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There is ample evidence that the study of self-regulation and
self-regulated learning (SRL) in particular is of significant
importance in education and in the understanding of the
variables that influence learning. In this context, the role
of assessment is central to the current work in the field of
self-regulation research, to the conceptualizations derived
from empirical work, and to the operationalisation of its
concepts in individual and classroom implementations (E. C.
Cascallar and M. Boekaerts, 2006).

Self-regulation is a complex construct to define and
to operationalise. The various conceptualizations of self-
regulation all presuppose a detailed accounting of many
different components, each of them represented by a variety
of proxy variables which can be measured to establish
the appropriate level at which the individual or group in
question is functioning or performing. These assessments
involve an evaluative process in order to estimate the
level of performance, achievement, or functioning, through
a consistent methodology that rigorously estimates and
scales individual or group results based on predetermined
standards or on normative performance data.

In recent years technology has had an enormous impact
in improving both the quality and the utility of assessment.
New technology-driven infrastructures have contributed to
the quality of assessment systems. These technologies, and
the conceptual advances they have enabled, have been
instrumental in increasing the potential for new feasible

designs of instruments, programs, and applications. In the
field of SRL, the use of these technologies, new statistical
and modeling methodologies, and conceptual advances
in the understanding of self-regulated learning, have all
contributed to advances that have enriched and also changed
this field of study.

There is an extensive literature on SRL and its interac-
tions with several environmental and student characteristics.
Although several theoretical models have been developed,
different authors have focused on several different dimen-
sions or components. While most of them agree that SRL
is a complex and dynamic interaction of cognitive, affective,
social, and volitional processes in the service of one’s own
goals, the field is still lacking a unified perspective on these
complex phenomena. Definitions of SRL as a relatively stable
individual inclination have been shifting to other definitions
of SRL as a complex process in situated learning conditions.

Papers in this special issue share this last perspective con-
sidering multiple processes and their interrelations between
student and task/context. Six papers contrast different
theoretical and empirical frameworks and collectively show
how new methodologies can address the complexities of
the interactions of the variables involved. These papers
either contribute to a better prediction and understanding
of learning outcomes, or they focus on new integrative con-
ceptualizations of the field. Thus, the purpose of this special
issue is to consider new methodological and conceptual
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developments in the understanding of self-regulated learning
in different domains such as: academic success, mathematical
performance, and successful professional development.

T. J. Cleary, G. L. Callan and B. J. Zimmerman
describe the essential features of a contextualized assessment
approach, namely Self-regulated Learning Microanalysis,
which encompasses elements of both self-report and event
measures. The authors review the most relevant research
related to the use of this assessment technique. Moreover,
an interesting guide whose specific microanalytic questions
used to target self-regulation subprocesses (e.g., goal-setting,
strategic planning, etc.) are highlighted, focusing on causal
attributions. The authors finalize their paper discussing sev-
eral educational implications and areas for future research.

Two papers highlight different predictive approaches in
educational assessment: one from a more traditional statisti-
cal perspective using regression, and the other one applying
Artificial Neural Networks (ANN). G. Vanthournout, D.
Gijbels, L. Coertjens, V. Donche (Students’ persistence
and academic success in a first year professional bachelor
program: the influence of students’ learning strategies and
academic motivation) explore whether students’ learning
strategies and academic motivation predict persistence and
academic success in the first year of higher education,
discussing their values and limitations. The authors apply
traditional statistical methods. The other paper which uses
predictive methodologies is entitled “Predicting mathemat-
ical performance: the effect of cognitive processes and self-
regulation factors”, M. Musso, F. Kyndt, E. C. Cascallar and
F. Dochy, examine different cognitive patterns and complex
relations between basic cognitive variables, motivation, and
background variables associated with different levels of
mathematical performance using Artificial Neural Networks
(ANN). It is with the emergence of new methodologies and
technologies, including the use of modeling with predictive
systems as done in this paper, that it is now possible to study
those complex interaction effects and evaluate their impact
with approaches which use a wide range of data or student
productions, to estimate student performance without the
need of traditional testing (M. Boekaerts & E. C. Cascallar,
2006). Results demonstrate a more robust method to predict
and classify different levels of performance, compared with
more traditional methodologies. ANN’s advantages and their
implications for educational research and intervention pro-
grams in educational settings are discussed by the authors.

Two papers invite us to analyse the problem of assessing
on-line the processes involved in self-regulated learning. In
their paper “Metacognitive strategies and test performance: an
experience sampling analysis of students’ learning behavior”,
U. E. Nett, T. Goetz, N. H. Hall and A. C. Frenzel evaluate
the use of Experience Sampling Methods, a longitudinal
and “in vivo” approach that allows an analysis of the
developmental nature of the self-regulated learning process.
Despite considerable research on metacognitive strategies,
the authors open new and specific questions about the
frequency and effectiveness of metacognitive strategy use as
evaluated during the actual learning process. Advantages of
an in-depth assessment of the most effective metacognitive
strategies, comparing the limitations of global measures

with the measurement of situation-specific strategy use,
are discussed. Moreover, the implications for intervention
programs as well as classroom environments are analyzed.
The authors point out the necessity of more and better
methodological research, as well as the need for additional
measures of validity and reliability for data obtained from
experiential-sampling methods.

G. Lust, J. Elen, and G. Clarebout present a study which
investigates the relation between the students’ tool use in a
Content Management System and the students’ strategy use.
Content management systems (CMSs), such as Blackboard
and WebCT, provide a rich toolset with a variety of learning
support to students, giving students control over the use of
these tools. The authors analyze this relationship between
the tools provided and the students’ strategies using K-
means cluster analyse, and find different patterns which
raise interesting questions with respect to students’ tool
perceptions and students’ calibration abilities.

Z. Kohen and B. Kramarski invite us to analyze, from
a teachers perspective, how self-regulated learning processes
can be enhanced to an optimum level, and the problem of
assessing these processes. The authors present one exper-
imental study in real-time teaching using a digital-video
Microteaching environment where the SRL process was mea-
sured as an online event during real-time teaching exercises,
identifying metacognitive and motivational aspects of the
processes. Important implications for practical interventions
using reflective support for teachers’ self-regulated learning
are discussed.

This special issue summarizes recent advances in the
explanation, modelling, and prediction of specific per-
formances in specific contexts, considering self-regulation
factors, with special emphasis given to the technical and
empirical results obtained within the last five years. Together,
the 6 papers make an important contribution to our
understanding of what SR is, how we can assess it in its
entirety, and how we can design intervention programs to
promote effective self-regulatory strategies. We hope that the
ideas and information presented in this special issue will spur
researchers’ interest in designing assessment instruments to
measure the degree to which students and teachers have
acquired and use domain-specific self-regulation strategies.
Although a lot still needs to be learned about how best
to enhance students’ and teachers’ self-regulatory strategies,
we are convinced that the papers in this special issue will
show researchers how new methodologies can be used
successfully to address the complexities of the interactions
of the many variables involved in self-regulation. In our
opinion, it is absolutely essential for the development of a
sound knowledge base on SR to use reliable and valid multi-
dimensional assessment tools that can register progress in the
use of self-regulatory strategies.

Monique Boekaerts
Mariel Musso

Eduardo Cascallar
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A substantial number of research studies have investigated the separate influence of working memory, attention, motivation, and
learning strategies on mathematical performance and self-regulation in general. There is still little understanding of their impact
on performance when taken together, understanding their interactions, and how much each of them contributes to the prediction
of mathematical performance. With the emergence of new methodologies and technologies, such as the modelling with predictive
systems, it is now possible to study these effects with approaches which use a wide range of data, including student characteristics,
to estimate future performance without the need of traditional testing (Boekaerts and Cascallar, 2006). This research examines the
different cognitive patterns and complex relations between cognitive variables, motivation, and background variables associated
with different levels of mathematical performance using artificial neural networks (ANNs). A sample of 800 entering university
students was used to develop three ANN models to identify the expected future level of performance in a mathematics test.
These ANN models achieved high degree of precision in the correct classification of future levels of performance, showing
differences in the pattern of relative predictive weight amongst those variables. The impact on educational quality, improvement,
and accountability is highlighted.

1. Introduction

Although there is substantial research which has investigated
the influences of (a) working memory [1–11]; (b) attentional
systems [12, 13], and (c) motivation [14–20], on mathemat-
ical performance and self-regulation in general, these studies
have looked at the separate effects of these components.
Therefore, we have little understanding and data about how
they impact performance when taken together, understand-
ing their interactions, and how much each can predict the
mathematical performance in an integrated model [21, 22].
New methodologies and technologies, and the emergence of
predictive systems, have focused on the possibility of assess-
ments which use a wide range of data or student productions
to estimate future student performance without the need for
traditional testing [23].

Artificial neural networks (ANNs) have been used in sev-
eral different fields of research and in applied environments,

such as biology [24], business [25], finance [26], medicine
[27], defense [28], meteorology and environmental studies
[29], and in the prediction of terrorist attacks [30]. During
the last few decades, ANNs have been increasingly utilized as
a statistical methodology in applied areas such as classifica-
tion and recognition of patterns in business, finance, and the
social sciences [25, 31–35].

However, the literature shows very few studies applying
neural networks in education and in educational assessment
in particular [36, 37]. Some authors have suggested that
traditional statistical methods do not always yield accurate
predictions [38]. ANNs may improve the validity and the
accuracy of the predictions and/or classifications and also
improve the predictive validity of test scores [36, 39, 40].

The purpose of this research was to develop predictive
classification models that could identify with sufficient pre-
cision three groups of students corresponding to the highest
30%, lowest 30%, and middle 30% of estimated future



2 Education Research International

performance in a mathematics test, utilizing only cognitive,
motivational, and background variables, with no consider-
ation of the mathematics content present in the test or of
any measure of previous mathematics performance. Finally,
in order to compare the predictive power of this ANN-
based approach with more classical statistical methods,
discriminant analyses were used.

It was expected that results would enable the develop-
ment of an “early warning” system which could allow early
and prompt intervention with those students most in need
of support and remediation in mathematics (at the level of
exit from secondary education and/or at the beginning of
university studies). Similarly, this approach could serve to
identify top or advanced students and improve their place-
ment and/or career choice.

2. Theoretical Background

2.1. Working Memory Capacity and Mathematical Perfor-
mance. A large body of literature shows working memory as
a very important construct in several areas, and several stud-
ies have shown its important role in a wide range of complex
cognitive behaviors, such as comprehension, reasoning, and
problem solving [41]. Working memory (WM) is an impor-
tant predictive variable of intellectual ability and academic
performance, consistent over time [1–11, 21, 22, 42, 43].
Nevertheless, it is still not understood precisely how this
basic cognitive mechanism influences specific performance
and how it is related to performance levels in particular areas,
as is the case with mathematical performance.

Working memory capacity refers to the temporary rep-
resentation of information that was just experienced or just
retrieved from long-term memory but no longer exists in the
external environment, and it will be operationalized by the
overall measure of the automated operation span [44]. Inter-
nal representations are short-lived, but can be maintained
for longer periods of time through active rehearsal strategies,
and can be subjected to operations that manipulate the
information in such a way that it becomes useful for goal-
directed behavior. The term working memory is applied to
a system of limited capacity, which is capable of storing and
handling information necessary for the performance of com-
plex tasks such as learning, comprehension, and reasoning
[45]. There are several paradigms to examine the role of
working memory in complex tasks. One important approach
examines it from the perspective of individual differences,
using various working memory span tasks as a research
tool [46–49]. These span tasks (reading, operation, and
spatial spans) are designed to resemble the working memory
demands during the performance of complex cognitive tasks
by placing simultaneous demands on both processing and
storage. Individual differences in WM influence the perfor-
mance in complex tasks [50, 51]. It is possible to assume that
task complexity has an influence on performance because the
increase of complexity demands a greater level of activation
for retrieval of information from declarative memory [50].

Mathematical cognition involves complex mechanisms
or processes such as identification of relevant quantities,

encoding into an internal representation, mental com-
parisons, and calculations [52]. These cognitive activities
are encompassed by working memory. Despite the level
of agreement regarding the close relationship between work-
ing memory and mathematics processing and learning, fur-
ther studies on the role of working memory in mathematical
cognition are necessary to better understand the participa-
tion of task and subject characteristics in the modulation
of performance in mathematical processing and learning
[1, 53].

There is some supportive but not extensive literature
on the critical role of working memory in mathematical
performance [54]. Working memory is related to a variety
of numerical and mathematical abilities used for counting,
which underlie the solution of simple addition and subtrac-
tion problems [2–4, 6–8, 11] in [1, 5, 9, 10, 55], as well
as the solution of complex arithmetic problems [50, 51].
From a perspective of individual differences, and specifically
from the perspective of “math disabilities,” results of various
studies indicate that children with poor mathematics ability
also show low working memory [56–62]. These children
have difficulty in holding information in memory while
performing another activity (e.g., counting) and in inhibiting
irrelevant information [7, 63]. Furthermore, they perform
poorly in measures of the visuospatial working memory and
the central executive [61, 64–67]. However, they do not show
particular problems in phonological working memory tasks
[60, 67].

One of the most recent working memory’s approaches
develops computational models that simulate the effects
of individual differences and/or working memory load
on participants’ performance on various cognitive tasks.
Interesting areas of this approach include the model of
mental algebra [50] and reasoning and problem solving [68].

2.2. Attention and Mathematical Performance. In cognitive
models, attention has been traditionally involved in the con-
trol of intended actions. In this sense, attentional control has
been identified as an important domain in self-regulation
[12, 13].

Specifically, attention problems have been related to
mathematical performance. Inattention is considered as a
risk factor for poor math achievement [69]. Some research
has found that a deficit in sustained attention is correlated
with problems in mathematics (from 26% to 60% [70]).
Other studies have found a low predictive power of atten-
tion considering it together with depressive symptoms and
anxiety [71]. However, most of those studies have used
classical multiple regression analysis to predict mathematical
performance.

Current research findings suggest that attention involves
different mechanisms which involve separate brain areas. In
particular, attention encompasses three subsystems: (a) ori-
enting, (b) alerting, and (c) executive control. The orienting
network allows the selection of information from sensory
input, the alerting network refers to a system that achieves
and maintains an alert state, and executive control is respon-
sible for resolving conflict among responses [72]. Executive
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control has been closely related to working memory capacity
[73].

2.3. Self-Regulation of Learning and Mathematical Perfor-
mance. Previous research on self-regulated learning focuses
primarily on the learning strategies that students need to use
in order to guide their learning [23]. Motivation researchers
(e.g., [14–16]) argued that students also need their motiva-
tion for learning and effort investment, motivation strategies
[17, 18] and volitional strategies [74, 75] to comply with
social rules and expectations and deal with obstacles en
route to the learning goal. Therefore, this study analyzes
both learning strategies as motivational components of self-
regulation. Learning strategies (LSs) involve any thoughts or
behaviors that help the students to acquire new information
and integrate these in their existing knowledge [76–79]. LS
also help students retrieve stored information. Examples of
LS include summarizing, paraphrasing, imaging, creating
analogies, note taking, and outlining [77].

Motivational self-regulation includes motivational
beliefs, motivation strategies, and motivational regulatory
strategies. Motivational beliefs involve (a) values that stu-
dents attach to a particular domain, (b) the students’ opinion
of the efficiency and effectiveness of learning and teaching
methods, (c) beliefs about internal control transformed into
self-efficacy beliefs (opinions that students hold about their
own ability in relation to a specific domain), (d) outcome
expectations: beliefs about the success or failure of specific
actions, (e) goal orientation: orientation to learning tasks
versus egoorientation: the intention is to demonstrate suc-
cess (approach ego orientation) or to hide failure (avoidance
ego-orientation), and (f) effort beliefs. Domain-specific
self-efficacy beliefs influence effort investment, and not the
other way round [80].

Research shows that epistemic and motivational beliefs
that students hold play an important role in self-regulation
[16, 81, 82]. Shoenfeld [83] recognized the existence of a
system of beliefs that influences the mathematics problem-
solving behavior. Several studies have identified beliefs
about mathematics as a discipline, about the learning of
mathematics, and about the social context of mathematical
activities [19, 20].

Other categories of beliefs have been identified about the
self in relation to mathematical learning: achievement goal
orientation [84], responsibility beliefs for failure and success
[85], self-efficacy beliefs [86–88], and value beliefs [88].

2.4. Neural Networks and Performance. Conceptually, a neu-
ral network is a computational structure consisting of several
highly interconnected computational elements, known as
neurons, perceptrons, or nodes. Each neuron carries out a
very simple operation on its inputs and transfers the output
to a subsequent node or nodes in the network topology
[89]. Neural networks exhibit polymorphism in structure
and parallelism in computation [90], and it can be construed
as a highly connected structure of processing elements that
attempts to mimic the parallel computation ability of the
biological brain [91–94].

Predictive streams analyses [21], based in this case on
neural network (ANN) models, have several strengths: (a)
because these are machine learning algorithms, the assump-
tions required for traditional statistical predictive models
(e.g., ordinary least squares regression) are not necessary. As
such, this technique is able to model nonlinear and complex
relationships among variables. ANNs aim to maximize classi-
fication accuracy and work through the data in an interactive
process until maximum accuracy is achieved, automatically
modeling all interactions among variables; (b) ANNs are
robust, general function estimators. They usually perform
prediction tasks at least as well as other techniques and
sometimes perform significantly better [95]; (c) ANNs can
handle data of all levels of measurement, continuous or
categorical, as inputs and outputs. Because of the speed of
microprocessors in even basic computers, ANNs are more
accessible today than they were when originally developed.

The ANN learns by examining individual training case,
then generating a prediction for each testing case, and mak-
ing adjustments to the weights whenever it makes an incor-
rect prediction. Information is passed back through the
network in iterations, gradually changing the weights. As
training progresses, the network becomes increasingly accu-
rate in replicating the known outcomes. This process is
repeated many times, and the network continues to improve
its predictions until one or more of the stopping criteria have
been met. A minimum level of accuracy can be set as the
stopping criterion, although additional stopping criteria may
be used as well (e.g., number of iteration and amount of
time). Once trained, the network can be applied to future
cases (validation or holdout sample) for validation and
implementation [96].

2.5. Measures to Evaluate the Neural Network System Perfor-
mance. In order to evaluate the performance of the neural
network system, there are a number of measures used which
provide a means of determining the quality of the solutions
offered by the various network models tried. The traditional
measures include the determination of actual numbers and
rates for true positive (TP), true negative (TN), false positive
(FP), and false negative (FN) outcomes, as products of the
ANN analysis. In addition, certain summative evaluative
algorithms have been developed in this field of work, to assess
overall quality of the predictive system.

These overall measures are Recall, which represents the
proportion of correctly identified targets, out of all targets
presented in the set, and is represented as Recall = P/(TP +
FN); Precision which represents the proportion of correctly
identified targets, out of all identified targets by the system,
and is represented as Precision = TP/(TP + FP). Two other
measures have been used to report the characteristics of the
detection sensitivity of the system. One of them is Sensitivity
(similar to Recall: the proportion of correctly identified tar-
gets, out of all targets presented in the set), which is expressed
as Sensitivity = TP/(TP + FN). The other is Specificity,
defined as the proportion of correctly rejected targets from
all the targets that should have been rejected by the system
and which is expressed as Specificity = TN/(TN + FP).
These measures are typically represented in what is called
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Table 1: Testing phase of the neural network predicting lowest 30%
math scores.

Prediction of performance

∼30% lowest 30% lowest

Observed performance
∼30% lowest 71.40% 28.60%

30% lowest 0% 100%

a “confusion matrix” representing all four outcomes (see
Table 1).

In addition, the evaluation of ANN performance is car-
ried out with a summative measure, which is used to account
for the somewhat complementary relationship between
Precision and Recall. This measure is defined as F1 = (2 ∗
Precision ∗ Recall)/(Precision + Recall). Such a definitional
expression of F1 assumes equal weights for Precision and
Recall. This assumption can be modified to favor either
Precision or Recall, according to the utility and cost/benefit
ratio of outcomes favoring either Precision or Recall for any
given predictive circumstance.

3. Method

The sample included 800 university students, of both gen-
ders, ages between 18 and 25, enrolled in the first year in sev-
eral different disciplines (psychology, engineering, medicine,
law, social communication, business, and marketing), in
three universities, during the 2009-2010 academic year.

3.1. Instruments

3.1.1. Attention Network Test (ANT) [72]. This task provides
a measure for each of the three anatomically defined atten-
tional networks: alerting, orienting, and executive. Partici-
pants are asked to determine when a central arrow points
left or right. The ANT’s responses were collected via two
mouse buttons (left-right). They were instructed to focus on
a centrally located fixation cross throughout the task and to
respond as quickly and accurately as possible. During
the practice trials, but not during the experimental trials,
subjects received feedback from the computer on their
speed and accuracy. The practice trials took approximately
2 minutes, and each of the three experimental blocks was
approximately 5 minutes long. The whole experiment took
about twenty minutes. The measure for (general) attention is
the average response time regardless of the cues or flankers.
To analyse the effect of the three attentional networks, a
set of cognitive subtractions described by Fan et al. [72]
were used. The efficiency of the three attentional networks
is assessed by measuring how response times are influenced
by alerting cues, spatial cues, and flankers [72]. The alerting
effect was calculated by subtracting the mean response
time of the double-cue conditions from the mean response
time of the no-cue conditions. For the orienting effect, the
mean response time of the spatial cue conditions (up and
down) was subtracted from the mean response time of the
centre cue condition. Finally, the effect of the executive
control (conflict effect) was calculated by subtracting the

mean response time of all congruent flanking conditions,
summed across cue types, from the mean response time of
incongruent flanking conditions [72].

3.1.2. Automated Operation Span [44]. This is a computer-
administered version of the Ospan instrument [44] that
measures working memory capacity. The responses were
collected via click of a mouse button. This study reported
Absolute Ospan score that is interpreted as the measure
of overall working memory capacity and one Reaction
Time’s score (operations). The task took approximately 20–
25 minutes to complete [44].

3.1.3. Learning Strategies Questionnaire [77–79]. A validated
Spanish version was administered. It is a 77-item question-
naire with 10 scales that assesses the students’ awareness
about, and use of, learning and study strategies related
to skill, will, and self-regulation components of strategic
learning. The Attitude Scale assesses students’ attitudes and
interest in college and academic success. It examines how
facilitative or debilitative their approach to college and aca-
demics is for helping them get their work done and for
succeeding in college (sample item: I feel confused and unde-
cided as to what my educational goals should be). The
Motivation Scale assesses students’ diligence, self-discipline,
and willingness to exert the effort necessary to successfully
complete academic requirements (sample item: When work
is difficult I either give up or study only the easy parts).
The Time Management Scale assesses students’ application of
time management principles to academic situations (sample
item: I only study when there is the pressure of a test). The
Anxiety Scale assesses the degree to which students worry
about school and their academic performance. Students who
score low on this scale are experiencing high levels of anxiety
associated with school (note that this scale is reverse scored).
The Concentration Scale assesses students’ ability to direct
and maintain attention on academic tasks (sample item: I
find that during lectures I think of other things and do
not really listen to what is being said). The Information
Processing Scale assesses how well students can use imagery,
verbal elaboration, organization strategies, and reasoning
skills as learning strategies to help build bridges between
what they already know and what they are trying to learn
and remember, that is, knowledge acquisition, retention,
and future application (sample item: I translate what I am
studying into my own words). The Selecting Main Ideas Scale
assesses students’ skill at identifying important information
for further study from among less important information
and supporting details (sample item: Often when studying
I seem to get lost in details and cannot see the forest for the
trees). The Study Aids Scale assesses students’ use of supports
or resources to help them learn or retain information
(sample item: I use special helps, such as italics and headings
that are in my textbooks). The Self-Testing Scale assesses
students’ use of reviewing and comprehension monitoring
techniques to determine their level of understanding of the
information to be learned (sample item: I stop periodically
while reading and mentally go over or review what was
said). The Test Strategies Scale assesses students’ use of test
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preparation and test taking strategies (sample item: In taking
tests, writing themes, etc., I find I have misunderstood what
is wanted and lose points because of it). Items were scored on
a 5-point Likert scale ranging from “Always” to “Never.”

