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Abstract
Although self-regulated learning (SRL) is becoming increasingly important in modern educa-
tional contexts, disagreements exist regarding its measurement. One particularly important
issue is whether self-reports represent valid ways to measure this process. Several researchers
have advocated the use of behavioral indicators of SRL instead. An outstanding research
debate concerns the extent to which it is possible to compare behavioral measures of SRL to
traditional ways of measuring SRL using self-report questionnaire data, and which of these
methods provides the most valid and reliable indicator of SRL. The current review investigates
this question. It was found that granularity is an important concept in the comparison of SRL
measurements, influencing the degree to which students can accurately report on their use of
SRL strategies. The results show that self-report questionnaires may give a relatively accurate
insight into students’ global level of self-regulation, giving them their own value in educational
research and remediation. In contrast, when students are asked to report on specific SRL
strategies, behavioral measures give a more accurate account. First and foremost, researchers
and practitioners must have a clear idea about their research question or problem statement,
before choosing or combining either form of measurement.
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Since the emergence of the Internet, there has been a sharp increase in the amount of
information available, and the half-life of information has dramatically shortened (Arbesman
2013). For students and professionals alike, this Binformation jungle^ can be hard to navigate.
In order to survive, they need to constantly monitor and evaluate their progress towards their
own learning goals, and adjust their behavior if necessary. These skills are captured by so-
called self-regulated learning skills (Zimmerman and Schunk 1989). Within the context of
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education, self-regulated learning (SRL) concerns the process whereby learners actively take
charge of their own learning. They actively monitor their learning process and outcomes, and
are able to regulate and adapt their behavior, cognition and motivation when necessary to
optimize their learning outcomes (Zimmerman 2000). Due to the enormous increase in
available information, SRL has become much more important for students in order to complete
their education, but its measurement has been a problematic aspect (Winne 2010; Veenman
et al. 2006).

In order for students to develop effective SRL strategies and to be appropriately supported
in this development, researchers and educators need accurate, reliable measures for this
construct. In this way, researchers and educators can come to an accurate account of students’
self-regulation and students’ points for improvement. In 2008, Zimmerman published an
article on innovative ways of measuring SRL (Zimmerman 2008). In this work, several
outstanding questions regarding the measurement of SRL were highlighted. One of these
questions was the extent to which it is possible to compare trace data (computerized log files of
students’ online behaviors) to traditional ways of measuring SRL using self-report question-
naire data. As Veenman (2005) pointed out, convergence between self-report statements and
concurrent behavior tends to be low, however many new approaches have emerged since this
publication that warrant closer investigation. This narrative review will discuss the progress
that has been made in this area and extend the question to the comparison of self-report
questionnaires to several online measures of SRL.

To provide the background for this study, this section will first introduce some of the most
influential models describing the SRL process. Ideally, measurement of SRL is informed by a
theoretical model, with the model serving as the underlying framework. After introducing the
models, we will describe some important considerations in the measurement of SRL (online
versus offline measuring, calibration and granularity), after which we will describe the
common methods used for measurement. Being the traditional way to measure SRL
(Schellings and Van Hout-Wolters 2011), we will first introduce the use of self-report
questionnaires. We will then address the concerns associated with this form of measurement,
before describing alternative, online forms of measurement (e.g. think-aloud protocols, sys-
tematic observations and computerized log data).

Influential models of SRL have been put forth by Zimmerman (2000), Pintrich (2004) and
Winne and Hadwin (1998). Social-cognitive models were developed by Zimmerman (2000)
and Pintrich (2004). Another SRL model was developed by Winne and Hadwin (1998) and
focuses on the specific cognitive processes that occur during learning, such as memory
processes and operations (Greene and Azevedo 2007).

A common theme in most SRL models is that SRL is viewed as a loosely sequenced
process of cyclical phases. The social-cognitive model postulated by Zimmerman
(2000) describes a cyclical feedback loop of three phases constituting SRL: fore-
thought, performance and reflection. The cyclical nature of these phases postulates that
the outcome of each phase provides input for and influences processes in the other
phases.

Pintrich (2004) put forth a social-cognitive model of SRL that posits motivation, self-
efficacy and goal orientation as the discerning aspects of SRL. His model consists of four
phases similar to those put forth by Zimmerman (2000), including forethought, monitoring,
control and reflection. As an addition to Zimmerman’s model, the model postulates four areas
for regulation of learning. Specifically, students can regulate their cognition, motivation,
behavior and learning environment.
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The SRL model by Winne and Hadwin (1998) consists of four phases: task definition,
setting learning goals and plans, enactment of learning strategies, and adapting. In each of
these phases, SRL is influenced by a set of processes involving interaction between the
conditions, operations, products, evaluations and standards (COPES) that students find them-
selves in. The learning cycle within this model is again loosely sequenced: learners are
expected to go through all of the phases, but may return to earlier phases when they feel this
will help improve their products in a later phase. Throughout the process, learners apply a
range of choices based on their motivation to execute the task at hand (Winne 2017).

