phases 
(forethought, performance, and self-reflection), whereas Boekaerts’ 
considered cognitive and motivational self-regulation to be the basic 
mechanisms of SRL (Panadero, 2017) and focused on distinguishing 
between the originally proposed components of cognition, metacogni
tion, and motivation (Panadero, 2017; Tinajero et al., 2024). Later, 
models also included emotional and behavioural components as part of 
SRL (see Panadero, 2017).

When SRL first became a topic of interest for researchers, they 
focused on older student populations and assumed younger children to 
be incapable of any cognitive, metacognitive, or motivational regulation 
(Hutchinson et al., 2021). Currently, there is ample evidence that at least 
rudimentary SRL competencies exist in young school-aged children and 
even preschoolers (Jacob, 2020). During the preschool period, several 
developmental steps lead to the emergence of complex learning pro
cesses such as SRL (Jacob, 2020). Studies show that preschoolers can use 
different types of learning strategies, regulate their emotions, and enact 
metacognition (Hutchinson et al., 2021). A shift from emotion-driven 
regulation to more cognitive regulation has been observed during this 
stage (Zelazo, 2015). Nevertheless, SRL in young children remains 
understudied and usually focuses on confirming the existence of 
different phases according to Zimmerman (2000) and less on differen
tiating among the possible components of SRL (e.g., Heirweg et al., 
2020). The first results suggest SRL to be only a one-dimensional 
structure in preschool children (Dörr & Perels, 2018) with multiple 
components; therefore, a multi-dimensional structure is first developed 
in primary-school age (Benick et al., 2018). By contrast, in older pop
ulations, such as high-school or university students, the existence of the 
three components has been studied and confirmed extensively and is the 
basis for several assessment methods (Dörrenbächer-Ulrich et al., 2024).

1.2. Assessment of SRL

Various instruments (see Table 1) have been developed to assess SRL 
as comprehensively as possible. Typically, they are categorised into two 
categories: those that consider SRL trait-like and measure it as learning 
behaviour on a more global level (aptitude or offline measures) and those 
that consider SRL to be a state and therefore assess it in a situation- 
specific manner (event or online measures; Winne, 2010; Wirth & 

Leutner, 2008). Past research considered SRL to be a stable individual 
characteristic, resulting in the dominant usage of trait-like measure
ments, such as questionnaires (Boekaerts & Corno, 2005; Endedijk et al., 
2016). This reliance on offline measures has recently been challenged by 
scholars, leading to the development of more contextualised online 
measures that aim to measure SRL in real time (Boekaerts & Corno, 
2005; Endedijk et al., 2016).

Nevertheless, offline measures remain one of the most regularly used 
measurement types in SRL research although recently, their frequent 
usage has been criticised considerably (Dinsmore et al., 2008; Endedijk 
et al., 2016). They are generally considered to be poor indicators of 
students’ actual SRL usage, and the focal point of criticism is that it 
remains unclear which point of reference students use to draw in
ferences (Dinsmore et al., 2008; Perry & Winne, 2006; Pintrich, 2004; 
van Hout-Wolters, 2000). Furthermore, there is concern about whether 
students interpret questionnaires as intended by the researcher or 
whether the surveys may induce responses that students would other
wise not report (Anthony et al., 2013; Brophy, 2005; Karabenick et al., 
2007). Nevertheless, they work well for understanding students’ general 
preferences regarding SRL and strategy usage (Endedijk et al., 2016). 
The most commonly used offline measures include self-report ques
tionnaires (Roth et al., 2016; Schunk & Greene, 2018). In them, learners 
are presented with a variety of statements concerning aspects such as 
their general abilities, preferences, and behaviours and are asked to rate 
them on a Likert-type scale depending on how well the statements 
correspond to their experiences (Wolters & Won, 2018). Self-report 
questionnaires are very economical and can be easily administered to 
large groups of people (Rovers et al., 2019). Additionally, self-report 
questionnaires are standardised in implementation and interpretation, 
allowing for an objective assessment of SRL (Dörrenbächer-Ulrich et al., 
2021). Their primary disadvantage is that they assess SRL retrospec
tively and in an aggregated manner over time, which can lead to both 
retention and generalisation problems (Rovers et al., 2019). 

Table 1 
Overview of different types of SRL instruments.

Instrument type Name Description

Offline/ 
aptitude 
measure

Self-report 
questionnaires

Learners rate statements about their 
abilities, behaviours, skills, etc.; 
retrospective and generalised

Strategy knowledge 
tests

Learners rate the perceived usefulness of 
strategies in a previously presented 
situation independent of whether they 
would use the strategies themselves; the 
assumption that knowledge about 
strategies is a prerequisite for their 
usage

Interviews Similar to self-report questionnaires but 
with open-ended assessment instead of 
Likert-type rating

Online/event 
measure

Think-aloud 
protocol

Learners are asked to verbalise every 
thought while working on a task: no 
division into different phases of SRL

Microanalysis Learners work on a task divided into 
forethought, performance, and self- 
reflection; they are asked about their 
plans, behaviours, evaluations, etc. 
throughout the task

Learning diaries Learners are asked questions about their 
task-specific learning behaviour over a 
longer period of time

E-portfolios Similar to learning diaries but 
additional documentation such as 
assignments, self-reflections, etc. are 
collected

Data traces, log files, 
eye tracking

Learners work on learning tasks while 
different types of information are 
collected, such as highlighting words, 
clicking on hyperlinks, or eye 
movements
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Furthermore, they are not very sensitive to changes in SRL behaviour 
and assess SRL as a trait-like characteristic, inadvertently assuming that 
it remains stable over time (Rovers et al., 2019). As mentioned previ
ously, it remains unclear what type of situations students have in mind 
when responding to self-report questionnaires and whether they have 
any personal experiences in mind at all. Some authors suspect validity 
problems of self-report questionnaires as they combine the assessment of 
strategy knowledge and usage and may not reflect actual behaviour 
(Artelt, 2000; Dörrenbächer-Ulrich et al., 2021). Nevertheless, self- 
report questionnaires provide valuable information about learners’ 
SRL, even if the results may not be completely accurate or correspond to 
behaviour (McCardle & Hadwin, 2015). Similar arguments can be 
applied to interviews, which are comparable to self-report question
naires but typically consist of open-ended questions (Perels et al., 2020). 
A specific type of offline measure is the strategy knowledge test. Here, 
learners are presented with different possible SRL strategies for a spe
cific type of situation and asked to rate the perceived usefulness of each 
strategy – independently of whether they themselves would use it 
(Perels et al., 2020). Test takers’ consensus with expert ratings is eval
uated as high strategy knowledge. This assessment type is deemed valid 
based on the assumption that knowledge about helpful SRL strategies is 
a prerequisite for their application (Dörrenbächer-Ulrich et al., 2024; 
Grassinger, 2011; Wolters, 2003). Similarly, to self-report question
naires, strategy knowledge tests are economical and objective 
(Dörrenbächer-Ulrich et al., 2021). Thus far, they have been primarily 
used in and validated for German-speaking countries (Dörrenbächer- 
Ulrich et al., 2021).

Online measures are used less frequently in research (Dinsmore et al., 
2008). Their primary and obvious advantage is their context-specificity 
and fine-grained measurement of SRL in real time (Endedijk et al., 
2016). Their main disadvantage compared with offline measures is that 
they are unable to assess a learner’s general SRL usage but can only 
consider behaviours shown in very specific types of situations; more
over, claims cannot be made about any other type of SRL strategy that a 
person may know or use (Endedijk et al., 2016). One task-specific way of 
assessing SRL is microanalytic assessment. Microanalysis is fine-grained 
and context-specific and measures SRL in real time during a specific task 
(Cleary, 2011). Microanalysis is a special form of think-aloud protocol 
(Perels et al., 2020), which asks a learner to verbalise every thought they 
have while working on a specific task. This allows for insight into the 
learner’s spontaneous and specific strategy usage (Winne & Perry, 
2000). Think-aloud protocols assess learning strategies during one 
continuous task and do not differentiate between different learning 
phases (Zimmerman, 2000). However, during microanalysis, learners 
work on a task that can be divided into the three phases postulated by 
Zimmerman (2000): forethought, performance, and self-reflection. 
Then, students are asked questions about planning before starting the 
task, questions on their current performance during the task, and to self- 
reflect after the task (Cleary & Callan, 2018). Microanalytic questions 
can be open- or close-ended. Their advantage over questionnaires is the 
task-specificity and, therefore, the lack of retrospective or prospective 
bias (Cleary et al., 2012). Research shows that microanalysis has good 
reliability and validity (Cleary et al., 2012) but low or no correlation 
with SRL questionnaires (Cleary et al., 2015; DiBenedetto & Zimmer
man, 2013). This may be due to their differences in generalisation and 
specificity (Dörrenbächer-Ulrich et al., 2021). However, microanalysis 
shows associations with performance and achievement (Cleary et al., 
2015; Lau et al., 2015). Another possible measure are learning diaries or 
e-portfolios (Perels et al., 2020; Dignath et al., 2023). Learning diaries 
ask the learner questions about a task-specific learning behaviour but 
over a longer period of time (e.g., daily over multiple weeks; Perels et al., 
2020). E-portfolios additionally systematically collect students’ work 
such as assignments, self-reflections, or other documents that contain 
information about the student’s learning and progress (Chang et al., 
2013). This allows to monitor if and when changes in learning behaviour 
occurred. Learning diaries/e-portfolios also foster learners’ self- 