3.1.4. Online Motivation Questionnaire (OMQ) [97]. The last
version of the On-Line Motivation Questionnaire, namely,
the OMQ91 [97], was used to study motivational variables.
This is a self-report questionnaire that is applied to a specific
task (in this study, a mathematical task), and it consists of two
parts (Part 1: before the task; Part 2: after the task). This study
reports the Part 1 (appraisal part) that included 23 items
that measure three aspects of task motivation: appraisals,
emotions, and learning intention. Appraisals are registered
by 13 items that measure three aspects of task judgment:
personal relevance of the curricular task (e.g., How useful
do you consider this task), subjective competence (e.g., How
good are you at doing this type of task?), and task attraction
(e.g., How much do you like this type of task?). Six items
refer to emotional state (e.g., How do you feel now? Nervous-
not nervous; happy-not happy). Four items measure learning
intention (e.g., How much effort are you going to invest
in the task?). Students were asked to answer the questions
focusing on a multiple choice mathematics task. Items were
scored on a 4-point Likert scale ranging (e.g., not at all well,
not so well, well, very well).

3.1.5. Mathematics Test. This test consisted of 65 multiple
choice items with four or five options and only one correct
answer (50 items were taken from a national test [98], and
15 items were extracted from disclosed items of the Trends
in International Mathematics and Science Study [99]. The
local calibration for the test was done applying a 3-parameter
Item Response Theory model (IRT model). The equating to
the TIMSS results was done using a 1-parameter IRT model,
centred on ability, because the TIMSS statistical data uses
only one parameter for the analysis and reporting. The items
measure simple algorithms for arithmetic problems: some
items required the use of percentages or proportions, decimal
numbers, and a few others are algebraic and geometric
questions. There was no time limit to take the test, but its
duration for all students was under two hours. In order to
guarantee that it was not a speeded test (which would violate
the IRT assumptions), the allotted time was such that more
than 95% of the students could complete the test by at least
attempting a response to all the questions; this number was
actually much higher, closer to 99% of the students.

In addition, a questionnaire was administered in order to
collect background variables: gender, highest level of educa-
tion of mother and father (i.e., did not complete mandatory
primary school, completed primary school, completed sec-
ondary school, completed undergraduate university studies,
completed postgraduate studies), occupation of parents, and
secondary school from which the student graduated (i.e.,
public, private religious school, private nonreligious school,
bilingual school, foreign community school).

3.2. Analyses Procedure. The ANN model used was a back-
propagation multilayer perceptron neural network, that is,

a multilayer network composed of nonlinear units, which
computes its activation level by summing all the weighted
activations it receives and which then transforms its activa-
tion into a response via a nonlinear transfer function. During
their training phase, these systems evaluate the effect of the
weight patterns on the precision of their classification of
outputs, and then, through backpropagation, they adjust
those weights in a recursive fashion until they maximize
the precision of the resulting classifications. A predictive
classification architecture based on neural networks (ANNs)
model development was developed for each targeted future
mathematical performance group: lowest 30%, middle 30%,
and highest 30% of student performance groups. ANN
parameters and variable groupings, as well as all other
network architecture parameters, were manipulated to max-
imize predictive precision and total accuracy. Confusion
matrices have been determined for each ANN, as well as
receiver operating characteristic (ROC) curves to determine
the discrimination level of the model. ROC analyses provide
a very useful measure to establish the performance of the
classifier at various levels of true positive and true negative
rates, using sensitivity and specificity values. Parameters
such as learning rate, momentum, number of hidden layers,
stopping rules, transfer functions, and number of nodes were
specified and manipulated in the model construction phase
in order to maximize the overall performance of the models.

3.3. Architecture of the Neural Networks. Three different neu-
ral networks (ANNs) were developed as predictive systems
for the mathematics task of this study. ANN1 was developed
to maximize the predictive classification of the lowest 30%
of students, which would be scoring the lowest in the
mathematics test. ANN2 was developed to maximize the
predictive classification of the highest 30% of students, which
would be scoring the highest in the mathematics test. ANN3
was developed to predict the middle 30% of students, which
would be scoring in the middle level of performance in the
mathematics test. The specific architecture of each of the
three neural networks developed is as follows.

ANN1 (low 30%): all cognitive, motivational, and back-
ground variables were introduced in the analysis. They were
used for the development of the vector-matrix containing all
predictor variables for each student. The resulting network
contained all the input predictors; some of them collapsed
into subscales to maximize predictive classification, with
a total of 36 input units. The model built contained one
hidden layer, with 8 units. The output layer contained two
units (categories corresponding to “belongs to lowest 30%”
or “belongs to highest 70%”). A standardized method for
the rescaling of covariates was used. The hidden layers
had hyperbolic tangent activation functions, which is the
most common activation function used for neural networks
because of its greater numeric range (from −1 to 1) and
the shape of its graph. For the output layer, the activation
function chosen was identity, and the error function the sum
of squares.

ANN2 (high 30%): all cognitive, motivational, and back-
ground variables were introduced in the analysis. They were
used for the development of the vector-matrix containing all
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predictor variables for each student. The resulting network
contained all the input predictors; some of them collapsed
into subscales to maximize predictive classification, with a
total of 36 input units. The model built contained two hidden
layers, with 8 and 6 units, respectively, and an output layer
with two units (categories corresponding to “belongs to
highest 30%” or “belongs to lowest 70%”). A standardized
method for the rescaling of covariates was used. The hidden
layer and output layer had a hyperbolic tangent activation
function, and the error function the sum of squares.

ANN3 (middle 30%): all cognitive, motivational, and
background variables were introduced in the analysis. They
were used for the development of the vector-matrix contain-
ing all predictor variables for each student. The resulting
network contained all the input predictors; some of them
collapsed into subscales to maximize predictive classification,
with a total of 36 input units. The model built contained
one hidden layer with 1 unit and one output layer with two
units (categories corresponding to “belongs to middle 30%”
or “belongs to extreme 30%’s”). A standardized method for
the rescaling of covariates was used. The hidden layer had a
hyperbolic tangent activation function, and the output layer
applied a softmax activation function.

The software used was SPSS v.19, Neural Network Mod-
ule, for the development and analysis of all predictive models
in this study. The usual three development phases of the
predictive system were carried out: training of the network,
testing of the network developed, and validation of the
network. During the training phase several models were
attempted, and several modifications of the neural network
parameters were tried, manipulating learning persistence,
learning rate, momentum, and other criteria. These tests
continued until achieving desired levels of classification,
maximizing the benefits of the model chosen. In this analysis
both precision and recall, as outcome measures of the
network, were given equal weight. There was no need to trim
the number of predictor inputs in the three models.

3.4. Discriminant Analyses. Discriminant analyses (DA) were
carried out using the same data and the same categories
of mathematical performance used in the neural networks
analyses. The DA1 was performed to discriminate between
the students belonging to the lowest 30% of mathematical
performance and those not in that category. The DA2 has
been focused on identifying students in the highest 30%
versus those not in that group, and the DA3 was calculated
to discriminate the students belonging to the middle 30%
and those not in that category. In order to give every variable
the opportunity to contribute significantly to the prediction,
a stepwise discriminant analysis was calculated for each
category including all independent variables. In addition, we
calculated three discriminant analyses, one for each category
including the independent variables of the maximised neural
networks of each category.

4. Results

The ANN1 was able to reach 100% correct identification of
all students that belong to the target group (lowest 30%) in

Table 2: Relative importance of the top variables participating in
the model for the predictive classification of the lowest 30% of
scores in the mathematics test.

Independent variable importance, low 30% group

Importance
Normalized
importance

Gender .035 34.2%

Mother’s educational level .028 28.2%

Father’s educational level .024 23.9%

Mother’s occupation .065 64.5%

Father’s occupation .059 58.8%

Age .062 61.5%

Competence-related attribution
for success

.041 40.3%

Personal relevance of task .029 28.3%

Subjective competence .043 42.7%

Task attraction .042 41.8%

Learning intention .052 51.8%

Reported effort .062 61.1%

Expected result of assessment .099 97.7%

Emotional state .062 61.3%

Alerting attention .029 29.1%

Orienting attention .018 17.4%

Executive attention .067 66.4%

Working memory .081 80.6%

Reaction time (operations) .101 100.0%

Table 3: Testing phase of the neural network predicting highest
30% math scores.

Prediction of performance

∼30% highest 30% highest

Observed
performance

∼30% highest 66.70% 33.30%

30% highest 0% 100%

both the training and testing phase. The precision of NN1
equalled .75 on a maximum of 1 (see Table 1). The sensitivity
of the network equalled 1, and the specificity was equal
to .714 from a maximum of 1. The area under the curve
equalled .953 from a maximum of 1.

Table 2 shows the actual predictive weight of each input,
and Figure 1 shows the normalised importance of the differ-
ent variables for the ANN1 predictive classification. These
results indicate that reaction time (operations), expected
result of assessment, and working memory were the most
important predictors.

The ANN2 reached an accuracy of 90% and 100% in
the training and testing phase, respectively. The precision
of ANN2 equalled .80 from a maximum of 1 (see Table 3).
The sensitivity of the network equalled 1, and the specificity
amounted to .667 from a maximum of 1. The area under the
curve equalled .958 from a maximum of 1.

Figure 2 shows the normalised importance of the differ-
ent variables for the ANN2 predictive classification. The most
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Figure 1: Normalized importance of the top variables participating in the model for the predictive classification of the lowest 30% of scores
in the mathematics test.

important variables for the prediction of ANN2 (high 30%)
were the task attraction and father’s occupation.

Both networks showed interesting differences in the
pattern of relative normalized importance of those variables
with the highest participation in the predictive model. For
the low performers (those predicted to be in the lowest 30%
of scores), several basic cognitive variables were most impor-
tant in attaining a correct classification, such as “reaction-
time,” “working memory capacity,” and the closely related
“executive attention,” all having to do with the control and
the speed of processing. In fact, three out of the top four vari-
ables in terms of relative predictive importance correspond to
basic cognitive processing variables, with high relative values.
Among the self-regulation variables, only “expected results of
the assessment” appeared among the most predictive.

On the other hand, results from the predictive model for
those expected to be in the highest 30% of the scores, the top
three predictors with the most significant participation were
“task attraction,” “father’s occupation,” and “reported effort,”
all among the self-regulation and background variables.
Only “working memory capacity” (as measured by “absolute
AOSPAN”) among the basic cognitive processing variables
appeared among the top five predictors and then with a much
lower relative importance than for the low 30% group. It is
quite evident the relative lower importance of all cognitive
control and speed of processing variables, which are not
discriminated well for the predictive classification in the
highest 30% group. It is also worth noting the relative high

Table 4: Testing phase of the neural network predicting for middle
30% math scores.

Prediction of performance

∼30% middle 30% middle

Observed performance
∼30% middle 67.6% 32.4%

30% middle 29.4% 70.6%

importance of parents’ occupation in both low and high
groups, particularly in the first neural network.

4.1. ANN3 (Middle 30%) . The ANN3 showed an accuracy
of 74.5% and 70.6% in the training and testing phase,
respectively. The precision of ANN3 equalled .70 from a
maximum of 1 (see Table 4). The sensitivity of the network
equalled .70, and the specificity amounted to .67 from a
maximum of 1. The area under the curve equalled .725 from
a maximum of 1.

The most important variables for the prediction of ANN3
(middle 30%) were positive learning strategies and study
techniques, reaction time (natural logarithm) of attentional
networks, time management, and subjective competence (see
Figure 3).

4.2. Discriminant Analyses. DA1 focused on the lowest
30% of the students and the rest. One of the restrictions
of this analyses refers to the assumption of equality of
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Figure 2: Normalized importance of the top variables participating in the model for the predictive classification of the highest 30% of scores
in the mathematics test.
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Figure 3: Normalized importance of the top variables participating in the model for the predictive classification of the middle 30% of scores
in the mathematics test.
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covariance matrices that, in this case, is violated (Box’s M =
302.730, F = 1.382, P = .001). None of the variables, that
were also included in the ANN1, were able to discriminate
between the two groups of the students. The squared
canonical correlation (CR2) gives the amount of variation
between the groups that is explained by the discriminating
variables; in this case it was low (Wilk’s λ = .786, χ2 =
135.050, df = 20, P = .001, CR

2 = .21).

DA2 was calculated to discriminate between the highest
30% of mathematical performance and the rest 70% of
students, entering the same independent variables that were
used into ANN2. Results show that the independent variables
were not able to discriminate between both groups of
students. The Box’s M statistic is significant (Box’s M =
321.229, F = 1.471, P = .001), meaning that the assump-
tion of equality of covariance matrices is violated. In this
analysis the squared canonical correlation indicated that the
strength of the function is low (Wilk’s λ = .756, χ2 =
157.390, df = 20, P = .001, CR

2 = .24).

DA3 involved the same variable as the ANN3 to predict
the middle 30% of mathematical performance. The assump-
tion of equality of covariance matrices was violated (Box’s
M = 303.897, F = 1.395, P = .001). In this case, also none
of the variables were able to discriminate between the stu-
dents in the mid 30% group and the extreme 30% groups;
the explained variance was also low (Wilk’s λ = .951, χ2 =
28.336,df = 20, P = .102, CR2 = .049).

5. Discussion

It is clear from these results that besides the high predictive
power of the three neural networks to model the expected
performance of low, middle, and high performance groups
of students, this methodology has also detected important
differences in the factors that seem to underlie the students’
performance. Among the student groups with the lowest
30% of math performance, the main determinants of per-
formance appear to be basic cognitive processing variables,
indicating the degree to which they represent the areas of
relative weakness in the group and more discriminating from
the rest of the students. This seems to indicate that it is the
area of basic cognitive abilities, in other words, the basic
processing capacity of the cognitive system in these students
that best provides the information necessary to correctly
identify this group. There is an extensive literature indicating
a strong correlation between poor math performance and
low working memory [56–62]. Children with mathematical
disorders have difficulty in holding information in their
memory while performing another activity (e.g., counting)
or when they must inhibit irrelevant information [7, 63].
They perform poorly in tasks that measure visual-spatial
working memory and central executive functions [61, 64–
67].

On the other hand, among the student groups with the
highest 30% of math performance, the main determinants
of performance appear to be self-regulation and background
variables (particularly, how interested students were in the
task and social indicators such as parents’ occupation). In

this group cognitive processing variables had much lower
levels of importance in terms of their predictive weights,
probably due to the fact that this group was much stronger
in its levels of cognitive processing, and therefore these
variables are less discriminating when the model attempts
to classify the students according to their performance level.
Working memory, reaction time, and attentional networks
seem to be much less discriminating among students who
reach certain threshold levels needed for basic mathematical
problem solving. The items about self-regulated learning
were important for students with high performance, reflect-
ing their appreciation of the content and context of the
math test. The model of adaptive learning [100–102] explains
how the mental representation that the student forms of
a specific (math) task depends on the context sensitivity,
and this context depends on the links between specific
appraisals and one or more domain-specific motivational
beliefs. Consequently, the performance will be moderated
by these interactions, and in this study in particular, SRL-
variable results become even more predictive when the
basic cognitive variables become less discriminating (high
performance group).

The prediction for the middle 30% level of math per-
formance group of students shows a particular pattern
involving learning strategies and self-efficacy (as important
motivational beliefs), together with attentional resources,
as important predictors. Moreover, working memory does
not seem to improve the prediction of performance for this
middle group of students, indicating that their mathematical
performance is more determined by processes related to
self-regulated learning (i.e., learning strategies, motivational
beliefs, and attention). These are variables more related to
environmental, instructional, and training constructs, rather
than to basic cognitive processes such as working memory.

The results of the discriminant analyses (DA) confirm the
lack of significant linear relations between the independent
variables analysed here and mathematical performance.
Neural network models have an important advantage in this
area, because ANN models are able to model nonlinear and
complex relationships among variables. Another assumption
required for traditional statistical predictive models (e.g.,
equality of covariance matrices) was violated for the three
stepwise discriminant analyses that were performed to
predict a specific category (lowest 30% or not, highest 30% or
not, and middle 30% or not). Even with this restriction, the
amount of variance explained was low in the three DA anal-
yses. None of the variables were able to discriminate between
the different categories of mathematical performance. When
we compare these results with the ANNs analysed in this
study, it can be concluded that ANNs are more robust and
perform significantly better than other classical techniques,
as prior studies have indicated [36, 95].

The predictive systems approach allows for the concep-
tualization and development of new modes of assessment
which could facilitate breaking away from traditional forms
of testing while at the same time improving the quality
of the assessment process [23, 42, 103]. In addition, this
new methodology allows for the understanding of the
students’ individual characteristics and for the prediction of
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expected performance levels. This opens major possibilities
for improvement of evaluation procedures and the planning
of interventions. In addition, it has implications for the
application of these methods in educational research and in
the implementation of diagnostic “early-warning” programs
in educational settings, as well as informing cognitive theory
and the development of automated tutoring and learning sys-
tems. The capacity to very accurately classify students, which
is also what tests attempt to do, without the performance
sampling issues of traditional testing, and using a much
broader spectrum of all factors influencing a student’s overall
performance, is a major advantage of the ANNs methodol-
ogy. In fact, such an approach also represents a much more
valid approach to educational evaluation due to its overall
accuracy and the breadth of the constructs considered to
classify the expected performance.
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The aim of the present study was to explore students’ learning-related cognitions prior to an in-class achievement test, with a
focus on metacognitive strategy use. A sample of 70 students in grade 11 (58.6% female, Mage = 17.09 years) completed a series
of structured, state-based measures over a two-week period via the experience sampling method until the day before a class
test. Results illustrated students’ self-regulatory ability to preserve their motivational and cognitive resources, with test-related
cognitions evidenced significantly more often in learning-related as opposed leisure settings. Metacognitive strategy use was also
found to significantly increase as the test date approached underscoring the goal-oriented nature of situated learning behaviors.
Higher intercepts and increases in frequency of test-related cognitions over time positively corresponded to test performance. Of
the three metacognitive strategies assessed, monitoring was found to positively correspond with test performance. Implications for
future practice as well as implications for future research employing the experience sampling method are discussed.

1. Introduction

Metacognitive competencies have over the past three decades
developed from a largely neglected issue to one of the most
elaborated areas of theory and research in the educational
sciences [1, 2]. Since the pioneering work of Flavell [3], the
concept of metacognition has become inextricably linked
with learning theories [4] and nearly equated with the
construct of self-regulated learning in terms of planning,
monitoring, and evaluation of learning and problem solving
[5, 6]. This immense growth in interest is largely due
to an emerging consensus among policy makers, teach-
ers, educators, parents, and researchers concerning the
importance of fostering students’ ability to autonomously
direct their learning processes [5]. In light of the present
societal emphasis on lifelong learning and economic climate
requiring individuals to rapidly acquire new employment
skills, this increase in theoretical and empirical interest
in individuals’ metacognitive ability to independently and
efficiently regulate their learning is likely to continue.

Despite considerable research on metacognitive strate-
gies, several questions warrant further investigation. More
specifically, how often and when are metacognitive strategies
applied in a learning process (e.g., when is it best to start to
prepare for a test)? Which metacognitive learning strategies
are most commonly employed in actual learning situations
and most effective with respect to academic performance?
Whereas previous research has consistently evaluated the
relative utility of metacognitive strategies, it is also important
to investigate the frequency and effectiveness of metacog-
nitive strategy use as evaluated during the actual learning
process [7]. Further, despite clear theoretical assumptions
concerning the achievement benefits of the ability to regulate
one’s own learning, empirical findings are more mixed in
showing strategy-achievement relations [8]. In attempting
to explain inconsistent findings, one explanation is that
strategy-achievement relations may vary as a function of sit-
uational factors [8]. In some academic settings, for instance,
it may not always be necessary to use metacognitive strategies
(e.g., if the teacher provides strict instructions for task
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completion). Further, the lack of objective, reliable, and valid
measures of metacognitive strategy use is often cited as a
possible confound [9]. Until recently, various measures have
been employed to assess metacognitive strategy use in the
self-regulation research literature, many of which are limited
by their inability to account for situational contingencies or
do so in an intrusive, inefficient, or short-term manner [9].

The objective of the present study was to evaluate the
relation between students’ use of metacognitive strategies
as assessed during the actual learning process preceding
an achievement test. To this end, the experience sampling
method (ESM; [10, 11]) was employed to assess metacog-
nitive strategy use in a highly valid and objective manner.
Students were provided with handheld devices that signaled
several times throughout the day, after which students
were presented a short questionnaire about their learning
behavior to be immediately completed. In addition to
allowing for an in-depth assessment of the most effective
metacognitive strategies, this longitudinal, in vivo method
also permits an analysis of the developmental nature of the
self-regulated learning process as well as the extent to which
students’ use of specific strategies is indeed contingent upon
real-life situational factors. The present research thus aims
to contribute to existing research on metacognition and self-
regulated learning through the use of experience sampling
methods that allow for critical research questions concerning
the frequency and utility of metacognitive strategies to be
evaluated, and further, that address a critical limitation
of global measures by measuring situation-specific strategy
use.

1.1. Metacognitive Strategies. Put simply, the term metacog-
nition refers to “thinking about thinking” [12]. In addition
to cognitive and motivational components, metacognition
is consistently represented in established theoretical models
as an equally important element of successful self-regulated
learning (e.g., [7, 13–15]). In the three-layered model of self-
regulated learning proposed by Boekaerts [5], for example,
the regulation of the learning process through the use of
metacognitive strategies is presented as the middle layer
of self-regulatory focus juxtaposed between the more basic
layer involving the regulation of cognitive strategies during
specific learning tasks (i.e., processing modes) on the one
hand, and the higher-order layer pertaining more globally to
the regulation of one’s self with respect to one’s goals and
motivational resources.

1.1.1. Components of Metacognitive Strategies. Although a
number of metacognitive regulatory strategies has been
examined [16], there exists a general consensus among
researchers that three metacognitive strategies are most
critical for regulating the learning process, namely, planning,
monitoring, and evaluation [5, 17, 18]. The strategy of
planning includes the setting of goals, selecting adequate
cognitive strategies to achieve this goal, as well as the alloca-
tion of personal resources such as effort or time. Monitoring
refers to being aware of one’s comprehension and task
performance—monitoring one’s learning and continually
comparing one’s current state of learning to one’s learning

or achievement goals. In response to monitoring feedback,
evaluation involves the correction of learning problems and
adjustments in learning plans [5, 16]. For example, an eval-
uation of unsatisfactory progress occurs when, as a result of
monitoring one’s learning strategy use and comprehension,
an individual concludes that they will not achieve their
learning goals by persisting in the use of the present learn-
ing behaviors. Concerning the functional overlap between
these core metacognitive strategies, questionnaire findings
consistently show these three strategies to be statistically
interdependent and not hierarchically or linearly related
[19, 20]. Nevertheless, the strategies of planning, monitoring,
and evaluation can be clearly differentiated from a theoretical
perspective in that the observed empirical overlap between
them may be due to temporal as opposed to functional
similarities. More specifically, as suggested in a model of self-
regulated learning proposed by Schmitz [21], these strategies
are assumed to be utilized in a cyclical manner, and thus, are
likely to co-occur during the learning process due to earlier
strategies (e.g., planning) prompting later strategies (e.g.,
monitoring) that recursively influence the preceding strategy
(e.g., modified plans) through feedback loops.