When it comes to the measurement of SRL, several considerations are reflected in the
different forms of measurement. First of all, a distinction can be made between online and
offline measures (Schellings 2011; Veenman 2005), depending on the timing of the measure-
ment. Online measures (sometimes called process measures) take place during the perfor-
mance of the actual learning task. Examples include think-aloud protocols, systematic
observations or computerized traces with log data. Offline measures are collected either before
or after task performance. Self-report questionnaires usually fall into this category. It is
important to note that, although this terminology can be somewhat misleading, the distinction
between online and offline measurements does not refer to the mode of administration (i.e.,
whether or not the Internet is used), but to the timing of measurement (before/after or during
task performance). For example, a questionnaire that is administered electronically after task
performance will still be considered an offline measurement, while a micro-analytic question
administered on paper during task performance is an online measurement.

Another important construct in the context of this review is the concept of calibration,
which can be defined as the degree of correspondence between an individual’s self-report of a
certain cognitive construct versus the actual, online value of this construct (Winne and
Jamieson-Noel 2002). This calibration can focus on process variables, for example on the
degree of overlap between students’ self-reports of cognitive strategy use and their actual
strategy use, or on outcome variables, such as the level of correspondence between students’
estimated achievement and their actual achievement (e.g. judgments of learning, Schneider
2008). The focus of this review is on calibration in terms of process variables.

Finally, SRL can be measured at different levels of granularity. Granularity refers to level of
detail at which self-regulatory processes are measured. SRL can be measured on a coarse
grained level when looking at global SRL process phases, as opposed to fine grained SRL
measurements that focus on students’ micro-level SRL processes (Azevedo 2009).

Reflecting these different considerations at varying levels, different methods have been
applied to measure SRL. The traditional way to measure SRL is through self-report question-
naires. Examples include the Motivated Strategies for Learning Questionnaire (MSLQ;
Pintrich et al. 1991), the Learning and Study Strategies Inventory (LASSI; Weinstein and
Palmer 2002) and the Metacognitive Awareness Inventory (MAI; Schraw and Dennison 1994).
Self-report questionnaires tend to treat SRL as a stable aptitude or trait belonging to an
individual, giving an indication of how an individual usually approaches learning tasks,
thereby aggregating these approaches to studying across studying contexts, episodes and tasks
(Schellings 2011; Schellings et al. 2013; McCardle and Hadwin 2015). A main reason for the
popularity of self-report questionnaires is the ease with which they can be administered and
analyzed, making it possible to examine large samples of learners (Schellings and Van Hout-
Wolters 2011). However, increasingly large numbers of researchers in the field have stated
objections to this approach to measuring SRL (Veenman 2005; Winne et al. 2002; Winne and
Perry 2000). These criticisms can be roughly divided into two concerns.
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The first concern regards the treatment of SRL as a dynamic and context dependent process
versus a static and stable trait. SRL is considered to be a context-dependent process, and SRL
strategies employed by students may vary both across and within learning tasks and contexts
(McCardle and Hadwin 2015; Winne and Hadwin 1998; Bråten and Samuelstuen 2007). For
example, students may employ different strategies when preparing for an exam, as opposed to
reading for a class assignment (Bråten and Samuelstuen 2007). In a similar vein, students may
need to employ different strategies for a mathematics course, as opposed to a humanities
course. Furthermore, as described above, most SRL models view SRL as a dynamic,
adaptive process. Students’ motivation and use of learning strategies may fluctuate over
the course of learning (Moos and Azevedo 2008). Although it is possible to account for
this by applying short micro-analytic questionnaires at various points during the learning
process (Cleary et al. 2015), most common self-report questionnaires are not suited for
this purpose. Measurement methods that treat SRL as a static trait, despite the dynamic
nature of the underlying models, are considered to be not sensitive enough to these subtle
changes in students’ SRL. Important information may be lost as a result, making it
impossible to answer research questions involving fluctuations in students’ SRL strate-
gies within and across learning tasks, and interactions with learner and context charac-
teristics (McCardle and Hadwin 2015).

The second concern regards the issue whether students have the capacity to self-report their
use of self-regulatory strategies. Traditional self-report measures of SRL require students to
retrieve information about their strategy use from their long-term memory. This can be
problematic for four reasons. Firstly, students are likely to have imperfect memory and these
memory deficits may cause them to incorrectly report their strategy use. They may overrate the
incidence of common events, while underrating the incidence of rare events (Perry and Winne
2006; Tourangeau et al. 2000). Additionally, it is possible that some SRL processes occur
subconsciously, leaving students unaware of using them (Perry and Winne 2006). Secondly,
the general nature of most self-report questionnaires may leave students uncertain about the
context from which to draw the report of their strategy use. This may lead different students to
use different contexts when answering the same questionnaire, or individual students to
confuse several contexts in which they applied different strategies (Perry and Winne 2006;
Schellings 2011). Thirdly, the structured nature of self-report questionnaire items may lead to a
situation where students indicate their perceived value of a strategy reflected in a questionnaire
item, rather than their actual use of this strategy (Bernacki et al. 2012; Bråten and Samuelstuen
2007). The fourth problem is that students may be inclined to provide socially desirable
answers, reporting strategies that they think will please their parents, teachers or the
researcher (Bråten and Samuelstuen 2007). In addition to this social desirability, stu-
dents’ ability to report their own use of strategies may also be influenced by how familiar
they are with the strategies in the questionnaire. Specifically, learners who have insuf-
ficient declarative knowledge about self-regulatory strategies may incorrectly label the
strategies they report using (Veenman 2011).