monitoring which is important for SRL (Dignath et al., 2023). A meta- 
analysis by Dignath et al. (2023) finds positive effects of these moni
toring tools on SRL and academic achievement. The previously 
described online measures can be considered quite obtrusive to a per
son’s learning as they require the learner’s conscious attention (Siadaty 
et al., 2016). They demand the learner to stop what they are doing to 
answer questions about their learning process, which can disrupt a po
tential flow state of learning (Siadaty et al., 2016). As an alternative, 
more unobtrusive forms of online measures can be used that collect data 
in the background. Data traces, log files, or eye tracking are options for 
such measurements within online learning environments (Fan et al., 
2022; Siadaty et al., 2016). All are based on the idea that two main types 
of temporal features are considered in learning analytics: how much 
time a person spends on a task, and in what order a person approaches 
different learning events (Fan et al., 2021). Trace data or log files can 
measure how much time a learner spends on a task, whether they 
highlight passages while reading, or how many provided hyperlinks they 
click on (Fan et al., 2021). All those actions provide information about a 
learner’s cognitive and metacognitive activities during the learning task 
(Winne, 2011). Moreover, eye tracking can detect a learner’s underlying 
cognitive and metacognitive monitoring during multimedia learning 
(Mayer, 2010; Mudrick et al., 2019; van Gog & Jarodzka, 2013). Eye 
movement can provide information about attentional processes and 
indicate meta-comprehension in case of discrepancies in a learning text 
(Jamet, 2014; Mudrick et al., 2019). Trace data especially has seen an 
emergence in popularity (Fan et al., 2022) as it promises a more 
authentic portrayal of a learner’s SRL. This particular branch of SRL 
research sees its main challenge in the interpretation of the trace data as 
it is quite unclear how exactly a specific trace relates to a distinct SRL 
process (Du et al., 2023). Current guidelines suggest the interpretation 
of frequencies, transitions, and sequences, or combining trace date with 
other sources such as self-reports, think-aloud-data, or learning out
comes (Du et al., 2023; Fan et al., 2022; Siadaty et al., 2016).

Most instruments for measuring SRL require some degree of reading 
or verbalisation ability on the learner’s part, making them suitable for 
learners starting in (the late stages of) primary school (Perels et al., 
2020). This may be a reason many multimethod SRL studies focus on 
university students (e.g., Dörrenbächer-Ulrich et al., 2021), as with 
them, the options for SRL assessment are broader, and self-report 
questionnaires can be combined with more complex measures, such as 
traces (e.g., Hadwin et al., 2007; Zhou & Winne, 2012). Meanwhile, 
school-aged children are often evaluated using different types of (self- 
report) questionnaires (e.g., Benick et al., 2021; Chen et al., 2015; Cleary 
& Callan, 2013). Finally, observations can be used as an alternative 
assessment of preschool-aged children (Dörr & Perels, 2018; Perels 
et al., 2020). During observations, a trained observer rates the child’s 
behaviours by answering a set of prepared questions (e.g., CHILD- 
Checklist; Anderson et al., 2003) with the option of taking additional 
notes. Observations are typically combined with video recordings so 
that multiple independent raters can score behaviours to increase the 
reliability of the instrument. As is typically the case with instruments 
that rely on third parties, the objectivity of observations is much lower 
than the objectivity of, for example, questionnaires (Perels et al., 2020). 
Newer methods of preschool SRL measurement are being developed, 
such as the dynamic assessment of self-regulated learning in preschool 
method (Moreira et al., 2022). The dynamic assessment of self-regulated 
learning in preschool considers all phases postulated by Zimmerman 
(2000) and combines interviews (during forethought and reflection) 
with observations of performance during a preschool-appropriate task 
(Zimmerman, 2000). So far, no research on the effect of age on the 
relationship between different instrument types exists. Taking the 
factorial differences in the structure of SRL (Dörrenbächer-Ulrich et al., 
2024; Benick et al., 2018; Dörr & Perels, 2018) and differences in verbal 
abilities (and therefore the need for self-report alternatives; e.g., Perels 
et al., 2020; Benick et al., 2021; Chen et al., 2015; Cleary & Callan, 
2013) into account, a moderating influence of age may be assumed 
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which could potentially manifest as higher correlations between in
struments for older populations.

In general, neither type of instrument is superior to the other, with 
both offline and online measures showing clear advantages and disad
vantages (Endedijk et al., 2016). The choice of measurement type de
pends on the context and nature of the research question, and all 
instruments can contribute to a better understanding of a person’s SRL 
usage (Winne & Perry, 2000). However, efforts are being made to use a 
multimethod approach for SRL assessment, combining multiple online 
or offline measures or different types (e.g., Dörrenbächer-Ulrich et al., 
2021; Callan & Cleary, 2018). Combining multiple instruments should 
increase the reliability of the assessment (Perry & Rahim, 2011; Veen
man, 2011) and balance out the advantages and disadvantages of each 
assessment method.

1.3. Multimethod assessment: relationships between different instrument 
types and relations to achievement

Although the theoretical arguments for multimethod assessment 
seem sound, the empirical results are not as straightforward. Various 
studies have examined multimethod SRL assessment from different 
perspectives (i.e., by using different combinations), and the results vary 
(e.g., Callan & Cleary, 2018; Chen et al., 2015; Cleary et al., 2015). 
Combinations of the same measurement categories (online/online, off
line/offline) tend to produce statistically significant correlations, 
whereas combinations of different categories (online/offline) tend to 
perform poorly (Callan & Cleary, 2018). Self-report questionnaires and 
teacher/parent ratings have strong relationships with each other, as do 
two event measures, such as microanalysis and behavioural traces 
(Callan & Cleary, 2018; Chen et al., 2015). Similar has been found for 
questionnaires and interviews (Anthony et al., 2013). However, many 
studies don’t find correlations between questionnaires and any event 
measures (Cleary et al., 2012, 2015; Veenman et al., 2003; Winne & 
Jamieson-Noel, 2002), or between teacher ratings and event measures 
(DiBenedetto & Zimmerman, 2013). Nevertheless, some exceptions have 
been noted. Callan and Cleary (2018) found correlations between 
teacher ratings and microanalytic measures of metacognitive moni
toring, and Dörrenbächer-Ulrich et al. (2021) found correlations be
tween questionnaires and microanalysis for the motivational 
component. Regarding trace data, van Halem et al. (2020) found that 
strategy use scales of the MSLQ significantly predict study behaviour 
(measured with behavioural traces). Additionally, specific and global 
measures of strategy use do not correspond to each other (Callan & 
Cleary, 2018). This may be because different contexts require different 
strategies, and therefore, strategy use tends to vary across different 
circumstances (Lodewyk et al., 2009). Overall, the poor correlative re
sults between instrument types may be because different SRL measures 
target different SRL aspects (Callan & Cleary, 2018). Given that some 
studies only found correlative results for some components (e.g., An
thony et al., 2013; Dörrenbächer-Ulrich et al., 2021; Callan & Cleary, 
2018), it can be hypothesised that different components of SRL are 
influenced by different characteristics, which, in turn, are best measured 
using different instruments (Dörrenbächer-Ulrich et al., 2021). Cogni
tion is highly influenced by the learner’s knowledge of learning strate
gies (Boekaerts, 1999) and may, therefore, be best measured using 
strategy knowledge tests (e.g., Dörrenbächer-Ulrich et al., 2021). Like
wise, the application of those learning strategies is equally important 
(Zimmerman, 2008) and may in turn be best measured using trace or 
think-aloud data (e.g., Azevedo et al., 2010). Motivation consists of 
different beliefs (Pintrich, 2004), and beliefs are generally best assessed 
using questionnaires (Pintrich et al., 1993). Further, long-term motiva
tion is considered to be most beneficial for SRL (Zimmerman, 2000) 
which may also speak in favour for an assessment using questionnaires 
or instruments like learning diaries (e.g., Zimmerman, 2008) which can 
take multiple learning situations over a longer period of time into ac
count. Motivation could also be very well observed. Observational 

measures, such as the CHILD-checklist (Anderson et al., 2003) take 
different forms of observable behaviour into account which might speak 
for high levels of motivation, such as initiating activities or enjoying 
problem solving (Anderson et al., 2003; Perels et al., 2020). Finally, 
metacognition is the most situation-specific of all components and, 
therefore, may be best assessed using event measures, such as micro
analytic assessment (e.g., Dörrenbächer-Ulrich et al., 2021; Callan & 
Cleary, 2018, DiBenedetto & Zimmerman, 2013). It can also be assessed, 
and is frequently being assessed, using self-report questionnaires such as 
the MSLQ (e.g., Gandomkar et al., 2020; Pintrich et al., 1993; Sperling 
et al., 2004).

Moreover, relations to or predictions of achievement vary depending 
on the SRL instrument used. Although both online and offline measures 
have been shown to predict achievement, the findings are mixed (Callan 
& Cleary, 2018). Some studies found event measures to be better pre
dictors of achievement variables such as grades (Cleary et al., 2015; 
DiBenedetto & Zimmerman, 2013), whereas others show aptitude 
measures to be more robust (Cleary & Chen, 2009; Jamieson-Noel & 
Winne, 2003). Other studies found both assessment types to relate to 
achievement with no clear indication of one being superior 
(Dörrenbächer-Ulrich et al., 2021; Gandomkar et al., 2020). Further
more, the predictive validity of the instruments may depend on the type 
of achievement variable measured. Callan and Cleary (2018) assumed 
event measures to be better predictors for more contextualised outcomes 
and aptitude for more general ones, meaning that event or online 
measures correlate higher with performance measured during a study (e. 
g., a multiple-choice test that was developed to be used during micro
analysis) while aptitude or offline measures correlate higher with per
formance shown outside the context of a study (e.g., school grades). 
Their data support this theory: microanalysis metacognitive monitoring 
was the strongest predictor of the performance in practice session math 
problems, whereas teacher ratings best predicted the more global 
standardised math test achievement measure (Callan & Cleary, 2018). 
Other studies support those findings (Callan & Cleary, 2019; Veenman & 
Van Cleef, 2019). However, some exceptions have been found using 
microanalytic metacognitive monitoring (Callan & Cleary, 2018) as well 
as observational and think-aloud data (Veenman & Van Cleef, 2019), 
relating to both specific and global outcomes (Gandomkar et al., 2020).