Given the above findings concerning the co-occurrence
of these three strategies, particularly with respect to monitor-
ing, this metacognitive strategy has been a focus of particular
empirical interest in the context of self-regulated learning.
For example, incorporated into the theoretical model of
Winne and Hadwin [7] is an omnipresent metacognitive
monitoring process responsible for generating internal feed-
back during any phase of the self-regulated learning process.
As further evidenced by monitoring having been explored
in considerable experimental learning research (e.g., [22–
24]), this metacognitive strategy is often regarded as a
key self-regulated learning process critical to developing an
understanding of complex information [25].

1.1.2. Situational Nature of Self-Regulated Learning. Accord-
ing to Winne and Hadwin [7], self-regulated learning
incorporates both students’ dispositions (aptitude) as well
as situational factors (learning events). The term “aptitude”
describes relatively stable dispositional features that have
an impact on self-regulated learning, such as differences in
goals or the ability to use metacognitive strategies [9]. In
contrast, the term “event” refers to aspects of one’s learning
environment that influence the learning process, such as
the time remaining prior to an achievement test or optimal
opportunities to use specific metacognitive strategies [26].
Considering that the learning process can be viewed as
sequence of self-regulatory states [21], it is thus important to
not only examine the frequency and effectiveness of specific
metacognitive strategies, but also when these strategies are
used and are most effective [13].

1.2. Metacognitive Strategies and Academic Performance.
Regulating one’s own learning through the use of metacogni-
tive strategies is widely considered to be the most elaborated
form of learning (e.g., [6, 27]) and is often assumed to be
one of the strongest predictors of optimal learning [28].
In educational research, it is typically hypothesized that
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students’ self-regulatory efforts toward their learning goals
should have a direct impact on subsequent achievement, and
further, mediate linkages between dispositional factors such
as cognitive abilities or contextual characteristics such as the
classroom environment and achievement [29]. In contrast to
theoretical assumptions, empirical findings concerning the
relationship between the use of metacognitive strategies and
academic achievement are inconsistent [30].

Some correlation studies show the use of metacognitive
strategies to positively correspond with academic achieve-
ment (e.g., [20, 31, 32]). Meta-analytic reviews of interven-
tion studies also suggest that the promotion of self-related
learning strategies typically has a positive impact on learning
behavior and academic achievement, particularly when
metacognitive awareness is encouraged [33–35]. Conversely,
other correlational empirical studies reveal notably weak or
no significant relationships between the use of metacognitive
strategies and academic achievement [36, 37] or show the
relation between metacognition and performance to be
entirely mediated by other factors (e.g., self-efficacy; [38]).
Veenman and van Hout-Wolters [39] (as cited in [8]) showed
in a review of 21 questionnaire studies and more than
7000 participants that, on average, no more than 3% of the
variance in students’ achievement was explained by the use of
metacognitive strategies. Additional research further suggests
that students tend to not demonstrate or prematurely termi-
nate metacognitive strategy use in learning settings without
sufficient instructional support or prompting [40, 41]. Such
heterogeneous findings concerning the relationship between
metacognitive strategies and academic achievement are likely
due to multiple intervening factors such as situational factors
(e.g., lack of opportunity afforded by task characteristics) or
measurement error (i.e., retrospective biases in self-report
measures versus indicators of real-life strategy use).

Concerning the moderating effect of academic environ-
ments on self-regulated learning, it is assumed that certain
academic settings afford more limited opportunities for
engaging in self-regulation than do others [26]. For example,
whereas higher education affords various opportunities to
choose subject domains, modify or supplement learning
tasks, and pursue independent study, fewer options for self-
regulated learning are available to secondary school students.
In a similar vein, the extent to which metacognitive strategies
are in fact required for optimal learning and performance
may also vary as a function of the specific learning situation
(e.g., in-class versus homework activities; [13]). Given the
impact of the educational context on the potential for self-
regulated learning, it has been further hypothesized that
retrospective, questionnaire-based measures lack sufficient
validity in assessing students’ real-life use of metacognitive
strategies that, to a large extent, are contingent upon
the opportunities for, and advantages of, metacognitive
strategies afforded by specific learning tasks and situations
[7, 17, 36].

1.3. Measuring Metacognitive Strategies. At present, there
exist two major approaches toward the assessment of
metacognitive strategy use involving either externally
observed measures of behavioral or physiological indicators,

or self-report methods. Whereas behavioral or physiological
indicators are highly reliable and less subject to participant
bias (e.g., [42]), they are disadvantaged by the inherently
subjective nature of metacognitive processes in that the
individual has the most direct and reliable access to cognitive
experiences [11]. In addition, the use of physiological or
behavioral measures relying on evaluations by others may
lead to misinterpretation or experimenter bias. As such,
despite the aforementioned limitations of self-report mea-
sures, such instruments are much more commonly employed
to assess metacognitive strategy use as reflected in reviews
of research on the assessment of self-regulatory strategies
[8, 9, 17, 29].

Among the most popular methods for assessing students’
use of metacognitive strategies are questionnaires (e.g.,
Motivated Strategies for Learning Questionnaire, MSLQ;
[20]; Learning and Study Strategies Inventory, LASSI; [43])
and interviews (e.g., Learning Interview Schedule, SRLIS;
[31, 32]). Although these self-report measures provide
efficient and reliable evaluations of dispositional aspects
of metacognitive strategy use [17], questionnaire methods
in particular appear to have very little predictive validity
with respect to achievement outcomes [8] as well as limited
construct validity [44].

In contrast to the above methods, think-aloud protocols
(e.g., [45]) allow for the actual process of self-regulated
learning to be observed while it occurs. However, a critical
limitation of this method is that it permits only short-
term problem-solving processes to be assessed (e.g., during
a specific learning task) as opposed to more long-term
learning processes (e.g., during the week preceding an exam).
Although learning diaries do provide a better opportunity
to assess students’ long-term use of metacognitive strategies
[21], such findings are often confounded by the diary itself
serving as an intervention encouraging greater structured
reflection on one’s learning activities (e.g., [41, 46, 47]).
Furthermore, just as the effectiveness of open-ended diary
assessments is largely dependent on the learners’ writing
ability as well compliance with the writing protocol, the
utility of structured learning diaries is also compromised
due to the typical inclusion of self-report questionnaires that
involve the weaknesses of questionnaires in general may serve
to prompt further reflection on the self-regulatory strategies
assessed.

Taken together, the limitations of previous assessment
methods suggest that more ecologically and empirically valid
methods are required to better evaluate metacognitive strat-
egy use as it naturally occurs in real-life learning situations,
thereby contributing to a more dynamic, differentiated,
and ecologically valid understanding of the nature of self-
regulated learning [48]. To address this research gap, a
naturalistic assessment method, referred to as the experience
sampling method (ESM; [10, 11]), appears promising and
has been successfully employed in related self-regulation
research (e.g., coping with stress; [49]). In ESM protocols,
participants complete a short questionnaire concerning their
learning behavior at randomly selected times over a period of
days via a personal digital assistant (PDA). This method thus
incorporates some of the advantages of previous methods,
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such as the utilization of reliable items from established ques-
tionnaires, while avoiding their disadvantages by allowing for
situational factors to be assessed in a nonintrusive manner
and providing a highly elaborated yet longitudinal data
structure. Thus, whereas this method incorporates some of
the advantages of learning diaries, they are less intrusive due
to their reduced length as well as more candid in soliciting
responses at unpredictable intervals throughout the study
duration. As such, it is assumed that experience sampling
methods provide a less interventional and more ecologically
valid means of evaluating learning processes than the self-
report methods typically employed in this domain.

1.4. The Present Study. In adapting ESM procedures to the
study of metacognitive strategy use, the present study aimed
to provide ecologically as well as empirically valid data in
support of the effectiveness of metacognitive strategies used
by students during the weeks prior to an achievement test. As
such, this research aims to contribute to the self-regulation
literature by addressing significant limitations of both self-
report (questionnaire, interview, think-aloud) and more
objective assessment methods (behavioral, physiological).
More specifically, the use of ESM protocols allowed for
research questions concerning the frequency, timing, as well
as achievement benefits of metacognitive strategy use to
be evaluated as assessed during the weeks prior to a class
test. Consistent with the assertion that students’ use of self-
regulated learning strategies be evaluated as an ensemble
comprising more than just the sum of its parts [50], our
research questions further addressed both students’ global
test-related cognitions as well as the discrete metacognitive
strategies of planning, monitoring, and evaluation [5].

2. Research Questions and Hypotheses

The present study aimed to explore students’ real-life test-
related cognitions (more specifically if and when they
thought about the test) and use of metacognitive strategies
prior to an achievement test. In so doing, the present study
focused on the learning process with respect to changes
over time in the frequency of test-related cognitions in
general, the involvement of metacognitive strategies, as
well as predictive relations between test-related thoughts
or specific strategies and performance. Through the use of
the experience sampling method [10, 11], students’ test-
related thoughts and reported metacognitive strategy use
was recorded over 14 days prior to an important test in a
mathematics course. Considering the goal-oriented nature
of self-regulated learning [29], the present research questions
were evaluated in a specific academic domain, a mathematics
course, to provide for a more accurate, domain-specific
analysis of metacognitive strategies employed toward specific
learning goals (cf., [51, 52]). Mathematics was selected due to
it being a core academic subject worldwide that is typically
associated with high scientific and societal value. Students’
grades on mathematics tests completed prior to and follow-
ing the ESM protocol were also obtained. The first step in our
analyses evaluated students’ global test-related cognitions
(if they thought about the test) and their effects on test

Table 1: Research Hypotheses.

Hypothesis 1 Hypothesis 2

Frequency and effects of
test-related cognitions

Frequency and effects of
metacognitive strategies

a

Test-related cognitions are
linked to learning-related

situations and are observed
more often as the test date

approaches.

Metacognitive strategies are
interrelated and used more

often as the test date
approaches.

b
Test-related cognitions

correspond to performance
improvement.

Metacognitive strategies
correspond to performance

improvement.

performance. In a second step, we evaluated the frequency
and performance benefits of discrete metacognitive strategies
reported by students when thinking about the test, with a
specific focus on planning, monitoring, and evaluation as
critical self-regulatory processes. An overview of the study
hypotheses is presented in Table 1.

2.1. Research Question 1. How often and when do students
occupy themselves with thoughts concerning an upcoming
test in mathematics during the 14 days preceding the
test, and is this cognitive engagement related to their test
performance?

2.1.1. Hypothesis 1a. Based on the assumption that optimal
self-regulated learning involves the ability to disengage from
achievement-related cognitions in situations not consistent
with learning and achievement, we anticipate that students
will more frequently report test-related cognitions during
learning-related situations (e.g., mathematics or learning
situations) than during their leisure time. Furthermore,
considering the goal-oriented nature of learning behaviors,
we expect students to think more often about the test as the
test date approaches.

2.1.2. Hypothesis 1b. We expect that the frequency of
global test-related cognitions will correspond to perfor-
mance improvements on the subsequent test based on the
assumption that such cognitions are associated with the use
of metacognitive strategies.

2.2. Research Question 2. When occupied with thoughts
about the upcoming test, which metacognitive strategies do
students report, how does the use of these metacognitive
strategies develop as the test date approaches, and to what
extent are specific strategies related with test performance?

2.2.1. Hypothesis 2a. We anticipate that students’ global test-
related cognitions will positively correspond with each of
the metacognitive strategies of planning, monitoring, and
regulation. Furthermore, strong positive correlations are
expected between the three strategies, and each metacogni-
tive strategy is expected to demonstrate a increasing growth
curve over time consistent with the anticipated curve for
global test-related cognitions.
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2.2.2. Hypothesis 2b. We hypothesize that students’ use of
each metacognitive strategy will be related to subsequent
improvements on the next class test. Monitoring is expected
to be most positively related to test improvement as suggested
by the aforementioned research in which this specific strategy
is examined.

3. Method

3.1. Participants and Data Collection. Data was collected
through the use of the experience sampling method [10,
11] involving personal digital assistant (PDA) devices
programmed with PMat software [53]. Participants were
students from altogether 22 classes of grade 11 students in
Germany. Between two and four students from each class
were randomly selected and provided with PDA devices, with
each device set to provide alerts based on a combination of
event-based and randomized signaling [11]. Thus, a total
of 70 students completed the experience sampling study
protocol, 41 (58.6%) were female, and the average age was
17.09 years (SD = .55 years). Event-based signaling was
conducted by instructing participants to register their device
at the beginning of mathematics, German, or English classes
while in school. The device would then signal at a randomly
selected time within the next 40 minutes (each class lasting
45 minutes) and provide the participant with a digital
questionnaire to be immediately completed. Teachers were
informed of this procedure and had previously consented to
allow students to participate. In addition, the randomized
signaling protocol required the device to signal at three
randomly selected times between 2 PM and 10 PM. On
weekends, 6 signals were provided at randomly chosen
moments between 10 AM and 10 PM. Before starting the
questionnaire, participants reported the activity in which
they were engaged at that moment, namely, whether they
were attending a class in mathematics or another subject,
completing homework, engaged in learning behavior (e.g.,
reviewing class materials), engaged in leisure activities, or
another activity. The questionnaire was accessible for only 5
minutes, after which it was no longer available. A minimum
two hour lag was introduced between adjacent signals, and
students completed the questionnaire items each day over a
period of 14 days prior to their next test in the mathematics
class.

Participation in all parts of the study was voluntary
and all responses were anonymous. In addition to the ESM
data collection, achievement data was collected consisting of
students’ self-reported grades on their most recent test as
well as actual grades on the upcoming test for which they
were currently preparing as obtained from the mathematics
teachers.

3.2. Study Variables

3.2.1. Achievement in Mathematics. Students’ self-reported
grades on their most recent mathematics test, as well as
their actual grades on the subsequent test, were assessed as
measures of academic achievement. In the German school
system, grades range from 1 (very good) to 6 (failed).

Students’ grades were inverted prior to analysis allowing for
higher scores to reflect better academic achievement. The
first test in mathematics (M = 2.94, SD = 1.27) and
the second test (M = 2.87, SD = 1.26) were significantly
correlated at r = .54 (P < .01). To obtain a measure of
relative improvement (or relative decline) in mathematics
achievement, z-standardized residuals on second mathemat-
ics test excluding variance accounted for by the first test were
calculated.

It is important to note that by utilizing residual as
opposed to difference or gain scores, it is not the improve-
ment in terms of a difference in average change between
the two tests that is measured, but rather the extent of
improvement on the second test relative to the first test
controlling for initial levels on the first test. In other words,
residual scores allow for analysis of levels of the second
test over and above what can be predicted by first test. As
such, the use of residual scores allowed for a more sensitive
analysis of changes in grades relative to prior achievement, as
opposed to changes in raw achievement scores over time.

3.2.2. State Assessment. To avoid having students complete
overly long state-based questionnaires, the test-related cog-
nition and metacognition constructs were assessed using
single-item measures. This practice is consistent with similar
ESM research on academic emotions [54, 55]. Students
responded to the following item concerning global test-
related cognitions: “During the past hour, I engaged in
thinking about the mathematics test” (0 = not at all, 4 =
all the time). Students who responded with values 1 through
4, indicating some level of test-related thoughts, were
further asked to respond to the following metacognitive
strategy items having the same response options: “During
the past hour, I thought about . . . what to learn for the
mathematics test” (planning), “. . . what I already know for
the mathematics test” (monitoring), “. . . whether to change
my way of studying for the mathematics test” (evaluation).
These self-report items were adapted from the metacognitive
strategies subscale of the MSLQ [20] and were employed
due to the two-step process involved wherein responses to
the same initial question concerning mathematics-specific
cognition were followed by more specific probing questions
in which different metacognitive strategies were explicitly
assessed.

The contingent assessment of the three strategy ques-
tions following the initial test-related cognition item was
important in order to more innocuously assess their use
among students who were already thinking about the test,
as opposed to unintentionally highlighting these strategies
and encouraging their use by having students first consider
the specific strategies and then reflect on their relevance
to their upcoming test. Nonetheless, this two-step process
still allowed for a differentiated assessment of metacognitive
strategies in that by having highly similar wordings in the sec-
ond set of questions in which only the strategy type differed,
students who were already reflecting on their upcoming test
were assumed to be better able to recognize and report on
these more specific elements of test-related cognitions. In
light of global test-related cognitions being a requisite for the
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subsequent reporting of metacognitive strategies, students
who indicated no level of thought about the upcoming
exam were provided a score of 0 (not at all) for each
strategy item. Although these three metacognitive strategies
are often assumed to occur in a strict temporal order,
the three strategies were assessed concurrently due to their
potentially overlapping, fast-moving, and cyclical nature [21]
all of which was anticipated to make it more difficult to
differentiate their specific sequencing, as is postulated ins
self-regulation theories, in a real-life achievement setting (cf.,
[19, 20]).

3.3. Statistical Analysis. The study data obtained reflects
a two-level structure consisting of points of assessment
(Level 1; N = 2654 single measurement points, 733 if
aggregated over one day) within persons (Level 2; N =
70).1 The analyses presented were conducted via hierarchical
linear modeling using HLM 6.07 software [56] allowing
for the two-level structure of the data to be accounted
for in correlational as well as temporal change analyses.
Based on the missing at random assumption (MAR), HLM
applies the “full information maximum likelihood” method
(FIML; [57]) allowing all Level 1 cases to be assessed even
if they include missing data. All reported study findings
are thus based on the entire study sample, with HLM
allowing for parameter estimation and handling of missing
data to be integrated into a single step so as to provide
appropriate parameter estimates and standard errors (e.g.,
[58]). However, as 11 students did not indicate their results
on the mathematics test, only 59 students were assessed
when this Level 2 variable was included in the analysis. In
sum, HLM provides substantial advantages over traditional
change models (such as ANOVA) by allowing for modelling
of nonlinear growth, evaluating predictors of growth param-
eters, and also accounting for missing data at individual
points of measurement [59].

4. Results

To evaluate the extent to which the experience sampling
method interfered with the learning process, the participants’
achievement scores on both tests in mathematics were
compared to the scores of other students from the same
classes (N = 382) who did not take part in the study. No
significant difference on either test between the experiences
sampling group (M1 = 2.94, SD1 = 1.27; M2 = 2.87,
SD2 = 1.26) and control group (M1 = 2.82, SD1 = 1.33;
M2 = 2.71, SD2 = 1.17) was observed, with all P values being
above .14.

4.1. Hypothesis 1a: Frequency of Test-Related Cognitions.
Some level of thought concerning the upcoming mathemat-
ics test over the previous hour was reported by students
during 23% of the assessment periods. Results also supported
our hypothesis that test-related cognitions would most
frequently occur in learning situations, with students found
to report thinking about the test, at least once, 56% of the
time in mathematic classes, 15% of the time in other classes,
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Figure 1: Average intensity of test-related cognitions.

24% of the time while completing homework for all subjects,
and 40% of the time spent learning for all subjects (e.g.,
reviewing class materials, preparing for a test at home), as
compared to during 14% of leisure time and 15% of the
time spent on additional activities. Figure 1 presents the
average intensity of test-related cognitions over the preceding
hour across assessment points for each response option from
0 (not at all) to 4 (all the time). These response averages
more specifically suggest that students think relatively more
often about the upcoming test in learning or achievement-
related situations (e.g., mathematics or other classes) as
opposed to nonachievement settings (e.g., leisure time) over
the preceding hour, and further, that some degree of thought
concerning the test is evidenced in each of the domains
assessed.

Concerning the development of students’ occupation
with thoughts about the upcoming test, we calculated the
average frequency of students’ test-related cognitions across
all assessments administered during a given day. As the
questionnaires were completed at randomized intervals, we
assumed that the average of all measures completed during
each of 14 days prior to the mathematics test should provide
a good estimate of the relative intensity of students’ test-
related thoughts during that day. To assess change over time
in test-related cognitions, each student’s development was
represented by an individual polynomial growth trajectory
based on a unique set of parameters, as reflected by a polyno-
mial Level 1. By subsequently adding polynomial parameters
of a higher order (linear, quadratic, cubic) until the beta
weight for the fixed parameter of the highest polynomial
predictor was not significant, the most accurate shape for the
polynomial growth curve was identified. If the beta weight of
the highest polynomial order predictor was not significant,
this indicated that no additional within-person variance
could be explained by increasing the polynomial degree of
the growth function and this parameter was excluded (cf.,
[59]).

With respect to the manner in which time was coded
[60, 61], the present analysis coded time such that the final
day before the test was assigned a value of zero and thus
evaluated as the reference category (linear change parameter
scoring −13,−12, . . . − 2,−1, 0; quadratic values scoring
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Table 2: Analysis of change in test-related cognitions prior to test completion.

Basic model Linear model Quadratic model MG + quadratic model

b SE b SE b SE b SE

Fixed effects

Intercept (I) .52 .05 .87∗∗ .10 1.19∗∗ .15 1.19∗∗ .15

MG× I .19∗ .08

Linear Slope (LS) .05∗∗ .01 .19∗∗ .04 .19∗∗ .04

MG× LS .02∗ .01

Quadratic Slope (QS) .01∗∗ .002 .01∗∗ .002

Var Var Var Var

Random effects

Between: I .100∗∗ .405∗∗ .776∗∗ .695∗∗

Between: LS .003∗∗ .033∗ .031∗

Between: QS .000 .000

Within .577a .487a .443a .443a

Model statistics

Deviance 1503.04 1420.01 1381.23 1377.15

No. parameters 3 6 10 12
+P < .1; ∗P < .05; ∗∗P < .01; ano significance test available.
Note: Intercept represents the values one day before the test. State measures across one day were aggregated. Nlevel 1 = 733; Nlevel 2 = 59; MG = z-standardized
residuals on second mathematics test excluding variance accounted for by first test.

169, 144, . . . , 4, 1, 0). Each growth parameter was entered as
both fixed and random effects, based on the assumption that
individual patterns of change may be observed (Table 2).
The null model was evaluated first to assess variability in
test-related cognition values across all points of assessment
according to its within-individual and between-individual
components [61].

Results showed the majority of the variability to reside
within individuals (85%) as would be expected due to
the situation-dependent, state-based measures employed.
Nonetheless, a significant amount of variability was also
found to occur between individuals (15%) showing that
in addition to substantial change in test-related cognitions
over time, a trait-based conceptualization of the degree to
which students engage in test-related thinking is warranted
(Table 2, Column 1). Findings also revealed a nonsignif-
icant beta weight for the fixed parameter of the cubic
predictor, suggesting that the significant quadratic curve
provided the best polynomial model for the present data (cf.,
[59]).

Based on the manner in which time was coded, the
growth parameters are interpretable in the following manner
(Table 2, Column 3). First, the intercept represents the mean
frequency of test-related thoughts one day before the test
(1.19 on a scale of 0 to 4). Second, the coefficient of the
linear change reflects the slope of the curvilinear trajectories
in test-related thinking one day before the test, indicating
that the frequency of test-related cognitions increased by .19
on the final day. Third, the coefficient of quadratic change
indicates the curvature of this quadratic function at any given
point in time (see [62, 63]). The observed quadratic value
of .01 suggests that change over time in test-related thoughts
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Figure 2: Average intensity of test-related cognitions.

followed a positive and notably wide parabolic curve. This
finding can be interpreted as showing students’ test-related
cognitions to significantly increase quadratically in frequency
as the test date approached (Figure 2).

The random effects assessed in the model provide
information as to whether the shape and position of the
parabola varied between participants. Results showed signif-
icant variability in the intercept (variance of .415 one day
before the test) and in the linear component of the trajectory
(variance of .034 one day before the test). In contrast, the
variability of the quadratic component of the trajectory was
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not significant, implying substantial variability in the relative
position of the growth curve across students, and relatively
little variability in its curvature.