As a result of these issues, researchers have increasingly advocated the use of other, online
measures of SRL, in order to adopt a multi-method approach (Veenman 2005; Winne 2010).
Examples include systematic observations in which the researcher observes students’ outward
behavior using a systematic, structured observation instrument (Perry 1998), think-aloud
protocols which require students to verbalize their thoughts while working on a task
(Ericsson 2006), and trace data in which time-stamped log files are created displaying
students’ actions in an online learning environment (Winne 2010).
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The theoretical background outlined above led us to formulate the following two research
questions: 1) How do offline self-report questionnaires compare to online forms of measure-
ment in terms of calibration of students’ self-report of strategy use, versus their actual strategy
use? 2) Does the degree of calibration vary as a function of the granularity at which SRL is
measured? Although SRL is important for students at all educational levels, this review
focuses on studies conducted with students in higher education. This decision was made based
on two reasons. First, research has shown that the nature and development of SRL is very
different for individuals of different age groups (e.g. Schneider 2008). Second, as already
hinted at above, the nature of learning in higher education is different than in earlier levels of
education, with more demands being placed on students in terms of information seeking and
independence. As a result, it would be ill-suited to make the comparison over different age
groups at this point. We chose to do a narrative review rather than a meta-analysis for two
related reasons. First, very few studies have addressed the measurement of SRL in such a
manner that a comparison can be made between students’ offline self-reports versus an online
form of measurement. Second, in several cases where this comparison was possible, it was not
the explicit goal of the research, but rather a byproduct of careful triangulation, thereby giving
no statistics or effect sizes for the actual calibration. As a result of these factors, a proper meta-
analysis with appropriate effect sizes and sufficient power (Pigott 2012) may not be possible,
and a more narrative approach is warranted.

Methods

Search strategy

We conducted a search for English, peer-reviewed articles in the following databases: BioMed
Central, ERIC, Medline, PsycInfo, Web of Science and PubMed using the search terms self-
regulated learning calibration, (self-regulated learning) AND measur*, and metacognit* AND
measur* AND higher education. Different combinations of these search terms yielded similar
results. Furthermore, the reference lists from the included articles were screened for other
relevant publications. We limited our search to include articles between January 2000–May
2016.

The initial search was conducted by the first author, yielding a total of 2059 hits. Based on
initial title screening, 580 unique studies were included for abstract screening. After this, fifty-
one studies were selected for potential inclusion. These studies were screened by two
independent raters. Disagreements regarding inclusion versus exclusion of a study were
resolved through discussion. We only included articles which focused on original research
with students from higher education, which used and/or compared both offline self-report and
an online SRL assessment tool to make a comparison between these different measurements.
This resulted in the final inclusion of 14 studies.

Quality assessment

Buckley and colleagues (2009) recommend the following quality criteria on which to base
judgments about whether or not to include studies in a review: (1) Does the article provide a
clear indication of the research questions and hypotheses of the study? (2) Are the study
participants suitable for the specific study in terms of sample size, selection method,
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participant characteristics and homogeneity? (3) Have the researchers used valid and reliable
data collection methods? (4) Judgment regarding completeness of data. How many partici-
pants have dropped out of the study? Specifically, the study should have less than 50%
attrition, or a response rate of at least 60% in case of survey-based studies. (5) Have the
authors applied an appropriate control for confounding, accounting for or removing confound-
ing variables if possible? (6) Is the analysis of results (statistical or otherwise) appropriate? (7)
Do the data provide support for the conclusions drawn by the researchers? (8) Is sufficient
information provided in the article to enable reproducibility of the study? (9) Does the article
concern a prospective rather than a retrospective study? (10) Did the authors attend to all the
ethical issues relevant to the study? (11) Was triangulation applied, supporting the results with
data from multiple sources? In order for a study to be considered of high quality, Buckley et al.
(2009) suggest that at least 7 of the 11 quality criteria must be met.

The first and second author independently judged the quality of the studies that were
included. A three-point scale was used to judge quality on each of the criteria (+, ± , −).
Disagreements were resolved through discussion. On the basis of these quality criteria, all
studies were retained in the review. Table 1 summarizes these quality criteria.

Results

When reviewing the literature, we found that in terms of granularity, a general distinction can
be made between studies that measure and compare the use of specific self-regulatory
strategies, such as highlighting, note creation (fine grained), for at least one of the measures,
versus studies measuring a global degree of self-regulatory strategy use (coarse grained), using
total scores for self-regulatory activity or scales. Making this distinction led to different
conclusions in terms of calibration, as described further below. We will first describe the
studies comparing specific strategies, followed by a description of the studies comparing
students’ global level of self-regulation. Tables 2 and 3 provide an overview of the findings
of this review, separated by method of comparison.

Comparison of specific strategies

Ten studies were retrieved that made a comparison between self-reports and online measure-
ments in terms of students’ use of specific SRL strategies. These studies can be clustered
according to the form of online measurement that was used. We will discuss seven studies
using trace data (with four studies focusing on specific learning strategies, and three other
studies using goal theory as a starting point), one study using think-aloud protocols, one study
using eye movements, and one study online forms of self-report, respectively.