1.4. Aim of the present study

To summarise, there is a call (e.g., Dörrenbächer-Ulrich et al., 2021; 
Callan & Cleary, 2018) for multimethod assessment in the current SRL 
research. Initial research has shown poor correlative results between 
some SRL instruments, with few exceptions at the level of different SRL 
components (Dörrenbächer-Ulrich et al., 2021; Callan & Cleary, 2018). 
Therefore, it is theorised that some measures may target certain SRL 
components better than others (Dörrenbächer-Ulrich et al., 2021). For 
example, metacognition may be best assessed using microanalysis, as it 
is the most situation-specific component among the three; motivation by 
using self-report questionnaires, as they can consider multiple situa
tions; and cognition with strategy knowledge tests, as cognition pri
marily benefits from knowing different learning strategies 
(Dörrenbächer-Ulrich et al., 2021). Additionally, differences between 
SRL instruments regarding their relations to achievement have been 
observed, with the most notable theory suggesting that event measures 
are better predictors for more contextualised outcomes and aptitude for 
more general ones (Callan & Cleary, 2018). Furthermore, although the 
developmental characteristics of SRL and the usage of different in
struments in different age groups suggest an influence of age on in
struments, no research thus far has focused on a potential moderating 
effect of age on the correlation between SRL instruments.

Therefore, the current meta-analysis has the following goals. First, 
we examine studies that have used a multimethod approach to assess 
SRL and analyse how the different instruments relate to each other and 
achievement. Then, while considering achievement variables, we 
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analyse whether certain instruments are better suited to assess a specific 
SRL component. For this, we explore correlations between instrument 
types and achievement for each component individually. Finally, we test 
whether age influences the correlation between instruments. This leads 
to the following research questions and hypotheses: 

1. How do different types of SRL instruments/measurements relate to 
each other? 
→ H1: The correlations of the same types of instruments (online/ 

online or offline/offline) are higher than those of combinations of 
different types of instruments.

2. Do some instruments correlate higher with achievement? 
→ H2: Online instruments correlate higher with study-specific 

achievement (e.g., task performance), and offline measures 
correlate higher with general academic achievement (e.g., 
grades).

3. Are certain instruments better suited to assess a specific SRL 
component (cognition, metacognition, motivation) in terms of their 
correlation to achievement measures as a validity criterion? 
→ H3: Cognition is more validly assessed using strategy knowledge 

tests, metacognition using microanalysis, and motivation using 
self-report questionnaires.

4. Is age a moderator of the correlation between different SRL in
struments? (exploratory)

2. Method

2.1. Search strategy

All databases available on EBSCOhost were searched in spring 2024. 
Eleven separate searches had to be performed due to the complexity and 
number of search terms. The following search terms were always 
included: “self-regulated learning” OR SRL AND achievement OR perfor
mance OR success AND assessment OR measur* NOT preschool. We 
decided to exclude papers on preschools from our analyses as they 
usually require very different assessment types than other populations 
(Perels et al., 2020); more importantly, research thus far suggests that 
the SRL of preschoolers is unidimensional and not divisible into the 
three components (Dörr & Perels, 2018). Individual search terms for 
searches n1 to n11 can be seen in Table 2. The search was limited to 
include articles published between 2003 and 2024. The goal was to 
cover the past 20 years of research. SRL models by Boekaerts and Zim
merman were introduced in 1999 and 2000, respectively. As they form 
the basis of our SRL definition, we wanted to include all possible articles 
from after the models’ introduction. We assumed a short gap between 
the introduction of the models and actual research being published that 
focuses on them. Early studies on SRL also mostly used self-report 
questionnaires with variance in measurements only getting introduced 
later on (Dinsmore et al., 2008). We therefore chose 2003 as a starting 
point. The literature search was conducted in 2023 and repeated in 
2024.

Overall, 7228 articles were found. One hundred and twenty-eight 
articles were removed because they were written in a language other 
than English or German. The remaining articles were equally divided 
between two researchers and screened on the title and abstract level. 
During this step, we discarded everything that was evidently irrelevant 
to our research questions, such as papers from unrelated non- 
pedagogical/non-psychological fields. This led to another 7003 arti
cles being removed, mostly due to being from unrelated fields, such as 
chemistry and physics, and being irrelevant to SRL. Finally, 97 articles 
remained and were sought for retrieval. This revealed 32 duplicates, 
which were removed. The remaining articles were screened on a full-text 
level by two trained researchers. Interrater reliability was κ = 0.83. In 
case of discrepancies, the decision for inclusion or exclusion lay with the 
first author. Ultimately, the following inclusion criteria had to be met for 
articles to be included in the analysis: First, they had to be empirical 

studies that measured SRL as a whole on at least two components 
(cognition, metacognition, motivation). We decided to focus on these 
three components, as they are most frequently included in definitions of 
SRL and were also postulated by Boekaerts (1999) in her model. Some 
more recent reviews suggest that SRL additionally also consists of 
emotional and behavioural components (Panadero, 2017; Zeidner & 
Stoeger, 2019). As those are not part of the original three and get 
mentioned first in later articles, we decided to not specifically make 
them part of our inclusion criteria. Furthermore, they had to focus on 
student samples from primary, secondary, or tertiary education while 

Table 2 
Search terms for searches n1–n11.

Topic (number of 
results)

Label Search term

(“self-regulated learning” OR SRL) AND 
(achievement OR performance OR success) AND 
(assessment OR measur*) NOT (preschool)

Questionnaire 
(n = 4147)

n1 ((questionnaire AND interview) OR (questionnaire 
AND “strategy knowledge test”) OR (questionnaire 
AND “teacher ratings”) OR (questionnaire AND 
“trace data”) OR (questionnaire AND microanalysis) 
OR (questionnaire AND “log files”) OR 
(questionnaire AND observation) OR (questionnaire 
AND “eye tracking”) OR (questionnaire AND 
“thinking aloud”) OR (questionnaire AND “learning 
diary”) OR (questionnaire AND eportfolio))

Interview 
(n = 2319)

n2 ((interview AND “strategy knowledge test”) OR 
(interview AND “teacher ratings”) OR (interview 
AND “trace data”) OR (interview AND 
microanalysis) OR (interview AND “log files”) OR 
(interview AND observation) OR (interview AND 
“eye tracking”) OR (interview AND “thinking 
aloud”) OR (interview AND “learning diary”) OR 
(interview AND eportfolio))

Strategy knowledge 
test 
(n = 9)

n3 ((“strategy knowledge test” AND “teacher ratings”) 
OR (“strategy knowledge test” AND “trace data”) OR 
(“strategy knowledge test” AND microanalysis) OR 
(“strategy knowledge test” AND “log files”) OR 
(“strategy knowledge test” AND observation) OR 
(“strategy knowledge test” AND “eye tracking”) OR 
(“strategy knowledge test” AND “thinking aloud”) 
OR (“strategy knowledge test” AND “learning 
diary”) OR (“strategy knowledge test” AND 
eportfolio))

Teacher ratings 
(n = 98)

n4 ((“teacher ratings” AND “trace data”) OR (“teacher 
ratings” AND microanalysis) OR (“teacher ratings” 
AND “log files”) OR (“teacher ratings” AND 
observation) OR (“teacher ratings” AND “eye 
tracking”) OR (“teacher ratings” AND “thinking 
aloud”) OR (“teacher ratings” AND “learning diary”) 
OR (“teacher ratings” AND eportfolio))

Trace data 
(n = 94)

n5 ((“trace data” AND microanalysis) OR (“trace data” 
AND “log files”) OR (“trace data” AND observation) 
OR (“trace data” AND “eye tracking”) OR (“trace 
data” AND “thinking aloud”) OR (“trace data” AND 
“learning diary”) OR (“trace data” AND eportfolio))

Microanalysis 
(n = 104)

n6 ((microanalysis AND “log files”) OR (microanalysis 
AND observation) OR (microanalysis AND “eye 
tracking”) OR (microanalysis AND “thinking aloud”) 
OR (microanalysis AND “learning diary”) OR 
(microanalysis AND eportfolio))

Log files 
(n = 77)

n7 ((“log files” AND observation) OR (“log files” AND 
“eye tracking”) OR (“log files” AND “thinking 
aloud”) OR (“log files” AND “learning diary”) OR 
(“log files” AND eportfolio))

Observation 
(n = 336)

n8 ((observation AND “eye tracking”) OR (observation 
AND “thinking aloud”) OR (observation AND 
“learning diary”) OR (observation AND eportfolio))

Eye tracking 
(n = 40)

n9 ((“eye tracking” AND “thinking aloud”) OR (“eye 
tracking” AND “learning diary”) OR (“eye tracking” 
AND eportfolio))

Thinking aloud 
(n = 2)

n10 ((“thinking aloud” AND “learning diary”) OR 
(“thinking aloud” AND eportfolio))

Learning diary 
(n = 2)

n11 ((“learning diary” AND eportfolio))
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not centring gifted students or students with special needs. SRL had to be 
measured using at least two different instruments, and some type of 
achievement/performance variable, such as grades, had to be included. 
This led to 22 eligible articles. Another nine eligible articles were found 
by looking through works from known SRL researchers and by reading 
through two other meta-analyses on the topic of SRL interventions 
(Theobald, 2021; Theobald et al., 2023). Finally, only 201 articles (18 
from the original search and two from the additional search) could be 
included in the analysis as the other articles didn’t report the necessary 
statistics and messaging the authors didn’t yield any results. An over
view of the articles can be found in Table 3. The number of articles 
included and excluded from every search category in every step of the 
process can be seen in Fig. 1.