4.2. Hypothesis 1b: Test-Related Cognitions and Test Perfor-
mance. Having identified the polynomial function that best
represents change over time in test-related cognitions, test
performance improvement from the first to the second test
was entered as a predictor of the different growth coefficients,
namely, the individual intercept and the linear slope on
Level 2 (Table 2, Columns 4 and 5).2 The quadratic growth
parameter was not predicted due to nonsignificant variability
across students leaving little variance to be explained by any
predictors.3

Based on the manner in which time was coded [60], a
positive effect of test improvement on the intercept would
indicate that test improvement corresponded to higher
overall values of test-related cognitions, whereas a positive
effect on the slope would imply that test improvement
corresponded to a stronger increase in test-related cognitions
(the intercept employed was the day before the next test).
However, as these effects could differ if assessed at other
points in time prior the second test, only the achievement
effects on the highest polynomial parameter (i.e., quadratic
growth) are independent from the coding of time [62,
63]. Therefore, a visual inspection of the estimated growth
trajectories is necessary to ensure a meaningful interpreta-
tion of the fixed and random effects in the HLM models
[60].

A significant effect of .19 for test improvement on the
intercept was found suggesting that the more students
thought about test, especially one day prior to the test date,
the more they improved on this test in relation to the
preceding test. A significant effect of .02 for test improvement
was also found on the linear slope suggesting, in combination
with a visual inspection, that increased frequency over time
in test-related cognitions, particularly on the final day before
the test, contributed to improved test performance. As the
magnitude of this effect is contingent upon the coding of
time (x axis), it can, therefore, not be interpreted. Figure 3
reflects the growth curve for the averaged lower quartile
(students who declined between the two tests) and for the
averaged upper quartile (students who improved between
the two tests) on the test improvement measure. The figure
shows that although both groups appear to demonstrate a
similar frequency of test-related thoughts 14 days prior to
the test, differences between the two groups on changes in
test-related cognitions become more apparent as the test
date approaches with the frequency of test-related cognitions
increasing at a faster rate for students who improved from
one test to the next.

4.3. Hypothesis 2a: Frequency of Metacognitive Strategy Use.
Results showed that students’ thoughts about the upcoming
mathematics test over the previous hour were accompanied
by reports of engaging in at least one of the metacognitive
strategies 86% of the time. More specifically, time spent
thinking about the test was accompanied 75% of the time by
students reminding themselves of what they had to learn for
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Figure 3: Average intensity of test-related cognitions by improve-
ment classification. Note: The two lines reflect the growth curves of
the parameters for averaged lower and upper quartiles considering
the relative improvement between the two tests.

the test (planning), 63% of the time by students monitoring
their learning, and 41% of the time by students thinking at
least once about whether to change their learning process
(evaluation) over the previous hour. The average intensity
of metacognitive strategies when test-related thoughts were
reported indicate that planning (M = 1.70) was not
only reported more often across assessment points (i.e., at
least once), but also more frequently over the past hour
than monitoring (M = 1.33) or evaluation (M = 0.77).
In contrast, evaluation was least often reported across
assessment points and also showed the lowest intensity over
the preceding hour. Table 3 outlines the correlations between
the metacognitive strategies and test-related cognitions (only
for scores above 0), showing planning and monitoring
to more positively correspond with test-related cognitions
than evaluation. Moreover, planning and monitoring were
highly intercorrelated and showed lower correlations with
evaluation.

To further analyze change over time in these metacog-
nitive strategies over the 14 days prior to the mathematics
test (Tables 4, 5, and 6), all measurement points, including
those during which students did not report thinking about
the test, were taken into account. Similar to the curve iden-
tified for test-related cognitions, quadratic growth curves
were also significant for each metacognitive strategy. Due
to the equivalent manner in which time was coded, the
growth parameters of these curves are comparable. The
quadratic growth curves for planning (Table 4, Figure 4)
and monitoring (Table 5, Figure 4) were very similar, each
having intercepts near 1, nearly equivalent linear parameters
(planning: .18; monitoring: .16), and a small quadratic
parameter indicating a wide curvature. In contrast, the



Education Research International 9

Table 3: Correlations between test-related cognitions and metacog-
nitive strategies.

Planning Monitoring Evaluation

Monitoring .57∗∗∗ —

Evaluation .37∗∗∗ .45∗∗∗ —

Test-related cognitions .59∗∗∗ .50∗∗∗ .25∗∗∗

Note: Nlevel 1 = 2654; Nlevel 2 = 70. ∗∗∗P < .001.
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Figure 4: Change in frequency of planning, monitoring, and
evaluation strategy use.

growth curve for evaluation (Table 6, Figure 4) was relatively
even, having a very low intercept (.35) as well as linear slope
(.05) assessed at one day before the test, together suggesting
that this strategy was rarely used and increased only slightly
in the days prior to the test.

4.4. Hypothesis 2b: Metacognition and Test Performance.
Consistent with the achievement analysis for test-related cog-
nitions, z-standardized results of test improvement residuals
were entered as predictors in the model (Tables 4, 5, and
6; Columns 4 and 5). The test improvement residual was
found to be significantly related to the intercept as well as
the linear slope for the metacognitive strategy of monitoring.
This finding suggests that the more monitoring was reported
by students, particularly during the days just prior to the
test, the better they performed on that test relative to their
previous test performance. Further, this result indicates that
increases in monitoring, especially during the days just prior
to the test, corresponded with better performance on that
test in comparison to their previous test (Figure 5). No such
relations were observed for the metacognitive strategies of
planning and evaluation.
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Figure 5: Change in frequency of monitoring strategy use by
improvement classification. Note: The two lines reflect the growth
curves of the parameters for averaged lower and upper quartiles
considering the relative improvement between the two tests.

5. Discussion

5.1. Hypotheses 1a and 1b: Test-Related Cognitions

5.1.1. Frequency of Test-Related Cognitions. The present
findings suggest that students did indeed think about their
upcoming test in mathematics during nearly a quarter of
the experience sampling assessments obtained during the 14
days prior to test completion. Further, this result provides
evidence in support of evaluating domain-specific test
completion, in the present case with respect to mathematics
class, as a specific achievement goal that students are acutely
aware of and explicitly think about on a regular basis [29].
Regardless of their performance expectations, the observed
frequency of test-related thoughts in this study suggests that
students perceived their test performance as important which
likely contributed to efforts aimed at regulating their learning
behavior to this end.

Nonetheless, students were also found to report not
thinking as often about the test during their leisure time,
indicating that students are also able to disengage from
test-related thoughts in situations not related to academic
achievement. According to Boekaerts [5], the minimizing of
achievement-related cognitions in nonachievement settings
is indicative of an adaptive self-regulatory ability to preserve
motivational and cognitive resources for future achievement
striving. Conversely, this finding also indicates that, even
during their leisure time, some students are occupied with
thoughts about their test, thus underscoring the importance
of this test as well as the relative self-regulatory inability
of some students to optimally preserve their motivational
and cognitive resources in situations not related to learning
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Table 4: Analysis of change in planning strategies prior to test completion.

Basic model Linear model Quadratic model MG + quadratic model

b SE b SE b SE b SE

Fixed effects

Intercept (I) .41∗∗ .04 .78∗∗ .09 1.06∗∗ .13 1.06∗∗ .13

MG× I .09 .07

Linear Slope (LS) .06∗∗ .01 .18∗∗ .03 .18∗∗ .03

MG× LS .01 .01

Quadratic Slope (QS) .01∗∗ .001 .01∗∗∗ .002

Var Var Var Var

Random effects

Between: I .068∗∗ .296∗∗ .595∗∗ .578∗∗

Between: LS .002∗∗ .023+ .023+

Between: QS .000 .000

Within .497a .420a .386a .386a

Model statistics

Deviance 1400.07 1311.45 1276.15 1274.64

No. parameters 3 6 10 12
+P < .1; ∗P < .05; ∗∗P < .01; ano significance test available.
Note: Intercept represents the values one day before the test. State measures across one day were aggregated. Nlevel 1 = 733; Nlevel 2 = 59; MG = z-standardized
residuals on second mathematics test excluding variance accounted for by first test.

Table 5: Analysis of change in monitoring strategies prior to test completion.

Basic model Linear model Quadratic model MG + quadratic model

b SE b SE b SE b SE

Fixed effects

Intercept (I) .34∗∗ .04 .64∗∗ .08 .90∗∗ .12 .90∗∗ .12

MG× I .14∗ .07

Linear Slope (LS) .05∗∗ .01 .16∗∗ .03 .16∗∗ .03

MG× LS .01∗ .001

Quadratic Slope (QS) .01∗∗ .002 .01∗∗ .001

Var Var Var Var

Random effects

Between: I .052∗∗ .252∗∗ .524∗∗ .463∗∗

Between: LS .002∗∗ .021+ .019+

Between: QS .000 .000

Within .381a .322a .293a .292a

Model statistics

Deviance 1232.34 1152.43 1111.16 1107.86

No. parameters 3 6 10 12
+P < .1; ∗P < .05; ∗∗P < .01; ano significance test available.
Note: Intercept represents the values one day before the test. State measures across one day were aggregated. Nlevel 1 = 733; Nlevel 2 = 59; MG = z-standardized
residuals on second mathematics test excluding variance accounted for by first test.

and achievement. Further, the finding that students reported
thinking about the test during more than half of the time
spent in mathematics classes suggests that test preparation
may be an explicit topic of classroom instruction and thus
externally regulated by the teacher by way of the students’
learning environment (see [64]). Thus, depending on the
extent to which “teaching to the test” characterizes the
class curriculum, the question arises as to the suitability of
externally regulated learning environments for fostering and
rewarding the self-regulatory competencies explored in this

study [5, 26]. On the other hand, further research on this
assumption is warranted given that explicit instruction by
the teacher on metacognitive strategy use concerning the
upcoming test may also be responsible for students’ higher
levels of general test-related cognitions during class.

Concerning changes in students test-related thoughts as
the test date approached, the development of test-related
cognitions was best reflected by a quadratic curve implying
that not only did students think more about the test over
time, this growth in the frequency of test-related thoughts
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Table 6: Analysis of change in evaluation strategies prior to test completion.

Basic model Linear model Quadratic model MG + quadratic model

b SE b SE b SE b SE

Fixed effects

Intercept (I) .17∗∗ .03 .27∗∗ .05 .35∗∗ .08 .35∗∗ .08

MG× I .07 .04

Linear Slope (LS) .02∗∗ .005 .05∗ .02 .05∗ .02

MG× LS

Quadratic Slope (QS) .003∗ .001 .003∗ .004

Var Var Var Var

Random effects

Between: I .029∗∗ .081∗∗ .200∗∗ .188∗∗

Between: LS .000∗ .010∗ .009∗

Between: QS .000 .000

Within .142a .133a .125a .353a

Model statistics

Deviance 628.66 604.49 582.21 579.14

No. parameters 3 6 10 12
+P < .1; ∗P < .05; ∗∗P < .01; ano significance test available.
Note: Intercept represents the values one day before the test. State measures across one day were aggregated. Nlevel 1 = 733; Nlevel 2 = 59; MG = z-standardized
residuals on second mathematics test excluding variance accounted for by first test.

also further increased as the test date neared. This pattern
of change in test-related thinking is perhaps not surprising
as the incremental cognitive investment toward achievement
goals allowing for goals with more immediate deadlines to
be most fully pursued (i.e., tests in other classes) is assumed
to be a critical component of self-regulated learning [5].
Notably greater variance for the intercepts as compared to the
linear and especially the quadratic slopes was also observed,
indicating that despite considerable variability between stu-
dents in terms of their frequency of test-related thoughts, the
shape of the growth curve was nonetheless very similar across
students. Taken together, these findings provide empirical
support for our first hypothesis in demonstrating greater
test-related thinking in achievement or learning situations,
and further, in showing that increases in the frequency of
test-related thoughts over time began to rise as the test date
approached. However, given the possibility that the present
data collection method requiring three to six assessments per
day may have also inflated test-related cognitions, further
ESM studies in which less frequent assessments are employed
are needed to more fully address this potential alternative
explanation for the prevalence of test-related thoughts.

5.1.2. Test-Related Cognitions and Test Performance. The
intercept as well as slope for the frequency of test-related
thinking over time were found to positively correspond with
improvements in test performance. This finding suggests that
despite the highly generalized nature of the present test-
related cognition measure, it nonetheless appears to be con-
sistently associated with more specific cognitions that more
directly contribute to improvements in test performance,
namely, metacognitive learning strategies (cf., [50]), and as

such, provides some empirical support for the use of global
test-related cognition items in ESM research. However, it is
important to also note that this global assessment of test-
related thoughts may also have reflected negative emotions
concerning the test (e.g., anxiety) or related coping strategies
aimed at minimizing preparation for the test. Nevertheless,
that test-related cognitions were still found to predict better
subsequent test performance overall, despite the possibility
of this measure indicating maladaptive emotions or cogni-
tions for some students, provides further support for our
assumption that test-directed cognitions were associated
with effective test-related metacognitive strategies.

5.2. Hypotheses 2a and 2b: Metacognitive Strategies

5.2.1. Frequency of Metacognitive Strategy Use. To more
explicitly address the above assumption that test-related
cognitions imply a potential ensemble of learning strategies,
analyses further revealed that at least one of the three
metacognitive strategies assessed in this study was typically
reported if test-related thinking was indicated. More specif-
ically, the strategy of planning, defined as thinking about
what to learn for the test, was most frequently reported,
followed by the strategy of monitoring, operationalized as
reviewing existing knowledge as it applies to the upcoming
test. In contrast, evaluation was applied far less often and
also reported to occur less frequently over the course of
the previous hour than were the other two strategies.
Correlations further showed planning and monitoring to
have a strong positive relationship, with evaluation also
showing positive albeit notably weaker relations with these
two strategies.
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These findings are in line with previous findings showing
these metacognitive strategies to be highly interdependent
[19, 20]. They further show that although students regularly
engage in the planning and monitoring of their learning
behavior when preparing for an upcoming test, they may fail
to regularly adapt their learning behavior based on evaluated
progress toward their learning goal. Concerning potential
explanations for this pattern of results, it is possible that
students may opt to forego self-regulatory strategies aimed
at improving their learning behavior and rely instead on
teachers to correct and externally regulate their learning
behavior [64]. Alternatively, it is also possible that many
students may already have well-established ways of learning
that they do not wish to change, that students do not find
the evaluation methods or feedback provided by instructors
during the learning process to be useful or necessary, or that
they in fact lack the ability to effectively use the metacognitive
strategy of evaluation regardless of the type of evaluative
feedback available given that this strategy is significantly
more complex than either planning or monitoring.

The observed changes in the use of these three metacog-
nitive strategies parallel those observed for test-related cogni-
tions in that all three growth trajectories were best reflected
by a quadratic growth curve. However, whereas the linear and
quadratic slope parameters for the strategies of planning and
monitoring were very similar to each other, the development
of evaluation strategies over time was far more flat and
constant in nature. This finding is further consistent with
previous findings showing these metacognitive strategies to
not be related to each other in a hierarchical or sequential
manner, but rather to occur simultaneously toward the
completion of an achievement goal [19].

5.2.2. Metacognitive Strategy Use and Test Performance. In
contrast, the test improvement measure was found to
positively correspond with the intercept as well as linear slope
for the strategy of monitoring. This finding suggests that
the more monitoring was evidenced by students especially
during the final days before the test, and the more monitor-
ing increased during the final days before the test, the better
they performed on this test relative to their previous test in
mathematics class. Similar relations were not found for the
strategies of planning and evaluation.

These significant results underscore the importance of
monitoring as a critical metacognitive strategy that, accord-
ing to Winne and Hadwin [7], represents an omnipresent
metacognitive process responsible for facilitating various
aspects of self-regulated learning. More specifically, the
present findings suggest that student engagement in the
monitoring process is significantly related to subsequent
academic achievement and that as a test date approaches,
increased emphasis on monitoring one’s knowledge acquisi-
tion is essential to ensuring that the learning process remains
efficient and effective. With respect to the lack of significant
relations between test improvement and planning, it is
possible that planning as a more distal strategy, initiated at
the outset of the learning process, may show lower relations
with subsequent performance than more proximal strategies
such as monitoring that entail the continued engagement in

planned activities up to test completion. As noted above,
it is also possible that no relations between evaluation
and achievement gains were observed due to the externally
regulated nature of the classroom setting in which the
learning progress is also monitored and corrected by the
teacher in lieu of optimal test performance, but the lack of
a relationship between evaluation and improvement might
also lie in the lack of the use of evaluation strategies.

The present study findings thus demonstrate a significant
relationship between students’ engagement in metacognitive
strategy use with respect to an upcoming test in mathematics
and their actual performance on this test. Further, these
results highlight the importance of evaluating not only the
overall frequency with which such strategies are employed,
but also change over time of the use of metacognitive
strategies during the learning process prior to test com-
pletion. Findings revealed the intercept as well as growth
in the frequency of monitoring the learning process to
be significantly related with improvements in test grades
relative to prior test performance. Taken together, the results
of the present study provide empirical support for the
temporal relationship between metacognitive strategy use
and achievement over and above the findings of correlational
questionnaire studies (cf. [8]). Moreover, the present find-
ings also highlight the utility of experience sampling methods
to better evaluate students’ use of metacognitive strategies as
not only global dispositions but situated learning behaviors
that directly correspond to actual performance gains in a
real-life classroom setting.

6. Implications for Future Research
and Practice

As suggested by the present findings showing the experi-
ence sampling method to be a worthwhile instrument for
evaluating self-regulated learning processes, future studies
in which such elaborated assessment methods are employed
are recommended to further explore students’ learning
behaviors in real-life achievement settings. Similarly, greater
methodological research in which better and additional
measures of validity and reliability for data obtained from
experience sampling methods is required. It is anticipated
that future research in which additional learning strategies
are explored using such data collection and statistical
methods can provide considerable insight into students’
use of such strategies in actual learning situations. For
example, these studies could evaluate metacognitive as well
as more specific cognitive learning strategies used by students
when presented with learning material [5] that are known
to predict academic achievement (e.g., elaborative learn-
ing; [65]) as well as motivation- and emotion-regulation
strategies used by students in response to academic stress,
failure, and negative emotions (e.g., anxiety, boredom; [51,
66, 67]). Coding of open-ended ESM question formats, as
well as exploring interactions between specific self-regulated
learning strategies, may also help to further elucidate the
types of strategies being employed in real-life learning
settings and further refine existing models of self-regulated
learning.
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Future ESM research in which objective evaluations
of specific elements of the students’ learning environment
are also assessed should serve significantly to complete
our understanding of how and why metacognitive and
learning strategies are employed by students in specific
learning situations. By assessing not only how students
regulate their learning process but also the extent to which
classroom teachers as well as goal structures promote
mastery of learning material, as opposed to performance on
achievement tests (see [68]), the degree to which specific
learning and metacognitive strategies are endorsed can
be more thoroughly analyzed in relation to the actual
opportunities afforded to students to learn these strategies
and have them pay off on performance evaluations. In other
words, our findings suggest that by extending the present
situated method of analysis to also include classroom and
teacher variables, a more comprehensive understanding of
students’ learning behavior can be achieved by researchers
and educators alike. Efforts to combine such self-report
measures with observational methods such as video-based
assessment should also help to provide further insight into
students’ learning behaviors.

Similarly, it is anticipated that such findings from studies
in which situational factors are more fully explored should
serve to inform efforts to improve classroom environments as
well as develop effective intervention programs for struggling
students. Upon identifying aspects of the classroom environ-
ment that facilitate or prevent the use and effectiveness of
self-regulated learning strategies, such findings can be readily
incorporated into teacher education programs. As such,
it should be possible to inform preservice and practicing
teachers of the importance of creating optimal classroom
settings for fostering students’ self-regulatory competences
and increase their awareness of the necessity and utility of
students’ self-regulatory efforts (see [13]).

Finally, further research on the moderating effect of
situational factors on the use and achievement benefits
of metacognitive and cognitive learning strategies should
also serve to enhance the effectiveness of related inter-
vention programs. For example, the lack of change in
the use of evaluation as a metacognitive strategy needs
further research with respect to the impact of classroom
features on students’ use of this strategy such as test
format, lesson structure, or explicit guidance concerning
the effective use of self-regulated learning strategies by the
instructor. By better delineating the effects of classroom and
instructional dynamics, as compared to dispositional factors
(e.g., individual differences in motivational strategies) on
students’ metacognitive strategy use, we can design better
intervention programs that target the critical sources of
maladaptive learning approaches (e.g., having a focus on
teacher training versus improving student motivation). In
summary, the present study illustrates that students do
indeed have the ability to effectively use metacognitive
strategies, particularly the strategy of monitoring, and in so
doing, can positive impact their subsequent achievement.
Nevertheless, this research also suggests further avenues of
research into the intentionality of changes in students’ self-
regulatory strategy use over time, possible changes in related

self-regulatory strategies over time (e.g., to regulate one’s
motivation, emotions), exploring and improving the use and
effectiveness of specific learning strategies (e.g., evaluation,
elaboration), as well as the potential moderating effects of
instructional methods and classroom features.
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Endnotes

1. It should be noted that the present sample affords a
three-level data structure consisting of measurement
points within individuals within classes. The intraclass
correlations (ρ) between the individual level and the
class level for the variables were ρ test-relatd cognitions = .19,
ρ planning = .23, ρmonitoring = .02, ρevaluation = .02. As
a result of the small cluster group (Mc ≤ 4), the design
effect (DEFF = 1+ρ(Mc−1) of individuals within classes
was below 2 for all variables. Thus, the third class level
was not assessed in subsequent models (see Muthén, L.;
1999, October 29. Intraclass correlations [Msg 2]. Mes-
sage posted to http://www.statmodel.com/discussion/
messages/12/18.html?1253640879). On average, 10.5
days out of a maximum of 14 days, were assessed per
student. Whole missing days might be due a student
forgetting the device at home or forgetting to recharge
the device on time or similar reasons. On the days were
data was assessed, on average 3.6 single measurement
points were gained out of an expected possible (but
not necessarily given) maximum of in average 5 single
measurement points. No systematic in the pattern of
missings could be found, thus we assume, that all
missings are at random.

2. Achievement on the second test in mathematics is
largely predicted by previous test performance, and
this relationship may, in turn, influence the regression
weights of the growth parameters. As such, what we
assessed were the residuals of performance on the
second test obtained after variance explained by the first
test was removed. This score is thus referred to as test
improvement and describes the relative improvement
over time from the first test to the second, with students
who performed better than expected considering their
previous test score obtaining a score above zero, and
those who performed worse than expected considering
their previous test score obtaining a negative score.
Integrating performance on the first test in the model
as a predictor follows from the assumption that the
prior achievement may influence learning behavior.
Although including test improvement as a predictor
of prior learning behavior is counterintuitive, it was
nonetheless included as such due to the significance of
the relationship between the individual growth param-
eters and test improvement being accurately reflected
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by the regression results despite an inverse direction of
causality being assumed.

3. Applying the HLM notation, the resulting equations
were as follows:

Y = π0 + π1x + π2x
2 + e,

π0 = β00 + β01z + r0,

π1 = β10 + β11z + r1,

π2 = β20 + r2.

(1)
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der Forschung,” Zeitschrift für Pädagogische Psychologie, vol.
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“Between- and within-domain relations of students’ academic
emotions,” Journal of Educational Psychology, vol. 99, no. 4, pp.
715–733, 2007.

[53] H. M. Weiss, D. J. Beal, S. L. Lucy, and S. M. MacDermid,
“Constructing EMA studies with PMAT: the purdue momen-
tary assessment tool user’s manual,” 2004.