One of the first studies since 2000 to compare offline self-report data with an online
measure was conducted by Winne and Jamieson-Noel (2002). These researchers used traces
of students’ behavior in a software program called PrepMate as an online measure to study the
degree of calibration in terms of students’ achievement (alignment between students’ predic-
tion of achievement and their actual achievement) and self-report of study tactics (alignment
between self-reports and traces of study tactics). Students studied a chapter on lightning
formation, with achievement being measured using six items addressing all levels of Bloom’s
taxonomy (Bloom et al. 1956). Questions were worth either five or ten points. After answering
a question, students were asked how many of these points they would give themselves, based
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on the answer they provided to this question. The self-report questionnaire asked students in
how many of the seven paragraphs of the text they had used the respective study strategies (for
a full list of strategies, see Winne and Jamieson-Noel 2002). Two items on planning were
measured dichotomously and scored as no-planning = 0 or planning = 7. Calibration in study
tactics was measured by comparing students’ responses on the questionnaire to their behavior
in PrepMate, making a comparison between the number of paragraphs in which students
reported using the specific study strategies, versus the number of paragraphs in which they
were shown to have used these strategies in PrepMate. It was found that despite a consistent
general tendency for overconfidence, students were quite well calibrated in terms of their
achievement, with a median calibration of r = .88 (although quite some variability among
different items was found). More importantly however, there was a higher degree of bias and
low calibration in students’ reporting of their use of study tactics, with a median calibration of
r = .34. Lowest calibration was found for students’ reports of setting objectives and planning a
method for the learning task. Furthermore, calibration of study tactics was not related to
achievement, while prior knowledge and calibration of achievement were in fact related to
achievement. In other words, the degree to which students were able to accurately report their
use of study tactics was not related to achievement, but students with higher achievement
scores were better able to predict their achievement, when compared to lower achieving
students. This indicates that these two forms of calibration tap into different constructs. Prior
knowledge was not related to either form of calibration.

In a follow-up analysis, Jamieson-Noel and Winne (2003) again found significant differ-
ences between students’ self-reports of their study tactics and traces of their actual studying
behavior. To investigate the predictive value of traces and self-reports on achievement, separate
regression analyses were run for both measurement types. Interestingly, when constructing a
measure of traces and self-reported overall SRL intensity by averaging the trace scores and
responses to the self-report items respectively, results showed that self-reported SRL intensity
(i.e. perceived effort spent with the application of study tactics) significantly predicted
achievement (explaining 16% of the variance in achievement), while no contribution was
found for traces. After clustering strategies to reflect the planning and learning phases in

Table 3 Schematic overview of studies comparing global strategy use, with + indicating high calibration, −
indicating low calibration, and +/− indicating mixed results

Reference Online Offline Type of task Calibration? Achievement
predicted by?

Cooper et al.
(2008)

IMMEX Prospective self-report
(Metacognitive
Activities
Inventory; MCAI)

Chemistry
problem-solving

+ Online/offline

Nguyen and
Ikeda (2015)

Trace data MSLQ University courses + n.a.

Sandi-Urena
et al. (2011)

IMMEX Prospective self-report
(Metacognitive
Activities
Inventory; MCAI)

Chemistry
problem-solving

– Offline

Wang (2015) Think-aloud Inventory of
Metacognitive
Self-Regulation
(IMSR), confidence
judgments

Chemistry
problem-solving

+ Online/Offline
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Winne and Hadwin’s (1998) model of SRL (planning, learning, reviewing and monitoring),
traces again did not predict students’ achievement. For self-reported strategies, the monitoring
phase did emerge as a significant predictor of achievement, explaining 23% of the variance in
achievement. It is however important to note that there was no trace for the phase of
monitoring, making it impossible for this phase to emerge as a traced predictor. When
examining individual tactics, amount of note taking (operationalized as the number of para-
graphs in which a student created at least one note) was the only tactic that was a significant
predictor when using trace data (23% of variance in achievement explained). In the analysis of
self-reports, the significant predictors were reviewing text and review of pictures. In a final
analysis, the authors entered both the traces and the self-report items in one blocked regression
analysis. In this analysis, the trace for amount of note taking remained a significant predictor of
achievement, as well as the self-report items for reviewing text and reviewing pictures,
explaining 17% and 26% of the variance in achievement, respectively. Principal component
analyses also indicated that traces reveal different forms of SRL than self-reports, with trace
data indicating a more active way of studying.

Another study that analyzed students’ online traces was conducted by Hadwin et al. (2007).
Hadwin et al. (2007) used a similar software program called gStudy to compare eight students’
self-reports of self-regulated learning strategies on the MSLQ to their actual use of specific
self-regulatory strategies as measured by the traces. Students studied a chapter in a course on
introductory educational psychology, which would later be tested on a final exam (no
information is given about the content of this exam or students’ achievement on this). They
clustered students based on their responses to the MSLQ into High, Medium and Low self-
regulators. They then tried to identify similarities within clusters in terms of traced study
activities. It was found that there were few similarities between students within the same
clusters (with even the most highly calibrated students showing good calibration on only 40%
of studying activities), indicating that there may be a low calibration between students’ self-
reports and their actual use of self-regulated learning strategies.