2.2. Data extraction and preparation

A coding sheet was developed containing the following information: 
study ID, publication year, country, sample size, number of female 
participants, current level of education, mean age and standard devia
tion age. Moreover, we included type of SRL instruments used in the 
study and their reliability, mean, and standard deviation; SRL values for 
each component; type of achievement/performance measure(s) and 
their mean and standard deviation; correlations between SRL in
struments as well as correlations between SRL and performance. The 
development of the coding sheet was discussed with the second author. 
Data extraction was performed by the first author. First, all basic in
formation, such as publication year, country, sample size, and the par
ticipants’ mean age, was extracted. Furthermore, all instruments used to 
assess SRL and ways to assess achievement/performance used in the 
studies were extracted. Finally, relevant correlation and regression co
efficients (such as correlations between the SRL instruments or between 
SRL and achievement) as well as effect sizes (e.g., Cohen’s d or similar) 
were extracted. Problems and uncertainties during data extraction were 
discussed with the second author.

All effect sizes were converted into Pearson’s r, as this was the most 
commonly used effect size across studies. Two studies reported Kappa 
(κ) and η2, respectively. According to literature, κ equals Pearson’s r 
(Rettew et al., 2009) and η2 equals r2 (Lakens, 2013). Further, all SRL 
instruments were categorised as either online or offline instruments. The 
instruments assessing achievement were categorised as either general 
academic (e.g., grades) or study-specific (e.g., study performance) 
assessment methods. Relevant analyses are reported separately for each 
research question.

2.3. Analyses

Data analysis was performed using the open-source software R with 
the package robumeta (Fisher & Tipton, 2015) which is a package for 
conducting robust variance estimations (RVE) in small and large sam
ples. Data was analysed using RVE due to dependency in the data caused 
by multiple effect sizes being included from most studies (Fisher & 
Tipton, 2015; Hedges et al., 2010). RVE are a way to adjust for het
erogeneity and issues in the estimation of standard errors when the 
assumption of independent observations is violated. We assumed a 
correlated effects model, to account for within-study correlations, and 
used small sample adjustments (Tipton, 2015). Generally, RVE are 
designed to be used in meta-analyses with large samples and are able 
provide an unbiased estimator of the true sampling variance (Tipton & 
Pustejovsky, 2015). In smaller samples, the Type I error rate of hy
pothesis tests based on uncorrected RVE tends to be too liberal (Hedges 

et al., 2010; Tipton & Pustejovsky, 2015). To counteract, Tipton (2015)
proposes small sample corrections which can be implemented in meta- 
analyses with as few as five studies and is recommended for meta- 
analyses containing fewer than 50 studies (Tipton, 2015; Tipton & 
Pustejovsky, 2015). Additionally, moderator analyses were calculated 
using the same package. All effect sizes r were converted into Fisher’s Z 
(Borenstein et al., 2009), and variances were calculated based on the 
standardised values as well. For the presentation of the results, all values 
were converted back into r. Forest plots were made using the function 
forest.robu (Fisher & Tipton, 2015) and generated based on the original 
correlational coefficients. For the examination of study influence, small 
study bias, and publication bias we used the metafor package 
(Viechtbauer, 2021). Analyses will be described in more detail for each 
research question.

3. Results

3.1. Publication bias, small study bias, study influence and power- 
analysis

Publication bias was assessed using the metafor package 
(Viechtbauer, 2021). A multilevel Egger-like regression test was con
ducted to examine potential publication bias, accounting for the hier
archical structure of the data (i.e., multiple outcomes nested within 
studies). The model included the standard error as a moderator and 
random effects at the study level and the nested outcome level. The 
results revealed a significant negative association between effect size 
and its standard error, β = − 5.78, SE = 0.35, z = − 16.64, p < .001, 95 % 
CI [− 6.46, − 5.10], indicating evidence of small-study effects. The test of 
moderators was significant, Q(1) = 277.05, p < .001. Residual hetero
geneity was substantial, Q(349) = 2407.49, p < .001. These findings 
suggest the presence of small-study effects, which may indicate publi
cation bias or other related biases. However, it has been suggested that 
the Egger’s test does not provide valid results in the case of dependent 
effect sizes (Park et al., 2025). Furthermore, in the case of dependent 
effect sizes, publication bias cannot be handled using trim-and-fill pro
cedures as this method does not produce reliable results (Peters et al., 
2007; Terrin et al., 2003). We, therefore, re-ran analyses using PET 
regression with RVE. The PET-PEESE method (Stanley & Doucouliagos, 
2014) did not find evidence of small study bias (p = .540). The difference 
in results might be because of the violation of independent effect sizes 
when using the Egger’s test (Park et al., 2025), but it might also be that 
the PET-PEESE performed badly due to the small sample size (20 studies 
is defined as the cut-off; Stanley, 2017). Ultimately, due to both the 
presence of dependent effect sizes and the fact that the sample size is 
very small, there is no way to test and correct for publication bias that 
will produce fully valid results (Harrer et al., 2021). Therefore, the 
following results have to be interpreted with the knowledge of a possible 
small study bias.

Using the results of the Egger’s test we also tested our data for out
liers for each research question separately. There were no outliers 
(defined as data twice larger than the mean effect size) in our data.

A post-hoc power-analysis conducted with the metapower package 
revealed, that assuming an effect size of r = 0.3 with a heterogeneity of 
I2 = 75 % in an average sample of n = 50, ten studies would be enough in 
a random-effects model to find an effect with a power of 0.91. For 
subgroup analysis with 3 subgroups and assuming effect sizes of r = 0.1, 
r = 0.3, and r = 0.4, depending on the subgroup, and an average sample 
size of n = 60 per study, with 20 studies one would find an effect with a 
power of 0.47.

3.2. Research question 1: How do different types of SRL instruments/ 
measurements relate to each other?

Data were prepared by extracting correlations between different 
types of instruments. For every correlation, the instrument comparison 

1 Four of them did not fulfil the pre-registered requirement of including an 
achievement variable but were included to increase the sample size for research 
questions 1 and 4, as information about achievement is not necessary to analyse 
those research questions.
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Table 3 
Overview of analysed articles.

Author (year) Nation Sample 
size

Age/grade participants Research 
design

SRL instruments Performance variable+ SRL component/ 
outcome*

Anthony et al. 
(2013)

USA 160 9th (n = 81) and 10th (n 
= 74) grade girls

Mixed- 
methods

Microanalysis, self-report 
questionnaires

English final grade, 
math final grade

All SRL components with 
English and math grades

Bellhäuser et al. 
(2023)

Germany 194 College students, Mean 
age M = 22.21 (male n =
96, female n = 117)

Experimental Self-report questionnaire, 
learning diary

n.a. n.a.

Callan and 
Cleary (2018)

USA 100 8th grade Correlational Microanalysis, 
behavioural traces, self- 
report questionnaires, 
teacher ratings

Mathematical problem- 
solving skill, a global 
measure of 
mathematical skill

Cognition and 
metacognition with 
mathematical problem- 
solving skill and global 
measure of mathematical 
skill

Callan and 
Cleary (2019)

USA 96 8th grade students (male 
n = 42, female n = 54)

Correlational Microanalysis, 
behavioural traces, 
interviews

Prior math 
achievement, practice 
session achievement

All components with 
practice session 
achievement

Chen et al. 
(2015)

USA 445 241 of 6th graders (male 
n = 119, female n = 122) 
and 204 of 7th graders 
(male n = 102, female n =
102)

Correlational Self-report 
questionnaires, parent 
ratings

Math grades Cognition and 
metacognition with math 
grades

Cleary and 
Callan (2013)

USA 87 9th grade students (56 % 
female)

Correlational Self-report 
questionnaires, teacher 
ratings

Measure of Academic 
Progress (MAP; prior 
mathematic skill), math 
classroom test 
percentage

All components with 
prior mathematic skills 
and math classroom test 
percentage

Cleary et al. 
(2015)

USA 363 6th and 7th grade 
students (56 % female)

Correlational Self-report 
questionnaires, teacher 
ratings

n.a. n.a.

Dörrenbächer 
and Perels 
(2016)

Germany 174 College students, Mean 
age M = 22.94 (72 % 
female), n = 44 in relevant 
group

Quasi- 
experimental

Self-report questionnaire, 
learning diary

GPA (reverse coded), 
working efficiency test

All components with GPA 
and working efficiency 
test

Dörrenbächer- 
Ulrich et al. 
(2021)

Germany 70 College students, Mean 
age M = 22 (77.50 % 
female)

Correlational Microanalysis, trace data, 
strategy knowledge test, 
SRL questionnaire

GPA (reverse coded) All components with GPA

Dörrenbächer- 
Ulrich et al. 
(2024)

Germany 143 
99 
T1: 207 
T2: 105

Pilot Study: Teacher 
education students, mean 
age M = 24.8 (70.3 % 
female) 
Validation Study I: 
Teacher education and 
psychology students, 
mean age M = 21.33 
(75.8 % female) 
Validation Study II: 
Teacher education 
students, mean age t1: M 
= 21.86, t2: M = 21.69 
(t1 = 76.8 % female, t2 =
80.00 % female)

Correlational Strategy knowledge test, 
self-regulated learning 
questionnaire, 
microanalytic assessment

GPA (reverse coded) All components with GPA

DiBenedetto and 
Zimmerman 
(2013)

USA 51 11th grade students (male 
n = 17, female n = 34)

Correlational Microanalysis, interviews Prior science 
achievement, tornado 
knowledge test, 
conceptual model test

Cognition and 
metacognition with prior 
science achievement, 
tornado knowledge test, 
and conceptual model 
test

Fan et al. (2023) Netherlands 44 College students, mean 
age M = 21.70

Correlational Trace data, think-aloud- 
data

n.a. n.a.