[54] T. Goetz, A. C. Frenzel, H. Stoeger, and N. C. Hall,
“Antecedents of everyday positive emotions: an experience
sampling analysis,” Motivation and Emotion, vol. 34, no. 1, pp.
49–62, 2010.

[55] U. E. Nett, T. Goetz, and N. C. Hall, “Coping with boredom
in school: an experience sampling perspective,” Contemporary
Educational Psychology, vol. 36, no. 1, pp. 49–59, 2011.

[56] S. W. Raudenbush, A. S. Bryk, and R. Congdon, “HLM 6.04.
hierarchical linear and nonlinear modeling,” Lincolnwood:
Scientific Software International, 2007.

[57] J. L. Schafer and J. W. Graham, “Missing data: our view of the
state of the art,” Psychological Methods, vol. 7, no. 2, pp. 147–
177, 2002.

[58] P. D. Allison, Missing Data, Sage, Thousand Oaks, Calif, USA,
2001.

[59] A. C. Frenzel, T. Goetz, R. Pekrun, and H. M. G. Watt, “Devel-
opment of mathematics interest in adolescence: influences of
gender, family, and school context,” Journal of Research on
Adolescence, vol. 20, no. 2, pp. 507–537, 2010.

[60] J. C. Biesanz, N. Deeb-Sossa, A. A. Papadakis, K. A. Bollen,
and P. J. Curran, “The role of coding time in estimating and
interpreting growth curve models,” Psychological Methods, vol.
9, no. 1, pp. 30–52, 2004.

[61] S. W. Raudenbush and A. S. Bryk, Hierarchical Linear Models.
Applications and Data Analysis Methods, Sage, Thousand Oaks,
Calif, USA, 2nd edition, 2002.

[62] L. S. Aiken and S. G. West, Multiple Regression: Testing and
Interpreting Interactions, Sage, Newbury Park, Calif, USA,
1991.

[63] J. Cohen, “Partialed products are interactions; partialed
powers are curve components,” Psychological Bulletin, vol. 85,
no. 4, pp. 858–866, 1978.

[64] U. Schiefele and R. Pekrun, “Psychologische modelle des
fremdgesteuerten und selbstgesteuerten Lernens,” in Enzyk-
lopädie der Psychologie, F. E. Weinert, Ed., vol. 2, pp. 249–278,
Hogrefe, Göttingen, Germany, 1996.

[65] N. C. Hall, R. P. Perry, T. Goetz, J. C. Ruthig, R. H. Stupnisky,
and N. E. Newall, “Attributional retraining and elaborative
learning: improving academic development through writing-
based interventions,” Learning and Individual Differences, vol.
17, no. 3, pp. 280–290, 2007.

[66] N. C. Hall, “Self-regulation of primary and secondary control
in achievement settings: a process model,” Journal of Social and
Clinical Psychology, vol. 27, no. 10, pp. 1126–1164, 2008.

[67] R. Pekrun, T. Goetz, W. Titz, and R. P. Perry, “Academic emo-
tions in students’ self-regulated learning and achievement:



16 Education Research International

a program of qualitative and quantitative research,” Educa-
tional Psychologist, vol. 37, no. 2, pp. 91–105, 2002.

[68] E. M. Anderman and C. Wolters, “Goals, values, and affect,”
in Handbook of Educational Psychology, P. Alexander and P.
H. Winne, Eds., pp. 369–390, Lawrence Erlbaum Associates,
Mahway, NJ, USA, 2nd edition, 2006.



Hindawi Publishing Corporation
Education Research International
Volume 2012, Article ID 152747, 10 pages
doi:10.1155/2012/152747

Research Article

Students’ Persistence and Academic Success in a First-Year
Professional Bachelor Program: The Influence of
Students’ Learning Strategies and Academic Motivation

Gert Vanthournout,1, 2 David Gijbels,2 Liesje Coertjens,1

Vincent Donche,1 and Peter Van Petegem1

1 EduBROn-research group, Institute of Education and Information Sciences, University of Antwerp, 2000 Antwerp, Belgium
2 REPRO-research group, Institute of Education and Information Sciences, University of Antwerp, 2000 Antwerp, Belgium

Correspondence should be addressed to Gert Vanthournout, gert.vanthournout@ua.ac.be

Received 7 December 2011; Revised 2 August 2012; Accepted 16 August 2012

Academic Editor: Eduardo Cascallar

Copyright © 2012 Gert Vanthournout et al. This is an open access article distributed under the Creative Commons Attribution
License, which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly
cited.

The present study explores whether students’ learning strategies and academic motivation predict persistence and academic success
in the first year of higher education. Freshmen students in a professional bachelor program in teacher education were questioned
on their learning strategy use and motivation at the start and at the end of the academic year. Students’ learning strategies were
assessed using the inventory of learning styles-SV. Motivation was measured using scales from the self-regulation questionnaire and
the academic motivation scale. Gender and students’ prior education were incorporated as control variables. Logistic regression
analyses and general linear modelling were applied to predict persistence and academic success, respectively. In each case a stepwise
approach in data analysis was used. Results on persistence indicate that lack of regulation and amotivation at the start of the year are
significant predictors. For academic success, results showed that relating and structuring, lack of regulation, and lack of motivation
at the end of the year are meaningful predictors. Overall, our study demonstrates that learning strategies and motivation have a
moderate explanatory value regarding academic success and persistence, and that these effects remain even after controlling for
the influence of background variables.

1. Introduction

Institutions for higher education nowadays are confronted
with a number of complex, educational difficulties. The so-
called democratization of higher education has not only led
to a worldwide increase in student numbers [1], but has
also been accompanied by a diversification of the student
population [2, 3]; in particular in higher education contexts
in which an open access policy is applicable. At the same
time, dropout remains high, and study success continues
to be problematic [4–6]. Meeting the educational needs
of this heterogeneous population and increasing retention
and throughput rates is an important challenge for higher
education [7, 8].

To cope with these challenges, institutions for higher
education increasingly devote attention to the support of

freshmen students and have begun designing coaching
initiatives accordingly. A good part of these initiatives
target students’ motivation and/or the strategies they apply
when engaging in learning. Not only has previous research
convincingly demonstrated these factors to be related to
study success (e.g., [7, 9–13]), but they also seem among the
few factors in a broad range of predictors that institutions
can actively have an influence on.

Nevertheless, questions still remain on the relation
between learning strategies, motivation, and performance.
The vast majority of previous research has adopted some
form of grades (be it single grades or grade point average)
(e.g., [9, 14, 15]) or self-report measures as outcome
variables (e.g., [16–18]). However, it can be argued that the
main aim of freshmen coaching programs is not primarily to
increase students’ grades, but to support them in persisting
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in the program and/or pass course modules. However, there
is not that much available research that explicitly explores
the relation between motivation, the quality of learning, and
alternative outcome variables such as dropout or the amount
of course-modules that students have passed.

In addition, at least in Europe, the introduction of
the European credit transfer system (ECTS) has somewhat
impaired the predominant concept of a standardized cur-
riculum that is completed within a relatively fixed period
of time, in favor of increased flexibility. It is increasingly
observed that not all students take the same course modules
during the same academic year, enroll in a full program,
or adopt the same study pace. For students in this context
attaining credits is becoming a more important aim, this
raises questions as to whether, or in this context GPA should
be retained as the optimal or only a reference point for
comparing students’ performance.

Finally, almost all the research on the relation between
motivation, learning, and academic performance has been
carried out with university students (e.g., [9]). Programs at
university colleges, resulting in the attainment of a profes-
sional bachelor degree, differ from the academic setting at
the university by being more practice or vocation oriented. It
could be hypothesized that this orientation requires students
to acquire different learning strategies to be successful. Up to
date, however, few studies have tackled the relation between
learning strategies, motivation, and student performance in
the specific setting of a university college.

Therefore, in the current study we want to explore the
relation between motivation, learning strategies, and student
performance in the first year of a professional bachelor
program in teacher education. Students’ persistence and the
ratio between the number of credits a student obtained and
the number of credits he or she was enrolled in (further
referred to as academic success) are adopted as outcome
variables. Results of the study may not only advance our
insights in the relation between motivation, learning, and
performance, but it may also provide some suggestions for
the design of coaching activities for freshmen students.

2. Theoretical Frameworks

Two theoretical frameworks were chosen by this study to
represent “the skill and the will” in predicting academic
performance [19]. The cognitive processing strategies and
metacognitive regulation strategies from the learning pat-
tern framework were chosen to explore students’ learning
strategies [19, 20]. To map students’ motivation, self-
determination theory was incorporated [21, 22]. These
models were selected, not only because they provide con-
temporary and complex viewpoints on learning and moti-
vation, but also because they both incorporate dimensions
that indicate problems in learning or motivation, notably
memorizing, lack of regulation and amotivation. Given
the focus of the current study on first-year students and
on persistence/dropout, this was regarded as an added
value. In addition, the learning strategy components incor-
porated in the learning pattern model also includes an

application-oriented strategy (concrete processing), making
the model especially suitable for research in the context of a
more vocation-oriented professional bachelor program.

2.1. Learning Strategies in the Learning Pattern Model. The
learning pattern model was designed in an attempt to pro-
vide a more comprehensive and integrated account of learn-
ing by bringing together four different learning components,
namely, cognitive processing strategies, regulation strategies,
conceptions of learning, and orientations to learning [23,
24]. Cognitive processing strategies and meta-cognitive
regulation strategies are sometimes subsumed under the
more overarching concept of learning strategies [20, 23].
Based on students’ preferences for specific strategies, concep-
tions, and orientations, the model distinguishes between a
meaning oriented pattern, a reproduction-oriented pattern,
and application-oriented pattern and an undirected pattern.
Originally Vermunt and colleagues referred to their model as
a learning style model [24]. However, due to the association
between learning styles and innate and stable personality
characteristics they later started using the concept of learning
patterns [19, 20, 25]. To avoid confusion in terminology, we
will consistently use the term learning patterns in this paper.
For a detailed description of the full model, we refer to the
review article by Vermunt and Vermetten [20]. In the current
study, only the learning strategies, the cognitive processing
strategies and the meta-cognitive regulation strategies are
incorporated (see also Table 1).

Processing strategies refer to those thinking strategies and
study skills that students possess and apply to process subject
matter. Five such strategies are incorporated: relating and
structuring, critical processing, memorizing, analyzing, and
concrete processing. Relating and structuring and critical
processing are seen as indicators of deep processing or
meaning oriented learning, while memorizing and analyzing
point towards a stepwise approach in processing or a
reproduction orientation. Concrete processing is linked to a
vocation orientation.

Regulation strategies are those activities students use
to steer their cognitive processing. Within the learning
pattern model, three such strategies are incorporated, self-
regulation, external regulation, and lack of regulation. They
refer to students’ preferences for the various sources that
can initiate or regulate a learning process. Self-regulated
students have a preference for regulating the learning process
themselves, while externally regulated students prefer to
depend on the teacher or learning material for this. Students
who lack regulation experience problems with the regulation
of their learning process.

A few studies explored the relationship between learning
patterns or learning strategies as conceived within this model
and academic outcomes. Boyle and colleagues [26] found
that relating and structuring, critical processing, analyzing,
and self-regulation were positively related to GPA in the
higher years of university. However, all correlation coeffi-
cients were small. Donche and Van Petegem [27] investigated
whether learning patterns predicted GPA with first year pro-
fessional bachelor students in addition to several background
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Table 1: Learning strategies and their meaning as conceived in the learning pattern model.

Learning component Learning dimension Meaning

Processing strategies

Deep processing

(i) Relating and structuring The extent to which students actively relate aspects of the content
(ii) Critical processing The extent to which students adopt a critical angle

Stepwise processing

(i) Analyzing The extent to which students methodically process the learning content
(ii) Memorizing The extent to which students memorize the learning content

Concrete processing
The extent to which students attempt to apply the content to concrete
situations

Self regulation The extent to which students actively steer their own learning process

Regulation strategies External regulation
The extent to which students rely on teaching staff or the learning material to
steer their learning process

Lack of regulation Lack of clarity on how to steer their learning process

variables. They found analyzing, concrete processing, and
external regulation to be positive predictors of GPA, while
lack of regulation and intake of knowledge negatively pre-
dicted this outcome. The model including only the learning
pattern dimensions explained 16% of the variance in GPA.
A Study by Vermunt found that self-regulation as well as
external regulation was related to higher achievement. Lack
of regulation, on the other hand, was linked to lower perfor-
mance [28]. Beishuizen and Stoutjesdijk [29] demonstrated
that university students with a meaning oriented learning
pattern, containing deep processing and self-regulation, out-
performed students with a reproduction-oriented learning
pattern, the latter including, amongst others, a preference for
memorizing, analyzing, and external regulation. Outcome
variable in this study was students’ exam scores for a specific,
innovative, computer-supported learning environment.

To our knowledge, up to now only three studies were
carried out that included similar outcome measures as the
ones adopted in the current study. Busato and colleagues
carried out two studies with first year university students in
which learning patterns were related to the amount of study-
points (credits) that students obtained. Their first study
found a significant moderate, negative correlation between
academic success and the undirected learning pattern,
including lack of regulation, in three of the five cohorts that
participated in the study [30]. None of the other learning
patterns were significantly related to academic success. Their
second study, with three cohorts, generally confirmed these
results, although in this study negative correlations between
the undirected learning pattern and academic success tended
to be small [31].

In addition, a single study by Coertjens and colleagues
[32] explored the relationship between learning patterns,
academic motivation, self-efficacy, and several background
variables and dropout with first year students in a profes-
sional bachelor program. The model including only learning
patterns explained a mere 3% of the variance in dropout
among first year students. Results demonstrated that the
reproduction-oriented learning pattern was a significant
negative predictor of dropout. An initial effect of the
undirected pattern disappeared when self-efficacy was added
to the model.

Based on previous research on the relation between
learning patterns and academic performance, it can be
concluded that the most salient relation exists between
undirected learning and lower academic performance.
Results on other learning patterns are unequivocal. However,
a significant part of the previous research only reported
results on the level of entire learning patterns, making it
difficult to discern which specific learning strategies predict
academic performance. Also, few studies up to now have
targeted outcome measures such as dropout or academic
success or explored the interrelations in the context of a
professional bachelor program.

2.2. Academic Motivation. Self-determination theory (SDT)
is a macromotivational theory that builds on the classical,
distinction between intrinsic and extrinsic motivation [33]
and has been frequently used in research in educational
contexts [34]. It is a multidimensional model that distin-
guishes between the quantity and quality of motivation
[17, 35]. Regarding the quality of motivation, SDT makes a
distinction between autonomous and controlled motivation.
Students who are autonomously motivated for learning
engage in learning behaviour out of feelings of choice or
volition. Underlying motives range from personal interest
(internal regulation) or perceptions of value or relevance
(Identified regulation). In contrast, in the case of controlled
motivation, learning behaviour is predominantly driven
by feelings of pressure. These can originate from within
students themselves through feelings of shame, pride, or guilt
(introjected regulation), or they can be initiated by external
pressures such as expectancies, rewards, or punishments
(external regulation).

The quantity of motivation is incorporated in SDT
through the concept of amotivation. Students who are amo-
tivated lack motivation altogether [36]. They are apathetic
and have little concern for their studies. They will exhibit
very few learning activities, and, when they do so, they seem
to lack the ability to regulate their study behaviour and
predominantly make use of surface strategies [21]. This lack
of motivation, according to SDT, partially stems from low
capacity beliefs, related to low feelings of self-efficacy.
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Research shows that students who are autonomously
motivated persist longer, are better in organising their
learning activities, are more concentrated, engage in deeper
learning, achieve higher grades, and feel better than students
who are driven by controlled motivation [21, 34, 37]. A
recent metaanalyses on the psychological correlates of GPA
with university students generally confirmed these findings
[9]. Across all incorporated studies, intrinsic/autonomous
motivation proved to be a small significant and positive
correlate of GPA, while extrinsic/controlled motivation was
not significantly associated with GPA. However, results are
not always unequivocal. A study by Baker found neither
autonomous motivation, controlled motivation, or amoti-
vation to be related to GPA with second-year university
students [38]. Some studies have used the relative autonomy
index (RAI) as predictor. The RAI captures individuals’
level of autonomous motivation relative to their level of
controlled motivation or amotivation by adding weights
to students’ scores on specific motives and subsequently
averaging these scores to obtain a single measurement of
relative autonomous motivation [39]. Higher scores on the
RAI have found to be related to higher grades [39, 40].

A few studies have related academic motivation from a
self-determination theory’s perspective to dropout. A study
by Vallerand and Bissonnette [41] with high school students
demonstrated that students who dropped out had lower
scores on autonomous motivation and higher scores on
amotivation. A second study also showed that higher scores
on the RAI predicted lower intentions to drop out [42].
This was further evidenced in a study with high school
students by Hardre and Reeve in which academic motivation
explained 27% of the variance in dropout intentions [43].
The aforementioned study by Coertjens and colleagues,
using actual dropout as an outcome variable, reports a
significant positive link between amotivation and dropout.
However, the effect disappeared after learning patterns, and
background variables were added to the model [32].

Concluding, we can state that autonomous motivation
tends to be positively related to academic performance, while
amotivation seems to predict negative outcomes such as
dropout. Controlled motivation tends to be unrelated to
achievement. Although the research on the relation between
performance and academic motivation is more abundant in
comparison to that on the relation with learning patterns,
some caveats still exist. For instance, the use of the RAI to
a degree obscures the relation between specific motives and
academic performance. Moreover, much of the research on
the relation with dropout has been carried out in the context
of high school. Finally, to our knowledge, no studies have
explicitly tackled the relationship between motivation and
the attainment of credits (academic success).

3. Research Questions

The current study aims to explore whether or not aca-
demic motivation and learning strategies predict persis-
tence/dropout and academic success in the first year of
a professional bachelor program in teacher education. As

dropout can occur during the academic year, students’
academic motivation and learning strategy use at the start
of the academic year were used to predict persistence. Since
research has demonstrated that students significantly change
their preferences for learning strategies or motivation during
their freshmen year [44], we deemed it more appropriate
to use students’ motivation and learning strategy use at the
end of the academic year as predictors for academic success.
In accordance with previous research, we also included
two background variables that have consistently shown to
be related to academic performance, gender, and prior
education as control variables (e.g., [7, 9, 27, 45, 46]). By
doing so, we hope to provide a more accurate image of the
unique contribution of learning strategies and motivation in
predicting academic performance. Summarizing, the current
study addressed the following research questions.

(i) (RQ1) Do students’ learning strategies and motives at
the start of the first year of higher education predict
their persistence in their first year?

(ii) (RQ2) Do students’ learning strategies and motives
at the end of the first year of higher education predict
their academic success in their first year?

(iii) (RQ3) To what degree do students’ learning strategies
and motives predict their persistence and academic
success in their first year, after controlling for gender
and prior education?

4. Research Methods

4.1. Short Overview of the Educational System in Flanders. In
Flanders, the Dutch speaking part of Belgium, mandatory
education is organized between the ages of six and eighteen
[47]. Primary education is aimed at children from six to
twelve years old. Secondary education is intended for young
people aged from twelve to eighteen. It is comprised of three
stages, each spanning two years. The majority of teaching
periods in the first stage is devoted to the core curriculum.
From the second stage on, different educational types can
be distinguished based on their educational aims. General
secondary education emphasizes broad general education
and aims to provide a very firm foundation for passing
on to tertiary education. In technical secondary education
and secondary arts education, most attention is devoted to
general and technical-theoretical subjects (or arts practice).
Afterwards, students can exercise a profession or pass on
to tertiary education. Vocational secondary education is a
practice-oriented type of education in which student are
prepared for a specific occupation in addition to receiving
general education. Each type of education encompasses
various courses or fields of study. At the end of each school-
ing year, all students receive an “orientation certification”,
clarifying their options for the next academic year. Three
such certificates exist. The A-certificate allows students to
continue to the next grade in their current course. The B-
certificate allows students to continue to the next grade,
although not in the same course. To pass to the next
grade, students have to change course and thereby also
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Table 2: Cross tabulation of persistence and participation in data gathering at end of year.

Participated in data gathering at end of year Persisted in program

No Yes Total

No
Actual 230 231 461

Statistically expected 158 303

Yes
Actual 70 338 408

Statistically expected 142 266

Table 3: Distribution of background variables.

Student factor Dimensions N Valid percentage of population

Gender
Male 266 33%

Female 607 67%

Prior education

Normal trajectory 275 36%

Repeated one or more grades 66 9%

Changed courses one or several times 274 35%

Repeated one or more grades and changed courses one or several times 158 20%

possibly change between educational types. If students want
to continue in the courses they are currently enrolled in, they
have to retake their grade. The C-certificate forces students to
retake their grade, regardless of whether or not they change
course. In any case, students can also voluntarily choose
to change course or educational type. Students holding a
degree in secondary education have unlimited access to
higher education. Neither the school, the type of education
or course of study play a part in this, which makes the student
population in higher education in general is relatively divers.

In the Flemish higher education system, two types of
initial teacher training are provided. On the one hand,
a three-year professional bachelor program is organized
at university colleges. It prepares students for a job in
kindergarten, primary education, or the lower years of
secondary education. On the other hand, a specific teacher
training program is set up for students who have already
obtained a diploma in higher or adult education. This teacher
education program is provided by universities and centers for
adult education. It provides students with the certification
to teach in the higher grades of secondary education in the
domain in which they attained their initial diploma. Both
types of teacher education lead to the same diploma, namely,
the qualification of teacher [48]. The current study only
pertains to students in the first type of teacher education.

4.2. Sample. Participants in the current study were first year
students enrolled in a professional bachelor program in
teacher education in Belgium. 873 students (87%) partic-
ipated in the data gathering at the start of the year. 408
students (46%) filled in a questionnaire at the end of the
academic year. This difference in participation rate is proba-
bly for most part due to dropout. Cross tabulation (Table 2)
and a Pearson Chi2-test confirmed that students who did
not take part in the second data gathering moment were
overrepresented in the dropout category, and students who
did participate overrepresented in the persistence category
(χ2 = 103, 679, sign ≤ 0.001).

The age of students ranged between 18 and 49 years
with an average age of 19,9 years. Over 95% of the first year
students where younger than 25 years old at the start of the
program. The distribution of students across the background
variables incorporated in the design is represented in Table 3.
Prior education alludes to whether the student encountered
any study delays during his or her prior education, and
whether or not students changed courses during secondary
education. It can be discerned from Table 3 that the majority
of students were female and had encountered some sort of
“hurdle” in their secondary education.

4.3. Research Instruments. Students were questioned on their
habitual learning strategies and motives at the start and at the
end of the academic year.

To measure students’ learning strategy preferences the
inventory of learning styles-short version (ILS-SV) was
administered [49]. This instrument is a revised and reduced
version of Vermunt’s inventory of learning styles [23]. The
ILS-SV is composed of 30 items, measuring students’ use of
five different processing strategies (relating and structuring,
critical processing, memorizing, analyzing, and concrete
processing) and three regulation strategies (self-regulation,
external regulation, and lack of regulation).

Autonomous and controlled motivation from the perspec-
tive of self-determination theory was measured using the
Dutch version of the academic self-regulation questionnaire
(SRQ-A) [17, 50]. A translated scale from the academic
motivation scale (AMS) was used to map amotivation [36].
All items were rated on a five-point Likert scale, ranging
from “I seldom or never do this” to “I almost always do
this” for processing strategies and from “Totally agree” to
“Totally disagree” for regulation strategies and motivational
regulations. Reliabilities for all scales at the two data-
gathering moments of our study are represented in Table 4.

In Flanders and the Netherlands the combination of the
ILS-SV, the SRQ-A, and the amotivation scale from the AMS
is known as the learning and motivational questionnaire,
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Table 4: Reliabilities for scales pertaining to the ILS-SV, SRQ-A, and AMS.