Finally, a study using online traces was conducted by Hadwin et al. (2004), who clustered
eight students into the categories of High, Average, Low and Improved performers on the basis
of their progression in test performance achievement from pretest to posttest. A software
program called CoNoteS2 was used to collect traces of students’ studying activities while
studying three chapters on sex differences in the context of an instructional psychology course.
These trace data were compared with weekly self-report reflections that students wrote
regarding their studying tactics. Achievement was measured by students’ recall at three levels
(unistructural, multistructural and relational), thereby essentially covering text recall and
comprehension. They found that High performers were better calibrated than Low performers.
However, they also found that studying activities as identified by traces could not indepen-
dently explain the students’ performance developments, indicating the need for additional
measures to come to a complete picture.

Zhou and Winne (2012) investigated calibration of a different aspect of SRL, focusing on
the comparison of specific achievement goals as measured by self-reports versus trace data.
Self-report data were collected with the Achievement Goal Questionnaire (AGQ; Elliot and
McGregor 2001). Trace data were collected in gStudy (Winne et al. 2006). In gStudy,
participants studied an article about hypnosis, in which they were presented with a predefined
set of hyperlinks and tags related to each of the four goal orientations (e.g. BI want to learn
more about this^ as an indicator of a mastery-approach goal). Goal orientations were inferred
by counting the number of hyperlinks students clicked and the number of tags they used.
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Achievement was operationalized as text recall and text comprehension. For all goal orienta-
tions, there were significant differences between students’ self-reports of their goal orientations
and the traces collected in gStudy, with effect sizes ranging between d = 1.39 and d = 3.94. A
significant correlation with reading achievement posttest performance was found for traced
goal orientations (correlation coefficients ranging between rτ = .17 and rτ = .23), but not for
self-reports.

Also focusing on goal theory, Adesope et al. (2015) investigated whether achieve-
ment goals could influence the use of learning strategies, and whether these learning
strategies could in turn influence students’ online learning behavior. The authors used
the Goal Orientation Questionnaire (GOQ; Nesbit et al. 2008) to measure students’ goal
orientation. Learning strategies were measured using the MSLQ. Students’ learning
behavior was measured while studying an electronic chapter in gStudy (Winne et al.
2006). Although trace data were used in addition to the self-report questionnaire rather
than the two measures being explicitly compared, it is interesting to note that there was
a predictive relationship between the questionnaire subscales and learning behavior.
Specifically, effort regulation and task value, as measured by the MSLQ, showed a
positive predictive relationship with the number of notes and tags that were created in
gStudy, as well as with duration of study and the total number of actions completed in
gStudy. Furthermore, except for rehearsal, the different learning strategies measured by
the MSLQ (elaboration, organization, and metacognitive self-regulation) showed posi-
tive correlations with learning behavior, with elaboration showing positive correlation
with study duration, the total number of actions, and the total number of notes and tags
created, organization showing positive correlations with the total number of actions and
the total number of notes and tags created, and metacognitive self-regulation showing a
positive correlation with the total number of actions and the number of tags created.
Correlation coefficients ranged between r = .21 and r = .42. This predictive relationship
between self-reported learning strategies and students’ actual behavior indicates that the
MSLQ does in fact tap into an important construct and that students might actually be
relatively successful in reporting their use or the importance they assign to these
strategies.

Finally, Bernacki et al. (2012) used a trace methodology to examine possible relationships
between students’ achievement goals, strategy use and comprehension performance. Although
they did not make an explicit comparison between traces and self-reports in this study, a
comparison was made to earlier studies answering the same research questions using self-
report questionnaires. Students used nStudy to study texts on human development and ADHD,
with achievement being operationalized as text comprehension. Goal orientation was mea-
sured with the Achievement Goals Questionnaire-Revised (Elliot and Murayama 2008). Trace
data only replicated a portion of the relationships between goal orientations and learning
strategies that were previously reported in self-report studies. Specifically, performance ap-
proach goals did not predict any learning strategies, while mastery goals predicted strategies
associated with organization and elaboration (specifically note taking and information seek-
ing), and marginally predicted metacognitive monitoring (specifically monitoring of progress),
with effect sizes ranging between .13 and 2.75, leaving a general pathway from mastery goals
to strategies. Performance avoidance orientation showed a negative relationship with note
taking and information seeking behavior, with effect sizes of −1.34 and − .31, respectively. The
results indicate incongruence between self-reports and trace data for goal orientations, calling
into question the validity of self-reports for the measurement of this metacognitive construct.
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Situation model comprehension (but not text based comprehension) was predicted by traces of
highlighting and progress evaluation, with effect sizes of .05 and .06, respectively.

Furthermore, self-reports of SRL were compared with think-aloud protocols. De Backer
et al. (2012) used the prospective Metacognitive Awareness Inventory (MAI; Schraw and
Dennison 1994) and a think-aloud protocol to investigate the effect of a reciprocal peer
tutoring intervention on students’metacognitive knowledge and strategy use. Students worked
on authentic assignments in the context of instructional sciences, requiring critical thinking,
problem solving, negotiating and decision making. The questionnaire data and think-aloud
protocols showed diverging results. While MAI scores revealed no difference in metacognitive
knowledge and regulation between pretest and posttest, think-aloud data showed an increase in
the frequency of use of metacognitive skills, with effect sizes ranging between d = .45 and
d = 3.12, as well as an increase in the variation of metacognitive skills.