Follmer and 
Sperling 
(2019)

USA 32 Undergraduate 
educational psychology 
course, mean age M =
19.68 (62.50 % female)

Correlational Microanalysis, self-report 
questionnaires, strategy 
knowledge test

GPA, reading 
comprehension

(Cognition and) 
metacognition with 
reading comprehension

Gandomkar 
et al. (2020)

Iran 76 First-year medical 
students

Correlational Microanalysis, 
behavioural traces, 
interviews, trace data, 
strategy knowledge tests, 
self-report questionnaires

Biomedical science 
course performance, 
learning task 
performance

All components with 
learning task 
performance and course 
performance

Maag Merki 
et al. (2013)

Switzerland 2300 Secondary school students Correlational Strategy knowledge test, 
self-report questionnaires

Self-reported German 
grades

All components with 
German grades

Metallidou and 
Vlachou 
(2010)

Greece 263 5th and 6th grade 
students (n = 133 female)

Correlational Self-report 
questionnaires, teacher 
ratings

n.a. n.a.

(continued on next page)
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was assigned. Thus, if the correlation was between two online in
struments, it was labelled as ‘1’, between two offline instruments as ‘2’, 
and between one online and one offline instrument as ‘3’. Coefficients 
that were not Pearson’s r were converted. For most studies, this pro
cedure produced multiple effect sizes. Multiple effect sizes from each 
study mean that correlation independence could not be assumed. De
pendencies in effect sizes can reduce heterogeneity, known as the unit- 
of-analysis error (Harrer et al., 2021). To counteract this, robust vari
ance estimations were calculated (Hedges et al., 2010). We assumed a 
correlated effects model and made small sample adjustments as we had 
less than 50 studies (Tipton, 2015). We analysed all 20 available articles, 
some of which were divided into multiple studies, which means that the 
analyses were run with n = 28 studies and k = 351 effect sizes. The 
robust variance estimations t-test was significant (t(26) = 6.55, p < .01) 
which suggests that there is a relationship between the instrument types.

To check whether there are differences between the instrument 
groups, moderator analyses were carried out using the robumeta pack
age. The results for each moderator level are presented in Table 4. We 
used the clubSandwich package (Pustejovsky et al., 2025) to conduct 
pairwise comparisons to test whether there were any statistically sig
nificant differences between the three moderator levels.

Overall, results showed small to medium effect sizes (Cohen, 1992) 
for any type of instrument combination. In our sample of studies, a 
combination of two online instruments was descriptively larger with r =
0.24. The differences between the subgroups were not statistically sig
nificant. Effect sizes for offline/offline (r = 0.14, t(3.53) = 3.75, p < .01) 
and online/offline (r = 0.15, t(4.61) = 3.46, p < .01) are significantly 
different from zero suggesting that they each explain some variance 
across studies. The reason online/online isn’t significantly different 
from zero might be due to large variability in the effect size.

3.3. Research question 2: Do some instruments correlate higher with 
achievement?

Data were prepared by extracting Pearson’s r correlations between 
the SRL instrument and the measure of achievement/performance. For 
one study, Cohen’s d had to be converted using the formula postulated 
by Ruscio (2008). One article had to be excluded as it was impossible to 
extract the necessary correlations. Another four articles were excluded 
as they did not report any achievement variables (see Footnote 2). 
Furthermore, the data were coded depending on whether an online or 
offline measure was used, and whether it was examined in combination 
with general (academic) or context-specific (study) performance. This 
led to the emergence of the following categories: 1 = online + study, 2 =
online + academic, 3 = offline + study, and 4 = offline + academic. 
Some articles were divided into multiple studies as they looked at 

multiple categories. Given that again, we had multiple effect sizes for 
each study and, therefore, effect size independence could not be 
assumed, we conducted robust variance estimations. The forest plot is 
presented in Fig. 2.

Overall, the analysis of research question 2 included 15 articles with 
n = 31 studies, resulting from dividing some articles into multiple 
studies, and k = 195 effect sizes. The robust variance estimations t-test 
was significant (t(28.9) = 5.68, p < .001), suggesting a significant 
relationship in the data. Overall effect size was r = 0.25 (SE = 0.04, 95 % 
CI [0.16, 0.33]). Statistics for heterogeneity were I2 = 87.60 and τ2 =

0.05, which is quite high.
To check whether there are differences between the instrument 

groups, moderator analyses were carried out. Results for each subgroup 
are listed in Table 5. Pairwise comparisons were calculated to analyse 
whether the subgroups were statistically different from each other.

Overall, the results showed medium effect sizes for online and offline 
measures combined with general academic achievement as well as off
line measures combined with study-specific achievement (Cohen, 1992). 
In our sample of studies, measuring general academic achievement with 
online measures produced the descriptively highest correlation (r =
0.25) followed by study-specific achievement measured with offline 
measures (r = 0.24). The between subgroup differences were not sta
tistically significant. The effect sizes for online + academic (r = 0.25, t 
(5.29) = 3.99, p < .01), offline + study (r = 0.24, t(1.59) = 8.87, p <
.05), and offline + academic (r = 0.20, t(5.70) = 4.31, p < .01) were 
significantly different from zero. This means that these moderators each 
individually explain some of the variance across studies but cannot be 
statistically distinguished from each other.

3.4. Research question 3: Are certain instruments better suited to assess a 
specific SRL component (cognition, metacognition, motivation) in terms of 
their correlation to achievement measures as a validity criterion?

This research question was answered by conducting three smaller 
meta-analyses. This approach may not fully answer the research ques
tion, as it is complex and difficult to operationalize. It should, therefore, 
only be seen as a first attempt to approach the answer to this question.

Data were sorted depending on whether cognition, metacognition, or 
motivation were measured. To operationalize which instrument is 
“better”, we looked at the correlation between the instrument types and 
performance. There was no differentiation between general or specific 
performance. Four studies had to be excluded due to not reporting any 
performance/achievement variable (see Footnote 2). Data were coded 
depending on the instrument type with 1 = self-report, 2 = third-party 
rating, 3 = strategy knowledge test, 4 = microanalysis, 5 = behavioural 
traces, 6 = observation, 7 = learning diary, and 8 = think-aloud. This 

Table 3 (continued )

Author (year) Nation Sample 
size 

Age/grade participants Research 
design 

SRL instruments Performance variable+ SRL component/ 
outcome*

Paans et al. 
(2018)

Netherlands 62 5th grade students (n = 38 
female), mean age M =
10.00), only n = 16 
analysed for both log files 
and think-aloud

Correlational Log files, think-aloud 
protocol

Knowledge test Cognition and 
metacognition with 
knowledge test

Torrington et al. 
(2023)

Australia 48 Elementary school 
students

Correlational Think-aloud protocol, 
self-report questionnaire

Written academic 
output (research task)

All components with task 
performance

van Halem et al. 
(2020)

Netherlands 605 First-year students: 
2016: n = 435, mean age 
M = 20.6, 94.44 % female 
2017: n = 489, mean age 
M = 20.88, 78.90 % 
female

Correlational Self-report questionnaire, 
online trace data, 
multiple-choice- 
questionnaire

Grade multiple choice 
exam, grade research 
report

All components with 
grade multiple choice 
exam

Zhidkikh et al. 
(2023)

Finland 20 8th grade students Correlational Self-report 
questionnaires, log files, 
observations

Graded assignments All components with 
graded assignments 
average

Note: *which SRL components were analysed regarding which outcomes. n.a. = not applicable. +For studies by German researchers investigating relationships with 
grades (which are reverse coded in Germany) we used the absolute value in analyses but the original negative correlations in the forest plots.
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Fig. 1. Records identified and excluded at each screening stage. 
Note. * based on inclusion and exclusion criteria on the title or abstract level. 
** based on inclusion and exclusion criteria on the full-text level. 
*** reports were excluded if they didn’t report the relevant statistics and data could not be obtained by other means (e.g., open-source data, messaging authors). 
n1–n11 refer to the topic-related search terms (Table 2).
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also led to some articles, that took different instruments into account, 
being divided into multiple studies. Sometimes, instruments were rep
resented by only a handful of articles, or in extreme cases by only one. 
We decided to only include instruments (and therefore effect sizes) if 
there were at least three articles looking at that specific instrument/ 
component combination. This led to excluding 1–3 more articles, 
depending on the component. It is also to note, that not every single 
article looked at all three components as some only considered two in 
their analyses. This also contributed to a significantly lower sample size 
depending on the component. As most studies reported more than one 
effect size, we once again calculated robust variance estimations.

For the component cognition, this led to the inclusion of 12 articles 
with n = 21 studies and k = 40 effect sizes. The forest plot is presented in 
Fig. 3. The robust variance estimations t-test was significant (t(18.2) =
4.28, p < .001). Overall effect size was r = 0.17 (SE = 0.04, 95 % CI 
[0.09, 0.25]). Statistics for heterogeneity were I2 = 79.99 and τ2 = 0.01.

Moderator analyses were carried out for the following instrument 
subgroups: self-reports, strategy knowledge tests, microanalysis, and 
behavioural traces. Results for each subgroup can be seen in Table 6. 
Pairwise comparisons were calculated to determine whether the sub
groups differed statistically from one another.