Scale α start α end

ILS-SV

Processing strategies

Relating and structuring .73 .69

Critical processing .68 .71

Analyzing .66 .61

Memorizing .61 .72

Concrete processing .64 .61

Regulation strategies

Self-regulation .69 .74

External regulation .61 .63

Lack of regulation .73 .80

SRQ-A
Controlled motivation .79 .80

Autonomous motivation .86 .85

AMS Amotivation .76 .75

LEMO) [51]. It is conceived as a short and quick diagnostic
tool aimed at providing information on motives and learning
strategy use to students and teachers alike. When the LEMO
is used in educational practice, it is often embedded in
coaching initiatives for first year students.

Persistence (the opposite of dropout) was conceived as to
whether or not a student reenrolled in the same program for
the next academic year, be it in the first year of the program,
the second year of the program or through an individualized
program. Persistence is therefore a dichotomous variable.
The definition of persistence was mainly chosen because
students tend to not inform the university college when they
drop out of the program. Therefore reenrollment for the next
academic year is the first occasion the university college is
sure as to whether or not a student has dropped out of the
program.

Academic success is defined as the ratio between the
number of study credits a student obtained after the first year
and the total amount of credits the student was enrolled in
during that first year. In theory, 60 credits are needed to pass
the first year, although the ECTS-system and the increasing
flexibility tend to diminish the importance of this value. Not
all students enroll in the full program, and it is easier for
students to fail or drop out of specific course modules and
retake those courses the next academic year without losing
too much of their study progress. To take into account this
flexibility and the resulting individual programs, we opted to
use a ratio instead of the absolute value of credits obtained
as Busato and colleagues did [30, 31]. Thus, a student who
chooses to enroll for only 45 credits, but manages to obtain
all these credits will score higher academic success compared
to a student who enrolled for 60 credits, but only attained
45 credits and consequently failed for the remaining 15
credits.

Arguably, a partial overlap exists between the two
outcome variables, as an academic success of 0 may indicate
that a student did not obtain any credits or dropped out of
the program. However, this includes students who dropped
out of the program after the examination periods in June or
September. Students who dropped out of the program during

the academic year are not included, because these students
did not participate in the data gathering at the end of the
academic year. Information in Table 2 points out that this
is the case for 70 students (17% of the sample used for the
analyses on academic success).

4.4. Data Gathering and Data Analysis. Data were gathered
on motivation and learning strategy use at the start and the
end of the academic year, more specifically in October and
May. In both occasions, questionnaires were administered
during mandatory classes to obtain a maximal response
rate. Students not attending were invited to fill in an
online version of the questionnaire. Background variables
and information on credits or re-enrolment were obtained
through the student administration office.

Logistic regression was applied for analyses with persis-
tence as dependent variable, and general linear modelling
was used for analyses on academic success. In each case, a
stepwise strategy in data analysis was used. In a first step, the
“general” effects of processing strategies, regulation strategies
and motivation on persistence or academic success were
investigated. In a second step, significant predictors from the
first step were brought together into a more encompassing
model. Next, the background variables were added to this
model. Effect sizes were computed, using Nagelkerke R2

for the logistic regression and R2 for the general linear
models. In a final step, each significant learning strategy
and motivational regulation from the previous model was
separately and successively added to a null model containing
only the background variables as predictors. Changes in
model fit or partial F-tests were used to assess whether or not
these variables significantly predicted the outcome variables
and improved model-fit in addition to the background
variables. This final step, thus, provides information of
the “unique” contribution of motivational dimensions or
learning strategies on persistence or academic succsses after
controlling for background variables.
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5. Results

In a first step, cognitive processing strategies were included
as predictors for persistence. Likelihood chi-square test
(Change in model χ2 = 13, 429, P = 0.02) indicated
that this model significantly fitted the data better than a
model without predictors (null model). Analyses show that
analyzing is the single cognitive processing strategy that
significantly predicts persistence. Students who thoroughly
work themselves through the learning content have a higher
chance of persisting in their first year (β = 0.237, P = 0.03).
The model explained only 1% in variance of persistence.

Next, only the regulation strategies were included in
the model. This model only marginally significantly fitted
the data better than the null-model (Change in model
χ2 = 6, 904, P = 0.08). Lack of regulation proved to
be the single significant regulation strategy. Students who
experience problems in regulating their learning process have
a higher chance of dropping out (β = −0.237, P = 0.01).
This model also explained 1% in variance.

In a next step, a model with only motivational regulations
as predictor for persistence was computed. This model had
a significant better model fit over the null model (Change
in model χ2 = 21,483, P < 0.001). Analyses demonstrated
that students who lack motivation have a lower chance of
persisting (β = −0.604, P < 0.001). Motivational factors
alone explained 4% in variance.

Subsequently, cognitive, metacognitive, and motivational
variables were brought together in a single model. This
model fitted the data significantly better (Change in model
χ2 = 21, 800, P < 0.001). However, only lack of motivation
was retained as significant predictor (β = −0.552, P <
0.001). Lack of regulation proved significant at the 0.01 level
(−0.154, P = 0.01). The entire model explains about 4% in
of the variation in persistence.

In a final step, the two background variables were added
to this model, resulting in a significantly improved model-
fit over the nullmodel (Change in model χ2 = 32, 776,
P < 0.001). Gender was found to be a significant predictor.
Female students have a higher chance of persisting in their
first year (β = 0.369, P = 0.035). Amotivation remained the
single significant predictor at the 0.05 level (β = −0.477, P =
0.004). The predictive value of lack of regulation remained
marginally significant (β = −0.177, P = 0.069). This
model explained 6% of the variance in persistence. As a final
test for the predictive value of motivational regulations and
learning strategies, each of the variables was subsequently
inputted into a nullmodel already containing the background
variables, and changes in Chi-square were computed. These
resulted in a significant improvement in model fit for
amotivation (Change in χ2 = 12, 336 P < 0.001), a marginal
improvement for lack of regulation (Change in χ2 = 3, 705,
P = 0.05), but no significant improvement for analyzing
(Change in χ2 = 1, 395, P = 0.238).

Results of the linear regression analysis with cognitive
processing strategies as independent variables and academic
success as dependent indicated that relating and structuring
significantly predicted academic success (b = 0.065, t(393) =
2.572, P = 0.01). The total model explains 4% in variance

of academic success. For regulation strategies, both external
regulation (b = 0.044, t(395) = 2.746, P = 0.006) and lack
of regulation (b = −0.053, t(395) = −4.054, P < 0.001) were
found to be significant predictors, explaining 6% in variance.
Students who are more teacher-dependent when learning
obtain more credits, while students who report problems in
regulating their learning processes acquire less credits. When
the motivational dimensions were imputed as predictors for
academic success, only a single significant predictor emerged.
Students who have higher scores on amotivation attain a
lower academic success (b = −0.078, t(393) = −3.484, P <
0.001). Motivational dimensions explained 5% in variance.
If the significant predictors from the previous models are
combined into a single model, they all remain significant.
The model explained 9% of the variance in academic success.
When student characteristics were inputted as independent
variables, gender, again, proved a significant predictor.
Female students acquire a larger portion of the credits, they
were enrolled in (b = −0.127, t(393) = −4.694, P < 0.001).
Most of the significant predictors from previous analyses
were retained as predictors. Only external regulation became
a marginally significant predictor. The final model explained
10% in the variance of academic success. Partial F-test
indicated that successively adding, relating, and structuring
(R2 = 0.043 change F(1, 396), P < 0.001) lack of regulation
(R2 = 0.081 change F(1, 394), P < 0.001) and amotivation
(R2 = 0.10 change F(1, 393), P = 0.003) to a model already
containing gender as predictor, in each case, significantly
increased R2-values.

6. Conclusions and Discussion

The aim of our study was to explore whether or not stu-
dents’ learning strategies and academic motivation predicted
persistence and academic success in the first year of higher
education and to investigate whether this predictive value
remained after controlling for two background variables,
namely gender and prior education.

Looking at the impact of academic motivation on
persistence and academic success, it has to be concluded
that, in both cases, amotivation is the single significant
motivational predictor in our final models. These results are
in line with studies on dropout conducted by Vallerand and
colleagues [41, 42] and, to a certain degree, with Coertjens
and colleagues [32]. These findings therefore also provide
additional support for the assertion that students’ motivation
is an important factor to consider when researching dropout
or academic performance [7, 9, 12]. However, our study also
further refines results from previous research. Although, the
use of the relative autonomy index in previous research (e.g.,
[42]) was able to demonstrate that students with less self-
determined motivation had a higher chance of dropping out
it remained less clear whether it was the quality or the quan-
tity of academic motivation that mattered most. Our results
unequivocally point towards the latter. For persisting in a
program or obtaining credits in the first year, it does not seem
to matter what type of motivation you have, as long as you
have enough motivation. This is in contrast with previous
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research on the relation between academic motivation and
GPA or other performance measures, where predominantly
a link was found with high quality motivation, that is,
autonomous or intrinsic motivation (e.g., [9, 17, 39, 40]).

Results on the predictive value of learning strategies
demonstrate that few tot none of the learning strategies
predict persistence, once they are combined into a single
model with motivation and/or background variables. Only
a marginal effect of lack of regulation could be discerned. On
the other hand, two learning strategies were found to predict
academic success, more specifically relating and structuring
and lack of regulation. The effect of the latter seems in
line with the results reported by Busato and colleagues [30,
31], adopting a similar variable as a performance measure.
The significance of relating and structuring for academic
performance was only reported by Boyle and colleagues [26],
be it in the prediction of GPA. It is comforting to find
that at least some aspects of deep processing or meaning-
oriented learning predict academic success, since this type of
learning is often advocated as the preferred way of engaging
in learning in higher education [52, 53]. In addition, external
regulation proved to be a marginally significant predictor of
academic success. “Doing what the teachers tell you to do”
seems an efficient strategic approach for academic success,
especially when confronted with the uncertainty of the first
year in higher education [44]. Finally, it is interesting to
note that, despite the more vocation-oriented context of
university college, concrete processing as a strategy did not
play a significant role in predicting our outcome variables.
This result differs from the result of the study by Donche
and colleagues who found that a preference for this strategy
predicted GPA scores in a professional bachelor context
[27]. Future research could devote attention to the specific
role these strategies play in academic performance in a
professional bachelor setting.

One of the strong points of our study is that it attempted
to predict multiple measures of academic performance based
on a similar set of predictors in a similar context. This
allows for some comparisons across outcome variables and
provide some preliminary hypotheses for further research.
First, less variance was explained by motivational factors
and study strategies in dropout compared to academic
success. This seems to be in line with other lines of
research who point towards financial factors [7], academic,
and social integration [13] or socioeconomic status [27]
as primary predictors of persistence. However, given the
fact that these factors are not easily influenced by teachers
or coaching initiatives, it seems that, overall, institutions
in higher education can only exert a small or tentative
influence on students’ decisions to drop out of a program. A
somewhat larger impact can be expected on students’ passing
their course modules. Second, if institutions for higher
education do want to influence students’ performance by
targeting motivation and learning strategies, a different focus
should be maintained according to aims of the initiatives. If
reduction of dropout is the primary aim, initiatives should
center around maintaining motivation. If the priority is
helping students pass course-modules, the focus should not
solely be on motivating students, but also supporting them in

acquiring regulatory skills. This could be done, for instance,
through process oriented instruction [54]. The marginally
significant predictive value for external regulation suggests
that, notwithstanding that self-regulation is an important
end goal for higher education, it might be feasible to initially
provide first year students with a more structured and
regulated environment. Some recent research points in that
direction [55]. Third, It has to be concluded that in predict-
ing persistence and success, dimensions indicating a “lack of”
are most instrumental. As stated earlier, this is not in line
with findings from research using single grades or GPA as a
dependent variable. This seems to point towards differential
effects according to the outcome variable(s) incorporated.
More research using similar variables to predict multiple
outcome measures is definitely needed to enhance our
understanding of how factors influencing different measures
of academic performance.

Our results demonstrate the value and limitations of
learning strategies and motivational regulations in predicting
so-called “hard” measures of student performance such as
persistence or academic success. Effect sizes especially regard-
ing persistence were small. Effect sizes on academic success
were moderate in nature and resemble those reported in
earlier studies [30, 31]. However, we concur with Richardson
that small effect sizes are not necessarily unimportant for
educational practice [9]. In this case, we argue, that learning
and motivation provide one of the few student factors that
have an impact on teaching and coaching, through the
design of the learning environment or coaching initiative.
It, therefore, seems at least as important to understand
what motives or learning strategies play a role in academic
outcomes.
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Recent research efforts have established that self-regulated learning (SRL) is necessary for teachers to attain successful professional
development. Our study addresses two central questions: under what conditions in preservice teachers’ education can SRL
processes be enhanced to the optimum level, and how can we assess these processes? The participants of the study were ninety-
seven preservice teachers, who were engaged in real-time teaching in a video-digital Microteaching environment. Each participant
was randomly assigned to one of two groups: reflective support (RS) for SRL or no support (NS) for SRL. Participants in the
RS group were explicitly exposed to SRL aspects and were directed to address these aspects in their reflective discussions of the
teaching experience. The SRL process was measured as an online event during real-time teaching exercises, based on a coding
scheme developed for this study to identify and assess the SRL skills by two major aspects: metacognition (planning, information
management, monitoring, debugging, and evaluating) and motivation (interest and value, self-efficacy, and teaching anxiety).
Results indicate that the RS group outperformed the NS group in all SRL measures. Implications for reflective support for SRL and
event measures of real-time observations of preservice teachers’ SRL are discussed.

1. Introduction

The role of self-regulated learning (SRL) in education has
drawn much attention recently to teachers’ training pro-
grams, in light of findings that learners lack the knowledge
and skills needed to effectively manage their learning (e.g.,
[1]). Research on SRL has focused on two central questions:
how do students become masters of their own learning process?
and how can this process be evaluated? [2, 3].

SRL refers to a cyclical and recursive process that involves
three aspects: cognition, metacognition, and motivation [3–
7]. Cognition refers to simple strategies, problem solving,
and critical thinking; metacognition refers to the ability to
understand and monitor cognitive skills; motivation refers
to learners’ interest level and the value they place on the
task, as well as their beliefs and emotions regarding their
capacity to learn. All of these aspects manifest themselves
in a learning context (i.e., tasks), behaviors (i.e., time man-
agement), and learning conditions (i.e., group discussion).

There is empirical evidence (e.g., [5, 6]) that the role of
metacognition is particularly important for the learning
process. Metacognition allows individuals to plan goals,
activate prior knowledge and allocate learning resources;
manage information with optimal efficiency; monitor current
knowledge and skill levels; debug their work by improving
their understanding and correcting mistakes; reflect learning
performance against an acquired standard.

A growing body of literature highlights that metacog-
nition develops during a person’s life span (e.g., [6, 8]),
indicating that most adults have metacognitive knowledge
(declarative, procedural, and conditional) and can plan
accordingly (regulation of cognition). However, researchers
argue that learners’ cognitive and meta-cognitive skills are
mediated by motivation and emotional aspects such as
effort investment, self-efficacy, and task expectation, whereas
negative feelings (i.e., anxiety) and low task expectations
might prevent them from being engaged in the learning
activity. Consequently, it is suggested that motivation is a key
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aspect that triggers the SRL cycle, emphasizing that the will
(i.e., motivation) is the prerequisite for attaining the skill
(metacognition) [3, 5, 6, 9, 10].

The importance of SRL in the education system has set
new goals for teacher training concerning the professional
growth of preservice teachers [1]. Educators and researchers
argue that teachers’ ability to cultivate learners who are
self-regulated during learning is tied to teachers’ own self-
regulation. If teachers are incapable of self-regulating their
own learning, it will be difficult for them to instill these skills
in their students [2, 11–14].

Research has indicated that SRL skills are not necessarily
acquired spontaneously. Many students of all ages do not
regulate themselves sufficiently, and even good learners may
experience trouble regulating learning in unfamiliar domains
or challenging circumstances [2, 3, 15, 16]. Therefore, these
skills should be developed and honed in settings that provide
learners with opportunities to control their own learning
[10, 16, 17].

1.1. Training Preservice Teachers in SRL Skills. Teaching is
a complex process for preservice teachers. Merely knowing
the subject matter and pedagogical strategies, or how to
manipulate a learning environment, is not the same as
knowing how, when and why to use them [2]. A good
teaching process includes understanding the material (i.e.,
knowing the subject matter and pedagogical strategies);
identifying relevant topics for teaching (e.g., taking students’
prior knowledge into account); selecting appropriate tools
and environments (e.g., computer-learning environment);
planning materials and strategies; reflecting on decisions and
actions to evaluate goals, processes, and effort. This requires
preservice teachers to use SRL skills from two perspectives—
as learners (i.e., to acquire teaching skills) and as teachers (i.e.,
implement these skills in real-time teaching) [11, 18].

A review of current research on SRL training programs
has shown that the more explicit the application and utility
of SRL skills are, the more likely it is that teachers will
implement SRL skills in both perspectives. Furthermore,
SRL training should be part of the setting (i.e., the subject
matter and learning environment) where the SRL process
takes place. Otherwise, teachers have difficulty integrating
the SRL skills into their learning and teaching [6, 15, 19–21].

Underpinning these demands, it is suggested that
teachers’ training programs should promote SRL skills by
providing support for learning these skills explicitly and
implementing them in their own teaching.

1.2. Reflective Support for Preservice Teachers’ SRL. Reflection
is defined as observing one’s own thoughts, perceptions,
actions, and achievements. Reflection is an important aspect
in the self-regulation process (e.g., [5, 10]) and is a central
goal of teacher training; it helps teachers understand their
own actions and learn from their experiences (e.g., [22,
23]). However, research indicates that teachers tend to
use reflection in a descriptive, technical way by looking
at what happened, without critical consideration of why
or considering its implications. Therefore, researchers have
suggested that systematic training programs with reflective

aspects might be an appropriate framework for supporting
critical reflection [2, 11, 16, 24–26].

Several methods and environments can be used to facili-
tate reflection in preservice teachers: verbal self-questioning
(e.g., [2, 11, 16, 26]), inscribed portfolios to reflect on
their development as teachers and help set future learning
objectives (e.g., [27]), and a video-digital Microteaching
environment based on recordings of lessons designed and
presented by preservice teachers to their peers, followed
by reflective discussion with the peers regarding the teach-
ing performance (e.g., [28, 29]). Reflection is particularly
difficult in the Microteaching environment for preservice
teachers, as they must take on the roles of teacher, student,
classmate, and peer/friend, all within one task [28, 30].

Therefore, researchers have recommended scaffolding
reflection, which assists the interaction between peers in
the reflective process [31]. One of the common ways of
scaffolding is reflective prompts, which is defined as an
external stimulus that evokes strategy use with the objective
of enhancing learning. Overall, research supports reflective
prompting as a catalyst to foster the use of self-regulation
strategies [32, 33]. Using reflection prompts helps learners
focus on their own thoughts, processes, and activities while
interacting with materials and peer interactions [2, 11, 16,
19, 34–36]. There are two types of reflection prompts:
generic prompts that remind learners to “stop and think
about” various aspects of the learning process without
directing them towards specific evaluation criteria, and
directed prompts that instruct the learners to reflect on
specific SRL components [19, 34–36].

1.3. Assessing SRL Skills. There has been a great deal of
discussion recently regarding methods for assessing SRL
skills [3, 9, 37–40]. Previous studies focused on examining
SRL using aptitude measures (also called offline measures),
based on relatively stable traits that predict future behavior,
usually via self-report questionnaires designed to aggregate
self-regulatory responses (e.g., [41–43]). However, SRL
intrinsically involves a dynamic feedback loop, in real
time and within authentic settings, that require learners to
respond to online changes in SRL as a function of both their
skill (i.e., strategies use) and will (i.e., motivation). Therefore,
there is an increasing concern regarding the quality of data
from self-report measures of SRL processes (e.g., MSLQ:
[41]). These measures are based on students’ often inaccurate
perceptions of their own self-regulatory processes [3, 39, 44].

Researchers suggest that instead of relying on self-report
measures, measuring SRL online in a series of events has the
advantage of both being more consistent with SRL theory
and providing more accurate data on how learners monitor
and control their cognition, motivation, and behavior in a
given setting [3, 9, 15, 44].

The Microteaching environment provides comprehen-
sive data about teachers’ SRL, since it enables one to view SRL
behaviors and also to analyze processes in a dynamic social
setting. However, the subject takes on the roles of teacher,
student, classmate, and peer/friend, all within one task [30].

However, since analysis is time intensive, the main
challenge in working with this type of data is to draw a valid
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inference that relates implicit online cognitive processes
to individual events. Additionally, although online data
collection is relatively simple, it is far more difficult to create
a reliable scoring rubric or to develop online coding schemes
that accurately reflect the breadth and depth of SRL in
teaching [15]. To date, there have been few attempts at online
study of preservice teachers’ SRL during teaching [16].

Based on current recommendations for efficient SRL
training, and taking the crucial role of reflection into
consideration [5, 6, 20, 21, 45], the first goal of this study was
to investigate the effects of explicit reflective support for SRL
in a video-digital Microteaching environment on preservice
teachers’ SRL. The second goal of this study was to explore
methods of assessing SRL in real time.

In this study, we propose to examine preservice teachers’
SRL online processes in a Microteaching exercise, with
particular emphasis on measuring dynamic self-regulatory
events [3]. This study addresses two questions: (1) what
are the effects of reflective support (RS) in a video-digital
Microteaching environment on the development of SRL
skills? and (2) how can SRL be measured as an online event
during a real-time teaching exercise?

2. Method

2.1. Participants. Participants included ninety-seven preser-
vice high-school teachers enrolled in a required under-
graduate course in “Microteaching.” The participants were
randomly assigned to two experimental groups: reflective
support (RS) and no support (NS) for SRL. Pretest compar-
ison of the two groups showed no significant differences in
gender, age, or teaching experience. A quantitative compar-
ison measuring the participants’ pedagogical knowledge in
lesson design and self-report SRL questionnaire (MAI: [46])
also revealed no differences between the groups, respectively,
(F(3,91) = 0.718; P > 0.05; F(6,90) = 0.885; P > 0.05).

The study commenced at the start of the academic
semester and comprised twelve weekly pedagogical work-
shops, each two hours in length (twenty-four hours of
training in total).

2.2. Training: RS versus NS. Both groups (RS and NS)
of preservice teachers were assigned real-time teaching
exercises in a video-digital Microteaching classroom simu-
lation, approximately fifteen minutes in length. The teaching
exercise was selected by the preservice teacher and related to
one of the required topics in the curriculum as mandated by
the Israeli Ministry of Education. The exercise was recorded
on video and immediately followed by an evaluation by
the participant’s peers and the instructor in a reflective
discussion.

The first two workshops exposed the participants to
theoretical pedagogical frameworks (e.g., [47, 48]) which
emphasize the necessary knowledge for performing pedagog-
ical tasks. These theories were explicitly discussed as well as
implemented in pedagogical tasks, such as an analysis of a
lesson design or video lessons specific events.

Then, the reflective discussions for evaluating the teach-
ing exercise during the pedagogical workshops were directed

by generic prompts to “think about” [34] pedagogical issues
(e.g., the structure of the lesson; student-teacher interaction),
teaching skills (e.g., asking questions), awareness of body
language, and correct use of the board. In addition to the
generic prompting that was provided to both groups, the
reflective support (RS) group was given explicit instruction
to include SRL in its discussion.