Furthermore, we found one study that used eye movements as the online measure when
making the comparison with offline self-reports. Susac et al. (2014) used eye-tracking data to
study students’ strategies when rearranging algebraic equations. Eye-tracking data were
compared to a self-report questionnaire in which students had to indicate which strategies
they had used during the task. Results indicated incongruence between students’ self-reports
and eye-tracking data. Eye-tracking scan paths revealed several strategies that students did not
report in the self-report questionnaire. For example, of the 15 students who indicated that they
never checked the provided answers, 51.5% of trials in fact showed a return in eye movements
to the answers. In other words, students’ metacognitive calibration appeared to be limited,
although considerable individual variability was found. Participants who showed higher
accuracy in their metacognitive judgments were more successful in efficient equation solving,
when compared to students with lower metacognitive accuracy. Furthermore, the eye-tracking
data provided a more reliable prediction of equation difficulty, when compared with students’
self-reported difficulty rankings. Finally, these eye-tracking measures predicted students’
performance in terms of inverse efficiency. Inverse efficiency was operationalized as the ratio
between response time and accuracy. Low efficient students showing a higher number returns
from answers back to equations than high efficient students, a result which the authors
explained by suggesting that high efficient students had better insight into where they should
looking, thereby requiring fewer returns. However, the authors did not compare this result to
the questionnaire data.

Finally, some studies have compared the use of offline self-report questionnaires to online
forms of self-report. Cleary et al. (2015) compared students’ responses to the MSLQ to their
responses to self-report micro-analytic questions delivered to the students by the examiner,
assessing exam preparation. The relationship between students’ MSLQ scores and their
responses to the micro-analytic strategy questions was not significant. Furthermore, the
micro-analytic strategy questions were a better predictor of students’ academic performance
than the MSLQ. Specifically, there were no significant correlations between exam scores and
MSLQ scales, while the weighted micro-analytic strategy measure significantly predicted
students’ grade on the final exam, with a correlation coefficient of r = .29.

Overall, studies that focus on the use of specific strategies when comparing self-report
questionnaires with behavioral measures indicate low calibration between the two forms of
measurement (Adesope et al. 2015; Bernacki et al. 2012; Cleary et al. 2015; De Backer et al.
2012; Hadwin et al. 2004, 2007; Jamieson-Noel and Winne 2003; Susac et al. 2014; Winne
and Jamieson-Noel 2002; Zhou and Winne 2012). Traces tend to have a higher predictive
value in terms of achievement than self-reports.
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Comparison of global use of self-regulatory strategies

As opposed to the 10 studies comparing different types of measurement for specific self-
regulatory strategies, four other studies have focused on a global measure of self-regulation,
using total or subscale scores that aggregate different self-regulatory strategies. Three studies
focused on problem-solving, while one study used an electronic portfolio system.

Cooper et al. (2008) developed a multi-method instrument to measure students’ metacog-
nition in chemistry problem-solving across time. In order to do so, they compared students’
answers on the prospective self-report Metacognitive Activities Inventory (MCA-I; Cooper
and Sandi-Urena 2009) to their study strategies in an online problem-solving environment
called IMMEX. In IMMEX, students work on ill-defined chemistry problems while their
problem-solving activities are recorded. For example, the number of relevant information
pieces considered before trying to solve a problem is used as an indicator of planning. The
researchers found convergence between their self-report instrument and students’ behavior in
the online environment, in the sense that students who performed more metacognitive
strategies in the online environment also had higher scores on the questionnaire, as compared
to students who executed fewer metacognitive strategies. Furthermore, there was a significant
correlation between students’ problem-solving performance and their strategy use in the online
environment, as well as with their scores in the self-report questionnaire.

In a later study on problem-solving, Sandi-Urena et al. (2011) used the MCA-I and the
IMMEX environment to assess the effects of a cooperative intervention on students’
metacognitive awareness and strategy use. In this study, the intervention led to a decrease in
self-reported metacognitive strategy use (interpreted by the authors as an increase in
metacognitive awareness) as measured by the MCA-I (with an effect size of d = .10 for the
difference between the two groups at posttest), but no changes were observed in actual use of
metacognitive strategies in the IMMEX environment. Regardless of the direction of the results
and the interpretation of this (a decrease in metacognitive strategies versus an increase in
metacognitive awareness), the inconsistency between the self-report questionnaire and the use
of metacognitive strategies in the IMMEX environment points to an incongruence between
students’ self-report and the trace data. As an explanation for this incongruence, the authors
propose that the MCA-I might put a greater emphasis on reflection, rather than metacognitive
skill application. However, we propose it could also be due to a greater sensitivity of the MCA-
I to changes from pretest to posttest, or a lower validity of this instrument with students
reporting socially desirable answers as a result of having been exposed to the intervention.
Interestingly though, the intervention did lead to an increase in students’ problem-solving
ability, suggesting that the increase in MCA-I scores might have tapped into an actual change
in students’ strategies.