Overall, results showed small to medium effect sizes (Cohen, 1992) 
for strategy knowledge tests, microanalysis and behavioural traces and 
correlations close to zero for self-report measures. In our sample of 

studies, behavioural traces produce the highest effect size for the 
component of cognition with r = 0.28, which is also significantly 
different from zero (t(3.19) = 8.81, p < .05). None of the pairwise 
comparisons are statistically significant. This means that behavioural 
traces significantly predict the outcome variable but cannot be statisti
cally distinguished from the other moderators. This might be due to 
insufficient power or collinearity/overlaps between the moderators 
(Lipsey, 2003).

For the component metacognition, this led to the inclusion of 13 ar
ticles with n = 20 studies and k = 51 effect sizes. The forest plot is 
presented in Fig. 4. The robust variance estimations t-test was significant 
(t(16.4) = 4.61, p < .001). Overall effect size was r = 0.16 (SE = 0.04, 95 
% CI [0.09, 0.24]). Statistics for heterogeneity were I2 = 74.08 and τ2 =

0.01.
Moderator analyses were carried out for the following instrument 

subgroups: self-reports, strategy knowledge tests, and microanalysis. 
Results for each subgroup can be taken from Table 7. Pairwise com
parisons were calculated to analyse whether the subgroups were sta
tistically different from each other.

Overall, results showed small effect sizes (Cohen, 1992) for self- 
report questionnaires (r = 18) and strategy knowledge tests (r = 0.16) 
and a descriptively medium effect size for microanalysis with r = 0.35. 
None of the pairwise comparisons were statistically significant. The 

Table 4 
Moderator analysis for research question 1.

Subgroup n k r 95 % CI τ2 τ

Online/online 5 77 0.24 [− 0.15, 0.57] 0.02 0.15
Offline/offline 12 72 0.14 [0.03, 0.25] 0.02 0.15
Online/offline 11 202 0.15 [0.03, 0.26] 0.02 0.15

Note. n = number or studies per group, k = number of effect sizes per group, r =
effect size, CI = confidence interval, τ2 = variance of the true effect, τ = standard 
deviation of the true effect.

Fig. 2. Forest plot for research question 2. 
Note. Forest plots were created using the original effect sizes from the studies while effect sizes for RVE and moderator analyses were Fisher Z-transformed be
forehand. For studies by German researchers investigating relationships with grades (which are reverse coded in Germany) we used the absolute value in analyses but 
the original negative correlations in the forest plots (see Table 3 for which studies are affected).

Table 5 
Subgroup analysis for research question 2.

Subgroup n k r 95 % CI τ2 τ

Online + study 8 81 0.04 [− 0.34, 0.41] 0.05 0.23
Online + academic 8 33 0.25 [0.09, 0.39] 0.05 0.23
Offline + study 4 31 0.24 [0.12, 0.35] 0.05 0.23
Offline + academic 11 50 0.20 [0.09, 0.31] 0.05 0.23

Note. n = number of studies per group, k = number of effect sizes per group, r =
effect size, CI = confidence interval, τ2 = variance of the true effect, τ = standard 
deviation of the true effect.
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Fig. 3. Forest plot of the cognition component. 
Note. Forest plots were created using the original effect sizes from the studies while effect sizes for RVE and moderator analyses were Fisher Z-transformed be
forehand. For studies by German researchers investigating relationships with grades (which are reverse coded in Germany) we used the absolute value in analyses but 
the original negative correlations in the forest plots (see Table 3 for which studies are affected).

Table 6 
Subgroup analysis of the cognition component.

Subgroup n k r 95 % CI τ2 τ

Self-report questionnaire 8 20 0.07 [− 0.16, 0.29] 0.01 0.07
Strategy knowledge test 4 4 0.18 [− 0.01, 0.36] 0.01 0.07
Microanalysis 4 8 0.24 [− 0.05, 0.50] 0.01 0.07
Behavioural traces 5 8 0.28 [0.14, 0.42] 0.01 0.07

Note. n = number of studies per group, k = number of effect sizes per group, r =
effect size, CI = confidence interval, τ2 = variance of the true effect, τ = standard 
deviation of the true effect.

Fig. 4. Forest plot of the metacognition component. 
Note. Forest plots were created using the original effect sizes from the studies while effect sizes for RVE and moderator analyses were Fisher Z-transformed be
forehand. For studies by German researchers investigating relationships with grades (which are reverse coded in Germany) we used the absolute value in analyses but 
the original negative correlations in the forest plots (see Table 3 for which studies are affected).

Table 7 
Subgroup analysis of the metacognition component.

Subgroup n k r 95 % CI τ2 τ

Self-report questionnaire 9 21 0.18 [− 0.02, 0.38] 0.05 0.23
Strategy knowledge test 4 4 0.16 [0.10, 0.23] 0.05 0.23
Microanalysis 7 26 0.35 [− 0.22, 0.74] 0.05 0.23

Note. n = number of studies per group, k = number of effect sizes per group, r =
effect size, CI = confidence interval, τ2 = variance of the true effect, τ = standard 
deviation of the true effect.
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effect size for strategy knowledge tests was significantly different from 
zero (r = 0.16, t(2.97) = 7.74, p < .01). This means that strategy 
knowledge tests significantly predict the outcome variable. The reason 
the other two moderators did not differ from zero might be due to large 
variability in the effect sizes. The reason moderators did not statistically 
differ from each other might be due to collinearity (Lipsey, 2003).

For the component motivation, this led to the inclusion of 7 articles 
with n = 14 studies and k = 26 effect sizes. The forest plot is presented in 
Fig. 5. The robust variance estimations t-test was significant (t(12.9) =
4.13, p < .01). Overall effect size was r = 0.21 (SE = 0.05, 95 % CI [0.10, 
0.32]). Statistics for heterogeneity were I2 = 86.78 and τ2 = 0.05.

Moderator analyses were carried out for the following instrument 
subgroups: self-reports, strategy knowledge tests, and microanalysis. 
Results for each subgroup can be taken from Table 8. Pairwise com
parisons were calculated to see whether the subgroups were statistically 
different from each other.

Overall, results showed medium effect sizes (Cohen, 1992) for self- 
report questionnaires (r = 0.28) and microanalysis (r = 0.26). None of 
the pairwise comparisons were statistically significant. The effect size 
for self-report questionnaires was statistically different from zero (r =
0.28, t(3.23) = 9.55, p < .01). This suggests that self-report question
naires significantly predict the outcome variable but cannot be statisti
cally distinguished from the other moderators. This might be due to 
insufficient power or collinearity/overlaps between the moderators 
(Lipsey, 2003).

3.5. Research question 4: Is age a moderator of the correlation between 
different SRL instruments?

To answer this research question, moderator analyses using robumeta 
were conducted as well. We used the same data as for research question 
1 just with a different cluster variable (age instead of instrument type). 
Age was operationalised as 1 = primary/middle school, 2 = high school, 
and 3 = university, as most studies did not report the actual age of the 
participants but only their level of education. Primary/middle schoolers 
were in classes 5 to 8. On average, children in (late) primary and middle 
school are between 10 and 14 years old. High school was everyone from 
9th to 12th grade, thus approximately 14 to 18 years old. University 
students have a broader possible age range but are, on average, some
where between 18 and 30 years old. Results for each subgroup can be 
seen in Table 9. Pairwise comparisons were calculated to analyse 

whether the three moderator levels differed significantly from each 
other.

Overall, the results showed small to medium effect sizes (Cohen, 
1992) for all age groups. In our sample of studies, university students 
produced the descriptively largest effect size with r = 0.21, which means 
that correlations between any kind of instruments were highest for this 
population. The differences between subgroups were not statistically 
significant. Effect sizes for primary/middle school (r = 0.17, t(3.94) =
7.08, p < .001) and university students (r = 0.21, t(3.44) = 3.96, p < .01) 
are significantly different from zero.

4. Discussion

4.1. Summary of results

The goal of this meta-analysis was to test how different instruments 
for measuring SRL relate to each other and achievement, whether there 
are differences between instruments in measuring individual SRL com
ponents, and whether age influences the relations between instruments. 
To determine this, we analysed 20 studies that measured SRL in a 

Fig. 5. Forest plot of the motivation component. 
Note. Forest plots were created using the original effect sizes from the studies while effect sizes for RVE and moderator analyses were Fisher Z-transformed be
forehand. For studies by German researchers investigating relationships with grades (which are reverse coded in Germany) we used the absolute value in analyses but 
the original negative correlations in the forest plots (see Table 3 for which studies are affected).

Table 8 
Subgroup analysis of the motivation component.

Subgroup n k r 95 % CI τ2 τ

Self-report questionnaire 7 15 0.28 [0.20, 0.37] 0.01 0.12
Strategy knowledge test 3 3 0.04 [− 0.04, 0.11] 0.01 0.12
Microanalysis 4 8 0.26 [− 0.35, 0.72] 0.01 0.12

Note. n = number of studies per group, k = number of effect sizes per group, r =
effect size, CI = confidence interval, τ2 = variance of the true effect, τ = standard 
deviation of the true effect.

Table 9 
Subgroup analysis for research question 4.