2.3. RS for SRL. The RS preservice teachers were exposed to
SRL theory based on Schraw et al. [6] and Zimmerman [45].
The discussion included theoretical and research findings
that dealt with both the meta-cognitive aspect of the SRL
process (planning, information management, monitoring,
debugging, and evaluation) and the motivation aspect of
SRL (interest and value, self-efficacy, and teaching anxiety).
To help the participants internalize the use of SRL process,
they were given pedagogical exercises that focused explicitly
on the use of SRL skills, such as analyzing a video-recorded
lesson while paying specific attention to the teacher’s SRL in
at different points in the lesson.

The importance of explicit reflection in every phase
of the SRL process was emphasized. Consequently, the RS
group was told to direct their reflective discussions in the
pedagogical workshops by focusing on clear descriptions of
what happened and why. The evaluation utilized flashcards
that included references to the various components of
SRL from the meta-cognitive and motivation aspects, such
as: “The student put thought into the planning of the les-
son”(planning component); “The student occasionally asked
himself whether he was responding appropriately”(monitoring
component); “At the end of the lesson, the student evaluated
his achievement of the lesson’s goals” (evaluation component);
“It was important to the student to succeed in the teaching task”
(interest and value of the teaching task component); “The
student believed in his ability to succeed in the teaching task”
(self-efficacy component); “The student was focused and his
thoughts were clear” (teaching anxiety component). Table 1
summarizes the experimental design, by group.

2.4. Assessment Measures. We measured SRL skills in terms
of online events during a fifteen-minute teaching exercise
in a Microteaching environment. Using theories proposed
by Schraw et al. [6] and Pintrich [5], we developed a
coding scheme to identify and assess skills in both the
meta-cognitive aspect (planning, information management,
monitoring, debugging, and evaluating) and the motivation
aspect (interest and value, self-efficacy, and teaching anxiety)
of SRL. In contrast to the study of these aspects of SRL
that has been generally done offline (i.e., questionnaires),
our coding scheme was implemented on the video-digital-
recorded observations of real-time teaching exercises.

The digital observations were transcribed and assessed
in two steps. Three expert judges analyzed ten video-
recorded teaching exercises (the lesson taught in the exercises
differed according to the subject’s field of expertise) that
had been taken from previous Microteaching courses. Judges
independently analyzed the lessons by first dividing the
content into events (i.e., meaningful utterances) and then
categorizing each event according to the SRL aspects defined
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Table 1: Layout of experimental design, by group (reflective support/no support for SRL).

Description
Reflective

support for SRL
(RS)

No support
(NS)

Active engagement-teaching
experience in real time

Fifteen-minute teaching exercise, recorded on video-digital film √ √
Exposure to theoretical pedagogical frameworks; practicing this
knowledge via pedagogical exercises

Evaluation of the teaching experience through reflective discussion
directed by generic prompts to foster teaching skills

Explicit instruction-fostering
SRL skills

Explicit instruction of the SRL process; practicing SRL skills via
pedagogical exercises

√
Directed reflective support (flashcards) during evaluation of the
teaching experience to foster SRL skills by discussion of what and
why these skills are important

Table 2: Mean scores, standard deviations, and Cohen’s d scores for SRL (metacognition and motivation) by experimental group.

Support for SRL

Reflective support (RS) n = 47 No support (NS) n = 50

M SD M SD F(1,95) d

Metacognition

Planning 2.50 .50 1.47 .69 71.44∗∗∗ 1.51

Information
management

2.53 .40 1.84 .76 30.17∗∗∗ 0.90

Monitoring 2.36 .44 1.44 .83 44.93∗∗∗ 1.10

Debugging 2.37 .77 1.66 .86 18.24∗∗∗ 0.83

Evaluating 2.46 .62 .81 .68 152.88∗∗∗ 2.41

Motivation
Interest and value 2.77 .48 1.56 .97 35.23∗∗∗ 1.24

Self-efficacy 2.65 .50 1.82 .94 16.65∗∗∗ 0.89

Teaching anxiety 2.50 .44 1.65 .86 17.51∗∗∗ 0.99
∗∗∗P < .0001.
Note 1: component scores range from 0 to 3.
Note 2: high score in the teaching anxiety variable represents an absence of anxiety.
Note 3: d was calculated as the ratio between the difference between the two groups and the average standard deviation of the NS group.

by Schraw and Dennison [46] into categories for regulation
of cognition and Pintrich et al. [41] categories for moti-
vation. For example, events indicating that the preservice
teacher occasionally asked himself/herself whether he/she
was clear enough to ensure the students’ understanding (e.g.,
when a participant stopped the lesson and said “I must
give an introduction” because he/she saw that the students
had misunderstood what he had taught) were coded as the
component of monitoring (Metacognition aspect of SRL);
or events in which the preservice teacher showed confidence
(e.g., when a participant asked “Are you ready to practice by
yourselves?” and the class did not respond, he was not thrown
off balance and instead countered humorously, “You don’t
know?...”) were classified as self-efficacy (motivation aspect
of SRL) (See the appendix presents the coding scheme and
additional examples).

After consolidating components and agreement on
events, the judges classified the scores as high (3), medium
(2), low (1), or absent (0). Final scores ranged from 0 to 24
(score × 8 components). An event was scored as high (3)
when the preservice teacher showed explicit use of SRL with

consideration (e.g., explanations) of “why” the preservice
teacher used this event; an event was scored as medium
(2) when the preservice teacher showed explicit use of SRL
without additional consideration; an event was scored as low
(1) when the preservice teacher showed implicit use of SRL
during the event.

Interjudge reliability was calculated between the three
expert judges who evaluated six additional video-recorded
teaching exercises by scoring each SRL event which appeared
in the lessons according to the coding scheme. This process
yielded high interjudge reliability (r = 0.89). See the
appendix presents the SRL coding scheme, a description
of each component and examples of event scoring (i.e.,
meaningful statement or behavior) as occurred during the
real-time teaching experience.

3. Results

A one-way MANOVA followed by ANOVAs on the Metacog-
nition and motivation variables indicated significant dif-
ferences between the two groups (RS and NS) in both
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Figure 1: Metacognition level according to reflective support/no
support for SRL.
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Figure 2: Motivation level according to reflective support/no
support for SRL.

Metacognition (see Table 2 and Figure 1): F(5,91) = 38.470,
P < 0.0001, η2 = 0.679, and motivation (see Table 2 and
Figure 2): F(3,93) = 21.236, P < 0.0001, η2 = 0.407.

According to the mean scores displayed in Table 2 and
Figures 1 and 2 and the effect sizes between the groups,
significant differences were found between the groups. The
group who received reflective support for SRL (the RS
group) displayed higher levels of meta-cognitive skills, which
were evident in (1) clearer (i.e., structured) lesson plans;
(2) better management of information; (3) increased use
of self-judgment during the teaching exercise; (4) correct
handling of errors arising during the teaching exercise;
(5) increased attention to content taught and lesson goals
achieved. Findings indicated particularly large differences
between the groups on planning (d = 1.51), monitoring
(d = 1.10), and evaluation (d = 2.41). In contrast, the NS
group did not often engage in evaluation processes, which
are crucial for the reflection phase in the SRL cyclical model
[3, 10]. As for the motivation components, the RS group
displayed greater interest and value of teaching (d = 2.77),
higher self-efficacy (d = 2.65), and less teaching anxiety (d =
2.50) than the NS group (d = 1. 56; 1.82; 1.65, respectively).
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Figure 3: SRL events traces of the participant “A” from the RS
group.
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Figure 4: SRL events traces of the participant “B” from the NS
group.

To better understand the development of SRL in both
groups, two graphs of SRL movement-by-movement events
traces illustrate the measurement of SRL throughout the
teaching exercise in the Microteaching environment (fifteen
minutes). These SRL traces were selected randomly from
real-time teaching exercises using one preservice student
from each experimental group (see Figures 3 and 4).

As seen in these figures, the participant from the RS
group demonstrated more events of SRL (17 events) than the
participant from the NS group (15 events). And it is worth
noting that the participant from the RS group mentioned the
motivation aspects (5 events), whereas the participant from
the NS group practically ignored them (2 events).

The graphs also highlight different patterns in the SRL
event traces. While the participant from the RS group
alternated between different aspects of SRL, the participant
from the NS group mainly focused on two components
of the meta-cognitive aspect (planning and information
management).
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4. Discussion

Current research in the field of SRL deals with two central
issues: the means by which learners control their own
learning process and how this process may be assessed [2, 3].
This study addresses these issues, specifically the role of
reflective support of SRL in preservice teachers’ professional
training.

Our findings indicate that although preservice teachers
from both groups were exposed to reflective discussion about
real-time teaching experiences, these had different effects on
SRL. The group that received reflective support (RS) for SRL
displayed higher levels of SRL skills during their teaching
exercise than the group that did not receive support. The
SRL skills were manifested in both the meta-cognitive aspect
(planning, information management, monitoring, debug-
ging and evaluating) and the motivation aspect (interest and
value, self-efficacy, and teaching anxiety).

These findings can be explained by the different instruc-
tions given to each group. The RS group was guided specifi-
cally to pay attention to the SRL aspects (Metacognition and
motivation) and was directed to use flashcards throughout
the reflective process in order to think about and reflect
on (what happened and why) the different aspects of SRL.
The NS group was directed to use generic reflection, with
tacit and implicit instructions such as “think about” [34],
which may not have helped them fully utilize the reflective
discussion to develop their SRL. These findings support
Schön’s [49] conclusion that using knowledge in tacit and
implicit situations is especially problematic for inexperienced
preservice teachers. In contrast, the directed discussion
with flashcards enabled the preservice teachers to progress
through the SRL aspects (Metacognition and motivation) in
the teaching exercise, which may have helped them reflect
on learning and teaching from different perspectives. Our
findings also support previous studies which showed that
explicit support of SRL is necessary for the activation of SRL
processes in any learning environment [2, 6, 19, 21, 50, 51].

In addition, we found that explicit SRL support strength-
ened the motivation (interest, value of the tasks and self-
efficacy) of the RS group. Our findings support the theory
that motivation is an inherent part of the SRL cycle, thus
enabling the use of Metacognition (e.g., [5, 10, 15]). This is
important because the motivation aspect of SRL has been
given less attention by researchers than the metacognitive
aspect (e.g., [15]).

Current research on SRL highlights the importance of
measuring SRL as an online event (e.g., [3]). Event measures
are wellsuited for making causal inferences about online
changes in SRL in an authentic setting. They offer researchers
not only a sensitive measure of SRL, but also a measure of the
efficacy of various interventions geared towards encouraging
learners to use SRL skills [3, 52]. Our study focused on the
observation of teaching experiences. Until now, little research
in the SRL field has been done using real-time observations
of preservice teachers’ SRL behaviors. For a comprehensive
understanding of these behaviors, we developed a coding
scheme designed to assess SRL events during the analysis of
video-digital-recorded teaching exercises.

However, the coding scheme enabled to analyze SRL as it
appeared (visible) in the video-recorded lessons’ statements
and behaviors. We suggested that a further research add
qualitative data to illustrate the SRL processes. In particular,
the data can be collected on preservice teachers’ internal
processes as self-reflections by interviewing the teachers on
their thinking and during their lesson.

4.1. Practical Implications, Future Research, and Limitations.
Our study makes an important contribution to the training
of preservice teachers, with a focus on increasing their SRL
skills. We recommend the use of critical reflective discussion,
which guides learners in understanding why things happened
while observing what happened, as a training method to
support the learning process and professional development
of preservice teachers. In our study, we found that using
directed prompts, such as flashcards referring to specific
evaluation criteria, can help conduct a productive critical
reflective discussion.

This study focuses on preservice teachers during their
training. We recommend tracking these preservice teachers
during their first year as inservice teachers to examine their
future professional behavior as a function of the type of
reflective support they received during their training period.

Our goal was to examine the effects of reflection support
on SRL events. Our online measurements provided us with
rich data about aspects of the SRL process (Metacognition
and motivation). However, the study was conducted in
laboratory conditions using a video-digital Microteaching
environment. To strengthen the validity of our measure,
we recommend observing the SRL process of beginning in-
service teachers during an active experience in the field,
using the same coding scheme that we developed. We
also suggest that future studies implement other event
measures with time-series analysis techniques to observe
SRL behavior [3]. Our study focused only on the effects
of RS on SRL. We suggest for further research to examine
the effects of explicit RS on preservice teachers’ ability to
transfer their SRL skills to different types of knowledge, for
example, use of pedagogical content knowledge or subject
content knowledge, and examine its impact on the academic
performance of teachers working in various disciplines,
school types, and cultures with a wide range of personal
characteristics. In addition, the data gathered for this study
was only in 15-minute segments; we cannot therefore draw
conclusions regarding the pattern of all SRL behaviors in
other teaching settings. For further research, we suggest a
long-term study (e.g., at 6 months and 12 months after SRL
training), including evaluations of both kinds (aptitude and
events). Such a study should use complementary measures to
assess aptitudes (questionnaires) and events, such as thinking
aloud, observations, log-files, and forum discussions (e.g.,
[53]). This may shed further light on the effects of explicit,
critical reflection support on other internalSRL events which
could not be observed with our type of measure.

Our study implemented explicit reflective support for
developing SRL with preservice teachers. In our opinion,
the study of reflective support as a springboard for fostering
SRL should remain a focus point for future research. Further
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studies may devise and apply other models for supporting
SRL development in preservice and in-service teachers in
different learning environments.

In summary, this study offers a practical intervention and
a valid and reliable tool for assessing teachers’ SRL, with the
goal of enhancing such competencies not only for teachers
but also for students.

Appendix

For more details see Table 3.
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The primary purpose of this paper is to review relevant research related to the use of an assessment technique, called Self-Regulated
Learning (SRL) Microanalysis. This structured interview is grounded in social-cognitive theory and research and thus seeks to
evaluate students’ regulatory processes as they engage in well-defined academic or nonacademic tasks and activities. We illustrate
the essential features of this contextualized assessment approach and detail a simple five-step process that researchers can use to
apply this approach to their work. Example questions and administration procedures for five key self-regulation subprocesses (i.e.,
including goal-setting, strategic planning, monitoring, self-evaluation, and attributions) are highlighted, with particular emphasis
placed on causal attributions. The psychometric properties of SRL microanalytic assessment protocols and potential areas of future
research are presented.

1. Introduction

The extent to which individuals control, monitor, and reg-
ulate their cognition, motivation, and behavior has been of
much interest to self-regulation researchers over the past
several decades [1–6]. Self-regulation, also known as self-
regulated learning when applied to academic or learning
contexts, is typically conceptualized as a multidimensional
process whereby individuals attempt to exert control over
their cognition, motivation, behaviors, and environments in
order to optimize learning and performance outcomes [1, 6,
7]. Although there is also some disagreement in the literature
regarding whether self-regulation is a trait or contextualized
skill, research has shown that self-regulation can and often
does vary across contexts as well as tasks within spe-
cific contexts [8–11]. In addition to conceptual or theoretical
reasons, the distinction between self-regulation as a stable
entity versus a changeable, teachable skill has important
implications for intervention and assessment practices. Over
the past few decades, researchers have developed several

distinct, albeit related, self-regulation interventions tailored
to particular academic skill domains, such as writing [12],
mathematics [13, 14], science [15], and reading [16] for
students across the development spectrum. Despite targeting
distinct academic skills, these intervention programs empha-
size the importance of teaching self-regulation in context as
opposed to developing a broad set of skills to be applied to
any domain or learning environment.

This trend towards more ecologically-sensitive service
delivery practices has also been realized within the assess-
ment literature across many fields [17–21]. In terms of
self-regulation assessment, many researchers have devel-
oped alternative methodologies capable of capturing self-
regulation processes as they naturally unfold during specific
learning or performance tasks and activities. Whether these
measures involve the use of hypermedia and think aloud
protocols [22, 23], structured personal diaries [24], behav-
ioral traces on work products [25], or direct observations
of regulatory behaviors in particular contexts [26, 27], these
measures are similar because they target self-regulation
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as a temporal entity with a clear beginning, middle, and
end [28]. Collectively, Winne and Perry [28] labeled these
approaches as event measures because they ultimately target
self-regulation as a contextualized event.

Despite these assessment advances over the past decade,
recent evidence shows that self-report scales continue to be
the most widely used measure of self-regulation by both
researchers and school-based practitioners [7, 29], with
Dinsmore et al. [7] concluding, “Sadly, in our survey of the
research, we found that there remained a strong reliance
on self-report and Likert-type instruments and insufficient
corroboration or collaboration of what individuals report
they are thinking or doing with actual traces of such thoughts
and behaviors” (pages 405 and 406). Many researchers have
questioned the reliance on self-report measures because they
typically elicit retrospective accounts of student behaviors or
perceptions and are often decontextualized and not linked to
particular tasks within a given setting. Given these factors as
well as the fact that specific items are aggregated for interpre-
tation purposes, many researchers have questioned whether
self-report measures represent a valid approach for assessing
self-regulation as a contextualized, dynamic process [28].

The primary purpose of this paper is to illustrate the
theoretical foundation, essential features, and applications
of an assessment approach, Self-Regulated Learning (SRL)
microanalysis, which encompasses elements of both self-
report and event measures. We begin by delineating a defini-
tion of self-regulation and a theoretical model that has served
as the foundation for SRL microanalysis. Before detailing the
assumptions and essential features of SRL microanalysis, we
briefly review different types of self-report measures. Our
primary objective, however, is to provide a reader with an
extensive overview and summary of specific microanalytic
questions used to target several self-regulation subprocesses,
including goal-setting, strategic planning, monitoring, self-
evaluation, and attributions. We devote particular attention
to microanalytic attribution questions, examining how they
are distinct from other types of attribution measures.
The final section of our paper details several educational
implications and areas for future research.

2. Definition and Theoretical Foundation of
Self-Regulation

SRL microanalysis is grounded in social-cognitive theory
and research [1, 6]. According to Bandura [1], human
functioning is the result of reciprocal interactions among
person (cognitive/affective), behavior, and environment fac-
tors. Thus, while students with strong efficacy perceptions
to obtain academic assistance from others are more likely
to seek out help from teachers or parents when needed,
Bandura also recognized that social sources can recipro-
cally enhance or adversely impact how students perceive
their help seeking capabilities over time. In addition to
this basic premise, social-cognitive theory espouses several
other assumptions which serve as the foundation of SRL
microanalytic methodology.

Social-cognitive theorists indicate that human regulatory
thought and actions are contextualized and thus are largely

impacted by environmental characteristics and demands [9,
30, 31]. Researchers have demonstrated that college students’
self-reported use of learning and regulatory strategies varied
across three academic tasks: reading for learning, completing
a brief essay, and studying for an exam [10]. These findings
suggest that specific task or contextual demands impact
students’ judgments and perceptions about how to best
approach and learn academic material. Other research has
shown that the importance of self-regulation processes may
vary depending on the particular contexts in which students
learn. For example, Cleary and Chen [9] demonstrated that
self-regulation and motivation variables reliably differenti-
ated high achievers and low achievers in academically rig-
orous or intensive math classrooms but did not consistently
differentiate achievement groups in environments that did
not require high levels of self-directedness and persistence.
In line with this contextualist perspective, SRL microanalytic
protocols are developed and customized for specific tasks or
activities within particular contexts.

Another important assumption of social-cognitive the-
ory is that pure intention and willpower is not sufficient for
self-directing and managing one’s behaviors. According to
Bandura, humans have the capacity to proactively control
and manage the triadic influences through the use of var-
ious regulatory subprocesses, such as self-observation, self-
judgments, and self-reactions [1]. Zimmerman [6] later pro-
posed a definition of self-regulation that expanded Bandura’s
original formulation: self-generated thoughts, feelings, and
behaviors that are planned and cyclically adapted based
on performance feedback in order to attain self-set goals.
Within this definition are the basic components of a process-
oriented perspective of self-regulation. For example, in
reviewing the definition of self-regulation, the key words
planned and self-set goals pertain to forethought processes
that precede action. The inclusion of self-generated actions
is also noteworthy as this term typically pertains to the
“during” aspect of a task, that is, what a person does
during learning or performance. Finally, cyclically adapted
suggests that self-regulation involves a reflection component
following learning.

As can be seen in Figure 1, Zimmerman [6] depicts
self-regulation as a three-phase process of thought and
action. From this perspective, self-regulation occurs in three
sequential phases: forethought (i.e., processes that precede
efforts to learn or perform), performance control (i.e., pro-
cesses occurring during learning efforts), and self-reflection
(i.e., processes occurring after learning or performance)
[6]. These phases are hypothesized to be interdependent so
that changes in forethought processes impact performance
control, which, in turn, influence self-reflection phase pro-
cesses. In general, a self-regulatory cycle is completed when
self-reflection processes influence forethought beliefs and
behaviors prior to subsequent performance or learning.

This three-phase model is the primary theoretical frame-
work guiding the development of SRL microanalytic meth-
odology, in part, because it possesses several key qualities.
First, the model provides explicit definitions of many regula-
tory subprocesses subsumed within each of the three general
phases. These definitions serve as the basis for developing
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Performance phase

Self-control
Self-instruction

Imagery
Attention focusing

Task strategies

Self-observation
Self-recording

Self-monitoring

Self-reflection phase

Self-judgment
Self-evaluation

Causal attribution

Self-reaction
Self-satisfaction/affect
Adaptive/defensive

Forethought phase

Task analysis
Goal setting

Strategic planning

Self-motivation beliefs
Self-efficacy

Outcome expectations
Intrinsic interest/value

Goal orientation

Figure 1: Phases and subprocesses of self-regulation. From [32]
Copyright (2003) by Cambridge University Press. Reprinted with
permission.

and wording context-specific microanalytic questions and
for generating categories for the coding rubrics used as part
of the scoring process for open-ended questions.

Another desirable quality of the cyclical phase model is
that it can be applied and extended to virtually any task or
activity to understand human regulation. Researchers have
applied this model to studying human regulation across aca-
demic tasks [33, 34], motoric tasks [35, 36], chronic health
[37], and music [38]. Consistent with a contextualist view-
point, it is possible to tailor or customize the three phases
to many different types of learning activities, such as solving
a math problem, studying for exams, or writing an essay.
This is possible because the temporal sequencing of the three
cyclical phases is naturally linked to the temporal dimensions
of most tasks. That is, forethought phase processes occur
prior to engaging in the task; performance phase processes
occur during the task; self-reflection phase processes occur
upon task completion or following a clearly defined task
outcome. By linking the cyclical model and the task in this
fashion, one is able to determine the precise sequencing and
administration of SRL microanalytic questions.

3. Types of Self-Regulation Assessment

A variety of assessment approaches have been used to
measure and examine self-regulation including self-report
questionnaires, interviews, think aloud protocols, direct
observations, and behavioral traces [7, 21, 28]. Although
self-report scales continue to be the most frequently used
measure by both researchers and practitioners, there has
been some debate in the literature regarding whether self-
report measures are capable of measuring self-regulation in a
valid way [39–42]. However, before one can support or refute
the use of these measures, one first needs to clarify what is

meant by term self-report. In general, a self-report measure
can be described as any assessment tool that prompts an
individual to respond to one or more questions or statements
that conveys information about oneself. If one accepts this
definition, then many self-regulation measures described in
the literature, such as self-report questionnaires or surveys,
interviews, and structured diaries, could be grouped into this
general category because in all situations the respondents
serve as the source of the information.

It is important to emphasize that all self-report scales
are not inherently biased or less effective than objective
forms of measurement just because individuals are asked
to provide responses about personal processes, beliefs, and
actions. From our perspective, the key issue entails whether
a measure can reliably and validly capture self-regulation as
a contextualized process. In the following section, we review
several different types of self-report scales, highlighting key
distinctions and approaches that are more aligned with a
process account of self-regulation.