Finally, Wang (2015) used a multimethod approach to investigate the general and task-
specific aspects of metacognition in different topics in chemistry problem solving (molecular
polarity and thermodynamics). Self-reported metacognitive skill was measured with the
Inventory of Metacognitive Self-Regulation (IMSR; Howard et al. 2000). Concurrent
metacognitive skill was measured using a think-aloud protocol. Furthermore, confidence
judgments and calibration accuracy values were obtained. Results indicated a significant
association between self-report questionnaire scores and concurrent metacognitive skill use
as measured by the think-aloud protocol (with a correlation coefficient of r = .36 for the
thermodynamics task, and r = .49 for the molecular polarity task). For the task on molecular
polarity, both the self-report questionnaire and the think-aloud protocols showed a significant
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correlation with performance (r = .39 and r = .55, respectively). For the thermodynamics task,
only the think-aloud protocols showed a significant correlation with performance (with a
correlation coefficient of r = .40). The author concludes that the self-report questionnaire
assesses a context-independent, general and common aspect of metacognition, while think-
aloud methodology assesses context-specific metacognition.

Nguyen and Ikeda (2015) developed and evaluated an electronic portfolio system to
support SRL in students in the context of two university courses with ICT topics. They used
the MSLQ to measure self-reported SRL strategies and examined traces in the ePortfolio
environment to assess students’ actual use of strategies. Results indicated differences from
pretest to posttest and between experimental groups for MSLQ scores, congruent with overall
increases in SRL strategies observed in the trace data, which could be interpreted as calibration
of self-reported study strategies.

Taken together, these studies (Cooper et al. 2008; Nguyen and Ikeda 2015; Sandi-Urena
et al. 2011; Wang 2015) indicate that when studies examine the global level of self-regulation,
students are relatively well able to report on their use of self-regulatory strategies. This is in
contrast with the results from the studies comparing specific self-regulatory strategies, where
low calibration is found between the two types of measurement. There appears to be individual
value of self-reports of global self-regulation when predicting academic achievement. Self-
reports of strategy use can predict achievement, over and above the predictive value of the
trace data that were used in the studies. These differential results indicate that different types of
measurement (self-report versus online measures) are appropriate for different types of
research questions or interventions, a point further elaborated upon in the Discussion.

Discussion

In this review, we compared offline self-report questionnaires with online behavioral
instruments to assess self-regulated learning. Granularity was found to be an important
construct when it comes to the comparison between offline self-reports and online
measurements, influencing the level of convergence between students’ self-reports and
behavioral indicators of SRL. Studies that indicate high calibration are mainly those with a
focus on students’ global use of self-regulatory strategies (coarse grained). Studies that
focus on calibration of concrete self-regulatory strategies (fine grained) generally indicate
a low degree of calibration. Apparently, students are able to report on overall degree,
increase or decrease of their use of self-regulatory strategies in general, indicating cali-
bration when SRL is measured at this coarse grain size. However, they have difficulty
pinpointing the exact strategies they use when SRL is measured at a fine grain size.
Depending on the researcher’s specific research question or problem statement this may or
may not be a problem. For example, when creating an intervention to increase students’
global metacognitive awareness, it might be sufficient to measure this with a self-report
questionnaire. Furthermore, in order for interventions to be effective, it is important to also
take into account the students’ perceptions about their own self-regulatory abilities (Perry
and Rahim 2011). Self-report can play an important role in this regard. However, when
focusing on the development of specific self-regulatory strategies, for example in the
context of an intervention to develop deep learning strategies in students, the use of more
online measures of SRL (e.g. trace data) might be warranted. If a link should be made to
learning outcomes, trace data have been found to be a more powerful predictor.
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However, as with any form of measurement, it is important that the online measurements
represent a valid way of assessing SRL. When using online measures of SRL, the
operationalization of strategies is an important consideration. Both computerized log data
(Winne 2010) and measures such as eye-tracking (Kok and Jarodzka 2016) are meaningless
without the use of a sound underlying theoretical model. It is important to realize that
behavioral measures may obscure mental operations, which could in fact be captured by
self-report. For example, Winne and Jamieson-Noel (2002) defined students’ planning of a
method as scrolling through the text before performing any of the other traced learning
strategies. They found that method planning was one of the strategies in which students were
especially poorly calibrated. While they used a very plausible operationalization, it is also very
well possible this planning occurred entirely in students’ heads. In fact, a notable exception to
the general finding that traces have a higher predictive value for achievement than self-reports
is the study by Jamieson-Noel and Winne (2003), in which traces of SRL intensity did not
predict achievement, while self-report of SRL intensity did. Clusters of traces reflecting the
different phases in Winne and Hadwin’s (1998) SRL model also did not predict achievement,
while self-reports of monitoring did. This might be due to the fact that in this analysis, traces
were again clustered to reflect global scales. In fact, when zooming in on individual strategies,
some traces did predict achievement. Also, the study included no traces for monitoring,
making it impossible to find a traced effect of this scale on students’ achievement. In order
for research on self-regulated learning and calibration to advance further, there is a need for
agreement on an overarching framework of SRL strategies and how to measure them in
electronic learning environments or other behavioral measures. In order for this to be possible,
a firm theoretical grounding is important. Measures of SRL should be closely aligned to their
underlying models, which in the reported studies is often not the case.