Subgroup n k r 95 % CI τ2 τ

Primary/middle school 10 101 0.17 [0.10, 0.23] 0.02 0.16
High school 6 104 0.08 [− 0.09, 0.26] 0.02 0.16
University 12 146 0.21 [0.05, 0.35] 0.02 0.16

Note. n = number of studies per group, k = number of effect sizes per group, r =
effect size, CI = confidence interval, τ2 = variance of the true effect, τ = standard 
deviation of the true effect.
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multimethod way in samples of students. We compared different 
possible instrument combinations to each other, either two offline, two 
online, or a mix of online and offline instruments. Compared with mixed 
instrument combinations, we expected the same types of instruments to 
have higher correlations (Callan & Cleary, 2018). This expectation was 
partially confirmed by our data. Moderator analyses suggest that 
combining two online instruments produces the descriptively highest 
effect sizes (r = 0.24) followed by a combination of mixed methods (r =
0.15). The effect sizes do not significantly differ from each other. We 
further hypothesised that online instruments would perform better in 
predicting study-specific achievement, such as tests, whereas offline 
instruments would be better at predicting general academic achieve
ment, such as grades (Callan & Cleary, 2018). This hypothesis was not 
confirmed by our data. Descriptively, the highest effect size was between 
online measures and general academic achievement (r = 0.25), closely 
followed by offline measures and study-specific achievement (r = 0.24) 
– which is the opposite of Callan & Cleary’s theory. Both effect sizes, as 
well as the effect size for offline measures and general academic 
achievement, are statistically different from zero but not from each 
other. This suggests that the moderators do significantly explain vari
ance in the effect size but cannot be statistically distinguished from each 
other, which might be due to reasons such as collinearity or small sta
tistical power (Lipsey, 2003). Additionally, we hypothesised that certain 
instrument types would be better at measuring specific SRL components. 
Thus, we examined correlations between SRL instruments and 
achievement for cognition, metacognition, and motivation separately. 
These analyses are only meant as an approximation to the research 
question as it is highly complex and it is doubtful that this approach can 
fully answer it. We assumed that cognition may best be measured using 
strategy knowledge tests, metacognition using microanalysis, and 
motivation using self-report questionnaires (Dörrenbächer-Ulrich et al., 
2021). While we got significant results overall when conducting RVE, 
comparisons between subgroups are not statistically significant for any 
of the components. Nevertheless, for each component there is at least 
one subgroup that statistically differs from zero (p < .05). According to 
our analyses, and by looking at the descriptively highest effect size, 
cognition may be best measured using behavioural traces (r = 0.28), 
metacognition using microanalysis (r = 0.35), and motivation using self- 
report questionnaires (r = 0.28). None of the pairwise comparisons 
between the moderators for any component are statistically significant 
but for cognition behavioural traces are significantly different from zero, 
and for the component of motivation self-report questionnaires are 
significantly different from zero as well. For metacognition, micro
analysis is not significantly different from zero, which might be due to 
the high variability in effect sizes. Finally, we tested whether age is a 
moderator for the relationship between different instruments. Our re
sults show the descriptively highest effect size for university students (r 
= 0.21) which is also significantly different from zero. This means that 
correlations between any type of instruments seem to be highest in this 
population. Pairwise comparisons with the effect sizes of primary and 
high school students were not statistically significant.

4.2. Discussion of results

While overall effect sizes calculated using RVE are all statistically 
significant, we could only find a few significant results when it comes to 
moderator analyses. These also only partially confirm our hypotheses. 
Results of the first research question would suggest that combining two 
online instruments produces higher correlations than using two offline 
instruments or a combination of both. This is not an unexpected result 
because past empirical research already suggests that pairing the same 
type of instruments produces higher correlations, whereas combining 
the two results in only marginal correlations if any (Callan & Cleary, 
2018). Most articles have examined a combination of microanalysis and 
behavioural traces (e.g., Callan & Cleary, 2019; Dörrenbächer-Ulrich 
et al., 2021; Gandomkar et al., 2020) which suggests that combining 

these two leads to more reliable results or that they might complement 
each other. Against our expectations, combining mixed instruments 
produces similar effect sizes as combining two offline instruments (r =
0.15 vs. r = 0.14). There were also k = 202 effect sizes taken into ac
count for the mixed subgroup while the other two subgroups only 
included around seventy effect sizes each. This indicates that most 
studies that measure SRL with more than one instrument follow rec
ommendations of combining different measurement methods (Perry & 
Rahim, 2011) and achieve small correlative results. Differences between 
the three groups were also not statistically significant. However, the 
effect sizes of the offline/offline and online/offline group are signifi
cantly different from zero, while the effect size of the online/online 
group, while descriptively the largest, does not significantly differ from 
zero. This might be due to the sample size and the wide range of 
included correlations in this group.

Regarding achievement, our results are the opposite of the theory 
suggested by Callan and Cleary (2018), which states that online mea
sures have larger correlations with study-specific achievement and off
line measures with general academic achievement. Descriptively we find 
the highest effect size between online measures and general academic 
achievement (r = 0.25) followed by offline measures and study-specific 
achievement (r = 0.24). Mean effect size for online + study is close to 
zero while mean effect size for offline + academic is r = 0.20. Com
parisons between the groups are not statistically significant. However, 
the effect sizes for all comparisons except online + study significantly 
differ from zero. As the results concerning SRL instruments and 
achievements reported in past research are mixed, this result is not that 
contrarian. Some studies found both instrument types to be good pre
dictors of achievement, with no indication of one being better for certain 
achievement variables than the other (Dörrenbächer-Ulrich et al., 2021; 
Gandomkar et al., 2020). Other studies found online (Cleary et al., 2015; 
DiBenedetto & Zimmerman, 2013) or offline measures (Cleary & Chen, 
2009; Jamieson-Noel & Winne, 2003) superior for any performance. The 
variety of online and offline instruments as well as performance mea
sures used in each study is also too large to draw definitive conclusions 
regarding the relationship between different SRL instruments and per
formance outcome variables. Other factors might influence the rela
tionship between SRL instruments and achievement as well. Variables 
like cognitive load could have an effect, with online instruments 
potentially causing too much extraneous load and therefore lowering 
study-specific performance later on (Sweller, 2011; Wirth et al., 2020), 
which might explain the null correlation in our results. Concerning 
offline instruments and academic performance the Dunning-Kruger- 
Effect or just low metacognitive abilities might play a role (Kruger & 
Dunning, 1999). Students might be over-assessing their abilities (or just 
not be accurate in their assessment in either direction), which might 
explain why the effect size for this group is descriptively a bit lower. It 
must be noted that the subgroups do not differ, which might be due to 
low statistical power or collinearity (Lipsey, 2003).

Regarding the assessment of different components, correlations be
tween instrument and performance for the component of cognition are 
descriptively highest for behavioural traces (r = 0.28), for metacogni
tion for microanalysis (r = 0.35), and for motivation for self-report 
measures (r = 0.28). Comparisons between instrument subgroups did 
not yield any significant results for any component. Even then, the 
suggested direction of these results is reasonable, as behavioural traces 
are used to measure the processing of learning material, which is where 
cognition is crucial (e.g., Callan & Cleary, 2018). Furthermore, behav
ioural traces have been used in many studies. Processes such as viewing 
learning material, accessing quizzes or assignments, or searching for 
more information in the learning environment (Du et al., 2023) are all 
processes that can be tracked and analysed using trace data. Behavioural 
traces take into account whether students highlight words, draw dia
grams, or maybe leave pages blank (Gandomkar et al., 2020), which can 
provide information about which learning strategies students know and 
use, as well as their overall cognitive abilities. Thus, behavioural traces 

J. Ruhl et al.                                                                                                                                                                                                                                     Learning and Individual Diϱerences 123 (2025) 102760 

13 



are a well-established and validated instrument and are expected to 
produce reliable results for the component they intend to measure 
(Rovers et al., 2019). Although microanalysis measures all three com
ponents, it primarily focuses on metacognition. Compared with the 
other instruments in the studies, it was mainly used to assess metacog
nition, and in some studies, it was used to assess exclusively metacog
nition (e.g., Callan & Cleary, 2018). Additionally, it is the only 
instrument capable of assessing metacognition during the task instead of 
retrospectively, as in self-report questionnaires (Perels et al., 2020). 
Retrospective assessment of metacognition is bound to come with a loss 
of data, as the process of “thinking about thinking” is very context- 
specific and, therefore, best assessed during the specific task in real 
time (Dörrenbächer-Ulrich et al., 2021). Nevertheless, the descriptively 
large effect size for microanalysis that we found in our data is not 
significantly different from zero (p > .05). There might be too much 
variability in the included effect sizes. Nearly the opposite of what can 
be said about metacognition can be said for motivation, so we assumed it 
would be best assessed using self-report questionnaires. If long-term 
intrinsic motivation is considered the best for successful self-regulated 
learning, as Zimmerman (2000) does in his model, assessing it with a 
questionnaire that can consider multiple learning situations from the 
past, present, and future simultaneously seems to be the most logical 
procedure. Other assessment methods either only focus on short-term 
motivation (e.g., microanalysis) or not person-specific motivation (e. 
g., strategy knowledge tests) and might, therefore, not produce the best 
results. In our analyses, self-report questionnaires showed an effect size 
of r = 0.28, making it the descriptively largest effect size, which was also 
significantly different from zero (p < .05). Pairwise comparisons did not 
find any significant differences between the three subgroups suggesting 
that while self-report do explain variance in the data, they cannot be 
statistically distinguished from the other moderators. This might be due 
to statistical power as we also must consider the reduced sample size 
when analysing this component, as we could only include n = 7 articles 
with k = 26 effect sizes. This small sample size also shows that many 
articles didn’t include motivational factors in their definition or exam
ination of SRL. Indeed, it might be that motivation is oftentimes sepa
rated from the other SRL components and investigated on its own, with a 
research field focusing entirely on the motivational factors of SRL (e.g., 
Pintrich, 2004; Schunk & Zimmerman, 2008). Microanalysis, as the 
second highest albeit non-significant effect size, can also provide valu
able insights into motivation, e.g., by focusing on self-reflection pro
cesses after a task (Cleary et al., 2021). Many studies using microanalysis 
to measure motivation also take attributional processes into account, 
which are not only important for the learning situation at hand but can 
also influence later learning (Cleary et al., 2021). Microanalysis can 
therefore make valuable statements about a student’s motivation, which 
can serve as a guidance to influence general motivation and learning 
outcomes. It should also be kept in mind that the way we operationalised 
the research question might not lead to its exact answer. As we corre
lated instruments with performance outcomes for each component, it 
might be that other factors influence the effect sizes and not the use of 
the instrument itself. For example, cognitive load theory might play a 
role here as well. Research has found a bi-directional relationship be
tween SRL and cognitive load, where high cognitive load can impair 
SRL, while effective SRL strategies can help with managing cognitive 
load and improving learning outcomes (Seufert, 2020). It could be that 
online instruments such as microanalysis and behavioural traces stim
ulate the usage of effective SRL strategies, which in turn could lead to 
positive relations with learning outcomes. Meanwhile, offline in
struments might introduce extraneous load due to their design (e.g., by 
being too long; Johnson et al., 1990) which could in turn have an 
adverse effect on learning outcomes.