The distinction between measurement of global SRL versus specific strategies could also
explain why the behavioral measures of SRL (traces, think-aloud protocols, micro-analytic
questions and eye-tracking data) tend to be better predictors of academic achievement than
students’ self-reports. It is conceivable that achievement can be predicted by some strategies
(the Bgood^ ones) but not by others, precluding the predictive value of measures of Bglobal^
self-regulation, as these tend to aggregate students’ responses over multiple occasions and
combine multiple different strategies into a few subscales. For example, it has been found that
deep strategies such as elaboration and organization are more effective than more shallow
strategies such as rehearsal (Pintrich et al. 1993), and even within these categories, some
strategies are likely to be more effective than others. For example, when studying materials
focusing on connections between constructs it might be helpful to use organization strategies,
while strategies related to elaboration might be more appropriate for grasping global theories
and systems. Furthermore, different strategies may be more effective and/or better calibrated at
different phases of learning (Greene and Azevedo 2007). Methods that aggregate such
strategies are likely to obscure potential effects on achievement. Future research should focus
on clearly delineating the predictive effect of individual strategies on specific learning tasks in
higher education, in order to further inform interventions to enhance SRL in students.

In recent years, researchers have also emphasized the social aspects involved in SRL (e.g.,
Hadwin et al. 2011; Hadwin and Oshige 2011; Järvelä and Hadwin 2013). Rather than treating
the social context as one of the components in the SRL process, these researchers place shared
knowledge construction at the center of learning (Hadwin et al. 2011). This perspective has
implications for the way in which SRL should be measured. Specifically, measurements
should be used that are able to capture this reciprocity (Hadwin et al. 2010), without ignoring
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the temporal and sequential aspects of the interactions (Molenaar and Järvelä 2014). The trace
data measurements outlined in this review can play an important role in such research (Hadwin
et al. 2010). When properly designed, they can offer an efficient, highly detailed alternative to
traditional classroom observations. Related to this point, future research could also examine to
what extent the accuracy of students’ self-reports of strategy changes in an isolated individual
versus a social context.

Some weaknesses should be noted. An interesting finding that emerged from the review is
that the level of convergence between students’ self-reports and behavioral indications of SRL
depends on the granularity of measurement. When comparing specific self-regulatory strate-
gies, students seem unable to self-report on their strategy use. Conversely, when comparing
global self-regulation, a higher level of convergence is found. However, only few studies have
set out to compare the use of self-report questionnaires to more online forms of measurement.
The number of studies that have focused on global self-regulation, as opposed to specific
strategy use, has been particularly small. Sample sizes are sometimes small and many of the
studies have been conducted by the same groups of researchers. These considerations led us to
conduct a narrative, rather than a systematic review. Consequently, the field could be further
advanced by more research by different groups of researchers in different populations of
students, in order to replicate the results found in this review. In the future, these studies could
be synthesized into a more systematic review or meta-analysis of the literature, providing
clearer insight into the individual value of both self-reports and behavioral indicators of SRL.
Finally, we have focused this review on SRL strategies in students in higher education. It can
be expected that there will be differences in SRL and calibration between different age groups.
It would be interesting to make this comparison for other age groups as well.

Furthermore, the studies included in this review suffer from another weakness inherent in
the use of self-report. Specifically, without an external criterion of self-regulation, it is difficult
to establish whether self-regulation has occurred in the first place. We have attempted to
mitigate this problem in this review by only including studies that made a comparison with an
online form of measurement, but since online measurements also require considerable
operationalization and interpretation, we can never be entirely sure about the nature of the
constructs being compared. This issue highlights the importance of properly triangulating
measures in research on self-regulated learning.

Finally, the studies described in this review employed several different task types (problem
solving, text comprehension, etc.). To our knowledge, research has not focused on how the
overlap between students’ self-report versus online measures of their self-regulation might
differ according to task type, which is surprising given the fact the literature does indicate
differences in self-regulation according to the context (McCardle and Hadwin 2015; Winne
and Hadwin 1998; Bråten and Samuelstuen 2007). It fell beyond the scope of this review to go
into a detailed comparison according to task type, but this could be a fruitful area for further
research.

The main conclusion that can be drawn from this review is that self-report question-
naires have their own value in educational research and remediation, in the sense that they
might give a relatively accurate insight into students’ global level of metacognition,
serving as a starting point for more precise interventions. Furthermore, when students’
perceptions of their self-regulation are the focus, self-reports can be instrumental in
providing this insight (Perry and Rahim 2011). What matters is that researchers and
educationalists think carefully about the research questions or problems they wish to
address, being aware of the affordances and limitations of different measurement methods,
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and align their measurements to the issues at hand. Although these conclusions and
implications are not highly specific, this observation provides us with important informa-
tion about the state-of-the-art of research in this field. As Winne (2017) states: BBecause
expressions of metacognition in SRL are complex, research upon which to base practice
may appear piecemeal, failing to paint a whole picture^ (p. 45). We hope that this review
can be a first step in the direction of a more complete picture.
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