Correlations between different SRL instruments seem to be higher for 
the subgroup of university students (r = 0.21), at least descriptively. 
This may be because different age groups require different assessment 
methods (Perels et al., 2020). Young children, such as preschool or 

elementary school students, cannot complete the most commonly used 
SRL measure (e.g., self-report questionnaires) and, therefore, require 
alternative methods. Many of those methods are in the early stages of 
development and not as qualitatively sound as the more established 
assessments (e.g., Moreira et al., 2022). Furthermore, metacognitive 
skills, crucial for self-regulation and behaviour, may differ between age 
groups (Grainger et al., 2016). Given that metacognition is important for 
remembering past events and imagining one’s behaviour in the future, 
which assessment methods such as questionnaires require, metacogni
tion is essential to complete certain measures (Grainger et al., 2016). It is 
assumed that metacognitive skills emerge between the ages of eight and 
ten and then take some time until they fully develop (Veenman et al., 
2006). Furthermore, metacognition should be fully developed by the 
time someone starts university but may not be as pronounced in school- 
aged children, which may offer another explanation as to why relations 
between instruments are higher for university students than they are for 
primary, middle, and high schoolers.

Overall, finding only small or medium correlative results between 
different SRL measures is not bad. On the contrary, SRL is considered a 
multi-faceted construct that would be hard to measure using only one 
instrument. Different measures target different aspects of SRL; some 
could potentially over- or underrepresent a student’s “real” SRL (Callan 
& Cleary, 2018), leading to poor correlative results between the in
struments. This, once again, is why a multimethod approach is so 
important: Only by combining various instruments can one get a fuller 
picture of a person’s SRL.

4.3. Limitations

One limitation is the number of studies available for analysis. The 
low sample size is insofar problematic for the results and statistical 
analyses as that many procedures that can be used for meta-analysis 
require a certain number of studies to function and produce reliable 
results (Brockwell & Gordon, 2001). Meta-regression, for example, 
which we used to find subgroup differences, is often underpowered 
(Borenstein et al., 2009). Especially models with fewer than 10 studies 
lead to low power and high Type I error rates (Fu et al., 2011). Most 
authors suggest at least ten studies per covariate (Thompson & Higgins, 
2002), which was not the case in our data. On the other hand, meta- 
regressions work well with dependent effect sizes and in combination 
with robust variance estimations. Considering that alternatives such as 
subgroup analyses assume independent effect sizes (Harrer et al., 2021) 
and we had used RVE already, we decided to still go ahead and do meta- 
regressions. As most of our meta-regressive results are not significant 
while results for overall effect sizes calculated using RVE are, it might be 
that the statistical power was not high enough due to the sample size to 
find a significant effect. The main reason so few studies were retrieved is 
that multimethod SRL assessment is still rare, at least in the sense of 
using two or more different SRL instruments. We found a handful of 
more studies that e.g., used multiple questionnaires to assess SRL (e.g., 
Moote et al., 2013; Mountain et al., 2023), but this did not qualify as 
multimethod SRL assessment by our definition. Another reason is the 
strict inclusion and exclusion criteria. The most significant limitation 
was the required inclusion of at least two SRL components. We deemed 
this necessary, as SRL is a process defined by its three distinct compo
nents, which we wanted to depict as best as possible. However, many 
SRL studies focus on only one component at a time, mostly metacogni
tion (e.g., Veenman & Van Cleef, 2019). We felt that including only 
studies focusing on metacognition would not do SRL justice, as the 
construct is much more multifaceted.

Regarding the statistical analyses and interpretation of results, the 
high heterogeneity in our data should also be mentioned. While a certain 
amount of heterogeneity is good and can provide insights (Borenstein 
et al., 2019), there appears to be a lot of variance in our effect sizes as I2 

statistics were consistently above 80 % (Higgins et al., 2003). To control 
for this, we used random effects models on one hand, as they take 
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within- and between-study variance into account and provide a more 
accurate estimate for when heterogeneity exists (Borenstein et al., 
2019). On the other hand, we conducted moderator analyses to figure 
out what potential study characteristics causing variance might be 
(Borenstein et al., 2019). While the methods applied should help with 
figuring sources of heterogeneity out, we can also see that some of our 
proposed moderators still contain high heterogeneity (see τ and τ2 for 
research question 3). This suggests that there are differences between 
studies that we have not considered. This is an important limitation 
when interpretating these results as unexplained variance make the 
interpretation more complex and less reliable. Further, as pairwise 
comparisons between all moderators were statistically nonsignificant, it 
might also be that moderators have high collinearity and overlap 
(Lipsey, 2003). This might be because some groups of researchers were 
over-represented in our data, which also led them to be over-represented 
in the subgroups. This is a problem insofar as researchers tend to use the 
same or at least similar instruments across their publications, which 
would make the data in a subgroup more similar and can, therefore, lead 
to bias.

One more thing worth mentioning is that when it comes to inter
preting the results of SRL-instruments, there are many ways to go about 
it. Especially online instruments such as trace data or microanalysis 
allow for the use of many different indicators (e.g., Du et al., 2023) – 
with some being more and less valid measures of high-quality SRL. 
When analysing our data, we had to aggregate all the different indicators 
used by different researchers together to represent one category of SRL- 
measurement, e.g., “trace data”. When conducting a meta-analysis, this 
cannot be avoided but, of course, introduces another source of hetero
geneity in the data.

Another limitation concerns the potential presence of publication 
bias. We used two different tests to determine whether there might be 
publication bias in our data (Egger’s and PET-PEESE), which resulted in 
differing results. The Egger’s test showed publication bias (in the form of 
small study bias) in our data, while the PET test didn’t. We used two 
different tests because it has been suggested that the Egger’s test does 
not produce reliable results in the case of dependent effect sizes (Park 
et al., 2025). Further, the logical countermeasure to finding publication 
bias using the Egger’s test would be trim-and-fill-procedures – which 
does not produce valid results in combination with RVE (Peters et al., 
2007). Therefore, we added the PET-PEESE test, which is compatible 
with RVE (Stanley & Doucouliagos, 2014) and has an added correction 
(PEESE) in case of publication bias. The PET-PEESE method is known to 
perform poorly in the case of small samples (Stanley, 2017). Overall, we 
cannot be sure about the existence or non-existence of publication bias 
in our data, so the results should be interpreted cautiously.

It also has to be mentioned that we only included one rater for the 
coding and extraction part of the data. This also represents a significant 
limitation as PRISMA standards recommend at least two (Page et al., 
2021).

4.4. Implications

The main conclusion from the results is that different types of SRL 
instruments relate to each other and can be used in different combina
tions. This is an important result, reinforcing the demand that re
searchers use a multimethod approach when conducting studies on SRL. 
Moreover, the results show that multimethod SRL research continues to 
be insufficient. This is concerning, considering multimethod research 
has been demanded for years, but this call only seems to have been 
answered by a handful of researchers. This is increasingly evident given 
that multiple studies included in our analyses have been conducted by 
the same researchers, whereas other SRL research groups are not rep
resented at all. Hopefully, this meta-analysis will serve as a reminder 
and encourage researchers to investigate multimethod SRL assessment 
further.

In terms of practical implications, our results may encourage 

teachers and other practitioners to assess their students’ SRL more 
widely. The importance of SRL for education is indisputable but is often 
not considered in practice. The knowledge that various instruments 
measuring SRL exist and produce sufficiently high correlations with 
achievement may remove the barrier of “picking the right one” and 
encourage practitioners to experiment with a variety of instruments or 
use the ones best suited for them and their needs. In particular, practi
tioners or school psychologists could use different SRL instruments to 
identify different problem fields for individual students. For example, 
they could use behavioural traces to determine which specific strategies 
a student uses and how they are implemented during a particular task. 
Combining this data with performance data such as tests could also show 
whether the student’s learning works and produces the desired results. 
Microanalysis could be used to evaluate how a student prepares for task, 
how they set goals, and how they reflect. This knowledge can ultimately 
help shape students’ goal-setting strategies and attributional processes – 
which in turn can influence performance in a broader educational 
context.

4.5. Conclusion

In conclusion, our results suggest that multimethod assessment is 
important and sensible and a clear path for going forward in the future. 
Much more research is required to answer the research questions we 
posed satisfactorily. In particular, more studies are necessary to deter
mine how populations of different ages react to different SRL assessment 
types and whether, in turn, there are differences in the prediction of 
achievement. Furthermore, for future meta-analyses, it would be inter
esting to include multimethod studies focusing only on one SRL 
component. This should lead to more relevant articles that could more 
reliably answer the question of which instrument best assesses which 
component. Knowing which assessment method is best for which 
component is valuable for making SRL assessment as precise as possible.
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