3.1. Self-Report Questionnaires. The general term self-report
can be divided into various subcategories, most notably self-
report surveys/questionnaires and interviews. Within each of
these two subcategories include a variety of approaches. Self-
report questionnaires, which include the Motivated Strate-
gies and Learning Questionnaire (MSLQ) [43], Learning
and Study Strategies Inventory (LASSI) [44], and countless
others reported in the literature tend to be decontextualized
or non task-specific forms of assessment that rely on
students’ retrospective responses to a series of items targeting
different dimensions of self-regulation. Winne and Perry
[28] argued that these types of scales are problematic due
to inherent limitations with response biases (e.g., social
desirability), cognitive distortions, or memory difficulties.
Of greatest concern, however, is that these scales rely on
composite scores (i.e., aggregation of individual items) for
interpretation, rendering the construct of self-regulation as a
broad and fixed entity.

Although most self-report surveys include multiple state-
ments or items and require respondents to use a Likert scale
to rate their perceptions about these items, a few of these self-
report questionnaires are highly context- and task-specific.
Thus, they avoid some of the pitfalls associated with most
questionnaires. For example, Bandura [45] provided explicit
guidelines for developing self-efficacy measures. In general,
these scales are designed to evaluate students’ perceptions of
personal competency in relation to highly specific behaviors
or skills in particular settings at a designated level of
performance. These types of scales also differ from most self-
report questionnaires in that they target student perceptions
about current capabilities to perform specific behaviors at
a particular moment in time. Thus, self-efficacy self-report
measures do not require individuals to retrospectively reflect
on how well they could or have done something but rather
to report these judgments of competence immediately
preceding their attempt to perform that skill.

Still further, Boekaerts and colleagues developed the
OnLine Motivation Questionnaire to examine students’
situation-specific appraisals about performing a task (e.g.,
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mood, self-efficacy, success expectancy, task attraction) and
their performance attributions following the activity [2,
8, 39]. Although student appraisals are examined using
a traditional Likert format, this self-report questionnaire
was designed to directly link the temporal dimensions of a
specific task by administering it as students are engaged in
some activity. That is, items pertaining to student judgments
and interpretations about the task are administered prior to
the task while attribution questions are administered imme-
diately following the task [8]. As will be highlighted in the
following section, SRL microanalysis adheres to this principle
of linking self-regulation measures to the before, during, and
after dimensions of the task; however, SRL microanalytic
protocols use a highly distinct assessment structure and
format when compared to most self-report measures.

3.2. Structured Interviews. Another broad category of self-
report includes interviews, which can vary widely in scope
and structure. For example, while unstructured interviews
typically offer minimal guidance or structure to conducting
an interview, semistructured interviews instill greater stan-
dardization by using pre-established questions and criteria.
With this semistructured approach, an interviewer has the
flexibility to modify the wording of questions as well as the
order in which they are asked [46]. To avoid reliability issues
that may occur with the latter two interview approaches,
researchers tend to emphasize structured interviews because
they utilize a fixed set of questions and subscribe to a
standardized administration format [47, 48].

In addition to format and standardization, interviews can
also be distinguished based on whether the questions target
past events or behaviors, current behaviors, or prospective
behaviors based on future or hypothetical situations or
scenarios. Winne and Perry [28] indicate that this temporal
distinction is important in considering whether the interview
is an aptitude or event protocol. Zimmerman and Martinez-
Pons [47, 48] developed a structured interview called the
Self-Regulated Learning Interview Scale (SRLIS). As part
of this interview, students are presented with six distinct
academic situations, such as preparing for a test at home,
writing an essay, or completing math assignments. In
short, students’ responses to these hypothetical scenarios are
coded into distinct self-regulation strategy categories, such
as rehearsal, seeking social information, or transformation
strategies. Students are also prompted to use a 4-point Likert
scale to rate the frequency with which they use the strategies.
The SRLIS is quite distinct from self-report surveys because
it uses open-ended and Likert response formats (i.e., to rate
frequency of strategy use) and utilizes questions that are both
context- and task-specific. That is, students are prompted to
describe the behaviors or strategies they exhibit on specific
tasks or assignments within a given domain (e.g., mathe-
matics) rather than their general use of strategies within that
particular domain. In addition, the SRLIS probes students to
make judgments about the prospective behaviors they might
display in a given situation, rather than to retrospectively
report how typical a set of prescribed behaviors are to them.
Although the SRLIS offers several advantages to the tradi-
tional self-report survey, it is not considered an event form

of measurement because it does not assess actual behavior or
cognition that occurs during a particular task or activity [21].

SRL microanalytic protocols, which represent another
type of structured interview, are similar to the SRLIS because
they target self-regulation processes in relation to specific
academic situations and tasks. However, in contrast to the
SRLIS and self-report surveys, SRL microanalytic protocols
are unique in that they target students’ regulatory beliefs
and processes prior to, during, and after engaging in a
well-defined task and activity. Thus, it does not require
retrospective or prospective reports but rather evaluates
regulatory processes as they occur across authentic tasks.

4. Overview of SRL Microanalytic Assessment

Although the precise definition and characteristics of micro-
analysis vary widely, we conceptualize microanalytic assess-
ment as an umbrella term referring to highly specific or
fine-grained forms of measurement targeting behaviors,
cognition, or affective processes as they occur in real time
across authentic contexts [17]. In general, this approach has
been used by researchers across diverse domains, such as
human development and psychology, education, athletics,
testing, and medicine [18, 49–53]. For example, within
developmental and counseling domains, researchers have
used behavioral forms of microanalysis to study mother-
infant attachment [51, 53], interactions among multiple
family subsystems or triads [18], and interactions between
clients and therapists [54, 55]. These researchers have
argued that assessing authentic moment-to-moment behav-
ioral interactions are important because they minimize the
response biases and errors associated with retrospective self-
reports about behavior or interactions. This belief is shared
by many self-regulation researchers.

Within the field of self-regulation, many event forms of
measurement would also fall under this general definition
of microanalysis [22, 24–26]. As one example, Perry has
described procedures for directly observing students’ regu-
latory behaviors as they occur in classroom contexts [26].
These assessment procedures can be considered microana-
lytic because they target highly specific regulatory behaviors
as they naturally occur in a particular context. Before turning
our attention to describing SRL microanalytic procedures
and methodology, it is important to highlight that we are not
arguing that SRL microanalysis is a more effective assessment
tool than other approaches, but rather that it has potential to
complement or supplement the existing set of self-regulation
assessment methods.

5. Essential Features and Illustration of
the SRL Microanalytic Process

SRL microanalysis is a structured interview involving a
strategic, coordinated plan of administering context-specific
questions targeting multiple cyclical phase subprocesses as
students engage in authentic activities. Over the past decade,
a variety of studies have utilized this approach for assessing
individuals’ forethought, performance, and self-reflection
phase processes across an array of tasks, such as free-throw
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shooting [35, 50], volleyball serving [34], venepuncture
[56], reading or studying [33], and writing [57]. SRL
microanalysis differs from many other self-report and event
measures because it systematically targets individuals’ cog-
nitive, motivational, and metacognitive processes as they
engage in learning or performance activities. In this section,
we underscore the basic features and procedures of SRL
microanalysis and provide examples of how this assessment
methodology has been implemented by researchers. Cleary
[17] identified several core features of microanalysis: (a)
individualized, structured interview protocol, (b) selection
of target SRL processes outlined in Zimmerman’s model
[6], (c) development of task-specific questions targeting
self-regulation subprocesses, (d) administration of questions
linking the three-phase cyclical phase model and the
temporal task dimensions, and (e) verbatim recording and
coding of participants’ responses. However, in the interest of
detailing a specific stepwise process that would facilitate the
use of this procedure by researchers and practitioners, we
reorganize and relabel these core features into five basic steps.

Step 1 (select a well-defined task). Prior to developing micro-
analytic questions or protocols, one must first identify a
specific target task that has a clear beginning, middle, and
end. As previously mentioned, microanalytic protocols are
built around a task or activity that is of interest to educators,
practitioners, coaches, or clinicians. In prior microanalytic
research, the majority of tasks involved brief practice ses-
sions or performance activities, such as basketball free-
throw shooting, volleyball serving, or studying and reading.
Although the nature of the target tasks used in microanalytic
research has been quite diverse, they were comparable
because they all included a well-defined preparatory phase
(before dimension), an actual learning or performance
component (during dimension), and a predefined point at
which the task was considered completed (after dimension).
Selecting a task with clear temporal dimensions is critical
because SRL microanalytic methodology entails adminis-
tering phase-specific regulatory questions (i.e., forethought,
performance, and reflection) at different points during task
execution.

Step 2 (identify target SRL processes). Although it is possible
to target a single SRL process in a microanalytic protocol,
researchers have typically evaluated several self-regulatory
subprocesses and/or a set of motivation beliefs within each
of the cyclical phases. To date, only three microanalytic
studies have comprehensively examined processes within all
three phases of the cyclical loop, with two additional studies
examining both forethought and reflection (see Table 1).
Given that self-regulation is typically conceptualized to be a
multidimensional process that involves the dynamic interac-
tion amongst several processes, researchers and practitioners
can generate more valid and meaningful interpretations
of student regulation if processes within all three cyclical
phases are targeted with a microanalytic protocol. The work
by Kitsantas and Zimmerman [34] was the first study to
microanalytically examine multiple processes across all three
phases of the cyclical feed back loop during a specific task,

serving in volleyball. In this ex post facto study, the authors
targeted 12 distinct regulatory or motivation processes, that
when converted to an overall composite score, accounted
for 90% of the variance in serving skill. It is also important
to note that targeting subprocesses within each of the three
cyclical phases is ideal because it enables one to identify the
sophistication of students’ strategic thinking across all parts
of the task and to better understand how distinct regulatory
processes interact or influence each other [61].

However, all processes within the three-phase model are
not always assessed. Researchers or practitioners may elect
to examine a specific aspect of the cyclical model [15, 34]
or the nature of the task may prevent evaluation of all three
phases of the loop. In terms of the latter point, Cleary et al.
[60] examined the relationship between the achievement and
regulatory processes of students as they engaged in a brief
reflection activity about a test grade earned in one of their
college courses. Due to the narrow nature of task, it was not
possible to examine students’ regulatory processes during
test preparation or when completing the exam. However, the
authors were primarily interested in examining how students
made judgments about the quality of their performance (self-
evaluation), the reasons for their performance (attributions),
and what they perceived that they needed to do to improve
future test performance (adaptive inferences).

Step 3 (develop SRL microanalytic questions). After the de-
sired task is defined and the number of target regulatory
processes is identified, it is necessary to either customize
preexisting microanalytic questions to the target task or
to develop new task-specific questions. In general, all
microanaltyic questions should be brief, directly linked with
the target task and context, and measure a specific self-
regulatory process outlined in the three-phase cyclical model
(e.g., goal-setting, attribution). In reviewing the microana-
lytic literature, researchers have used operational definitions
of the phase-specific regulatory processes and beliefs to guide
the wording of the questions [17]. For example, given that
an attribution is defined as a person’s perceptions about
the reason(s) for a particular event or outcome, a common
microanalytic attribution is, “What is the main reason why
you. . .?” or “Why do you think you. . .?” In a subsequent
section of this paper, we review a variety of examples of
microanalytic questions reported in the literature over the
past decade.

The questions used in a microanalytic protocol can either
be open- or closed-ended. The closed-ended questions utilize
Likert-scale formats (e.g., self-efficacy, task interest, and
satisfaction) or a forced-choice structure (e.g., self-evaluative
standards). However, most of the self-regulatory processes
(e.g., goal-setting, strategy planning, and attributions) are
measured using free-response or open-ended questions.
Given the qualitative nature of the responses provided
to these types of questions, researchers have developed
contextualized coding schemes to categorize such responses
(see Tables 2–6 e.g., coding schemes).

Step 4 (link cyclical phase processes to task dimensions).
As mentioned previously, a unique component of SRL
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Table 1: SRL microanalytic studies targeting cyclical phase regulatory processes and motivation beliefs.

Study Type of task(s) Forethought Performance Self-reflection Motivation beliefs

Self-efficacy

[36] Dart throwing — — Attribution Self-reactions

Interest

Self-efficacy

[58] Dart throwing — — Attribution Satisfaction

Interest

Self-efficacy

[57] Sentence combining — — Attribution Satisfaction

Interest

Self-efficacy

[59] Dart throwing — — Attribution Satisfaction

Interest

Basketball shooting
Goal-setting Attribution Self-efficacy

[50]
Strategy choice — Adaptive inference Satisfaction

Goal-setting Strategy use Self-evaluation Self-efficacy

[34] Volleyball serving Planning Self-monitoring Attribution Interest; Value

Adaptive inference Satisfaction

Self-evaluation

[35] Basketball shooting — — Attribution —

Adaptive inference

Reading Goal-setting

Metacognitive awareness

Self-evaluation Self-Efficacy

[33] Studying Planning Attribution Interest

Test-taking Adaptive inference

[56] Venepuncture
Goal-setting

Metacognitive monitoring Self-evaluation
Self-efficacy

Planning Satisfaction

Self-evaluation Self-efficacy

[60] Test reflection Strategic planning — Attribution Satisfaction

Adaptive inference

microanalysis is the close connection between the temporal
dimensions of the target task and the phases of the cyclical
loop (see Figure 2). Thus, forethought phase questions, such
as goal-setting and strategic planning, are administered prior
to an individual engaging in a particular task. The goal
with these questions is to gather information about how
individuals approach or prepare to engage in a task. In other
words, are students thinking about the key processes or
strategies related to the task or are they focused on other, less
critical factors? Microanalytic questions pertaining to strate-
gic control and metacognitive or self-monitoring would
be administered during task performance. The key themes
addressed with performance phase microanalytic questions
focus on whether students strategically engage in and self-
direct their learning as well as whether they keep track or
monitor their rate of learning or progress in successfully
completing the task.

Performance phase

Microanalytic questions
during dimension

of target task

Self-reflection phase

Microanalytic questions
after dimension

of target task

Forethought phase

Microanalytic questions
before dimension
of target task

Figure 2: Temporal sequencing of questions administered as
part of SRL microanalytic protocols. Forethought microanalytic
questions are administered before task initiation, performance
microanalytic questions are administered during the task, and
reflection microanalytic questions are administered after the task
is completed or a relevant performance outcome is present.
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Table 2: Examples of goal-Setting microanalytic questions, coding schemes, and administration procedures.

Study Questions Timing of administration Coding Scheme

“Do you have a goal when practice these
free throws? If so, what is it?”

Immediately prior to the
basketball free throw practice
session

Process specific/general

[50] Outcome specific/general

Focus specific/general

Rhythm

None

Athletes were asked to report whether
they set any goals relative to practicing
overhead serve

Immediately prior to overhead
serve practice session

Outcome

[34] Process/technique

Other

No goal

[33]
Students were asked about their outcome
goal for test (10% to 100%)

Prior to reading a text passage
about tornadoes

Not applicable (a continuous scale was used)

“Do you have a goal in mind before
drawing this blood sample?”

Immediately preceding the first
attempt to draw blood from a
mannequin arm

Process/technique

Outcome

[56] Patient interaction

Confidence

Do not know

Other

Table 3: Examples of strategic planning microanalytic questions, administration sequence, and coding scheme.

Study Questions Timing of administration Coding Scheme

“What do you need to do to accomplish
that goal?”a

Immediately prior to the basketball
free-throw session

Specific techniques

[50]

General technique

Visualization

Specific/general focus

Distractions

Rhythm

Do not know

Athletes were asked if they had a regular
practice routine that they followed when
practicing on their ownb

Immediately prior the volleyball
serving practice session

Completely structured

Partially structured

Unstructured

[34]

“What do you need to do to accomplish
these goals?”

Immediately prior to the volleyball
serving practice session

Specific technique

Visualization

Concentration

Technique/concentration

Practice/no strategies

[33]
“Do you have any particular plans for
how to read this passage and take the
test?”

Immediately before reading a text
passage about tornadoes

Counted the number of
strategies used/noted

“What are you thinking about as you
prepare to draw blood from this arm?”

Immediately preceding the first
attempt to draw blood from
mannequin arm

Process/technique

[56]

Outcome

Patient interaction/care

Confidence

Do not know
a
This question was referred to as strategy choice.

bThis question was not fully microanalytic because it did not pertain specifically to the study’s practice session.
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Table 4: Examples of self-observation (metacognitive monitoring), microanalytic questions, administration sequence, and coding scheme.

Study Questions Timing of administration Coding Scheme

Athletes were asked how they
self-monitored during the practice
session

After the 10-minute
practice session was
completed

Service outcome points

[34]a Technique and outcome

Do not know

Other

[33]

“How confident do you feel about
your answer to question # (1, 2, 3, and
etc. . .)”

After completion of
a tornado test but prior to
receiving any feedback
about test performance

NA (Likert scale)

“What score do you think you got on
the test?

NA (Single score was provided)

[56] “Do you think you have performed a
flawless process thus far or have you
made any mistakes? Tell me about
them”

After the venepuncture
activity began but prior to
putting the needle into the
vein

Process/technique

Non-process/technique

Do not know
a
The authors use the term self-monitoring.

Table 5: Examples of self-evaluation microanalytic questions, administration sequence, and coding scheme.

Study Questions Timing of administration Coding Scheme

[34]a

Athletes were asked if they
self-evaluated. If they indicated yes,
they were asked to describe what the
evaluation entailed

After the 10-minute
practice session was
completed

Self-evaluation

No self-evaluation

“What did you use to judge your
degree of satisfaction?” (students were
shown a cue card with multiple
response options)

After the free-throw
shooting posttest was
completed

Performance of others

Percentage of shots you made

[35]b Use of correct strategy

Improvement during practice

Other factors

Do not know

[33]c
Students were asked how well they
learned the three phases of tornado
development

After student were shown
their test grade

NA (Likert scale)

“What did you use to judge your
degree of satisfaction?” (students were
shown a cue card with multiple
response options)

After the venepuncture task
was completed

Performance of others

[56]b Number of attempts

Use of correct plan/technique

Other factors

Do not know
a
Presence or absence of self-evaluation was measured.

bSelf-evaluative criteria was targeted in this question.
cSelf-evaluative standards was targeted in this question.

Finally, self-reflection phase questions are linked to the
after dimension of the task. Reflection questions in SRL
microanalytic protocols address the issue of how students
judge their successes and failures, particularly in terms of
the perceived causes of these outcomes (attributions) as
well as their reactions to performance (adaptive or defensive
inferences). These latter two reflection processes are partic-
ularly important in self-regulation models because they are

highly predictive of student motivation and persistence in
the face of failure or obstacles [62–64]. It should be noted,
however, that the precise point at which one completes a task
may not always be clear. SRL microanalytic researchers have
purposefully defined task completion in terms of a specific
performance indicator, such as an exam grade or successful
free-throw, or after a predefined practice session has ended.
Without access to a clear indicator of quality of performance,
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Table 6: Examples of attribution microanalytic questions, administration sequence, and coding scheme.

Study Questions Timing of administration Coding Scheme

“Why do you think you missed
the bull’s eye on the last trial?

After missing the bulls eye
during practice session

Strategy

[36]a Effort

Ability

Practice

Do not know/Other

[57]
Students were asked why thought
they did not do better rewriting
their last sentence

Immediately after the
writing practice period

Identical to [36]

[59]
“Why do you think you missed
the bull’s eye on the last
attempt?”

Following a missed bulls
eye during post-test

Identical to [36]

“Why do you think you missed
those last two shots?”
“Why do you think you made
those last two shots?”

Following two missed shots
in a row during the practice
session (at least 10 shots
taken)
Following two made shots
in a row during the practice
session (at least 10 shots
taken)

Technique specific/general

Focus specific/general

[50]b
Distractions

Rhythm

Confidence

Effort

Practice

Do not know/Other

“Why do you think you missed
the highest designated target area
with your serve?”

Following two consecutive
missed serves of a specified
target area (posttest)

Form/technique

Ability

[34] Power

Practice

Concentration

Do not know

[35]
“Why do you think you missed
those last two shots?”

Following two missed shots
in a row during the posttest
phase

Identical to [50]

“Why do you think you did not
do better on this particular test
question on tornado
development?”

After getting test grade
back from the experimenter

Ability

Do not know

[33] Effort

or
Strategy

“Why do you think you did so
well on this particular test
question on tornado
development?”c

a
The authors collapsed responses to attribution and adaptive inference questions into a single category.

bThe two attribution questions were administered and coded separately. cThis question was asked only if students received a 100% on the tornado test.

such as success or failure or other specific performance
benchmarks, students may not be able to effectively respond
to self-reflection phase questions.

Cleary and Zimmerman [50] conducted one of the first
empirical studies to microanalytically target multiphase reg-
ulatory processes. In this study, the authors used a 10-minute
free-throw shooting session as the task or event around
which to embed forethought and self-reflection phase micro-
analytic questions. The forethought phase questions targeted

self-efficacy, goal-setting, and strategic planning and were
administered immediately preceding students’ attempts to
practice free throws. As indicated previously, self-reflection
phase questions need to be administered after the task was
completed. Accordingly, in this study, the participants were
administered a satisfaction process question after the 10-
minute practice session [50]. Although the authors could
have also administered attribution and adaptive inference
questions after the practice session was completed, they were
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more interested in examining the players’ self-judgments and
reactions relative to their performance in a specific failure
situation (i.e., two consecutive misses in a row during the
practice session). Thus, after the participants took their 10th
practice shot, the examiner waited until they missed two
shots in a row. When this occurred, the examiner then asked
the participants about the reasons why they missed those
shots (i.e., attributions) along with the conclusion drawn
about what they needed to do to improve their performance
(i.e., adaptive inference). This allowed the authors to draw
conclusions about how the players reacted to a particular
performance outcome, rather than more global judgments
about their success or struggles during the practice session.

SRL microanalysis has also recently been extended to
a clinical context [56]. In this implementation pilot study,
Cleary and Sandars [56] illustrated how SRL microanalysis
was applied to study the self-regulatory processes of seven
medical students as they attempted to take a blood sample
by venepuncture from a simulation mannequin arm. After
clearly identifying the nature of this task, the authors
targeted at least one self-regulation subprocess within
each of the cyclical phases. The authors selected three
forethought phase processes (i.e., goal-setting, strategic
planning, self-efficacy), one performance phase process
(i.e., metacognitive monitoring), and two self-reflection
processes (satisfaction and self-evaluative standards). As
outlined by microanalytic methodology, the forethought
phase questions were administered immediately prior to
students’ attempts to obtain the blood sample. During actual
performance of the venepuncture activity, the examiner
administered a question targeting students’ metacognitive
monitoring, “Do you think you have performed a flawless
routine thus far or have you made any mistakes?” Finally,
after students were able to obtain the blood sample, the
researchers administered two reflection phase questions,
satisfaction and self-evaluative standards. These questions
were designed to examine how satisfied the participants
were with their performance on the venepuncture task and
to identify the standards that the participants used to judge
their level of satisfaction with their performance.

Step 5 (scoring procedures). As indicated previously, a vari-
ety of question formats have been used in SRL microanalytic
protocols to examine motivation and self-regulation pro-
cesses, such as Likert scales, forced-choice items, and open-
ended or free response questions. Typically, the Likert items
are designed to target self-motivation, such as self-efficacy
and task interest, whereas free-response questions target
phase-specific regulatory processes including goal-setting,
strategic planning, metacognitive monitoring, attributions,
and adaptive inferences. A forced-choice format has been
used to examine students’ use of specific criteria to make self-
evaluative judgments following failure.

Although the scoring of Likert and forced-choice items
is relatively straightforward, all responses to open-ended
questions must be independently coded into distinct cat-
egories by two or more coders. The development of the
specific categories for the coding system is derived from both
empirical and conceptual or theoretical perspectives. It is

recommended that researchers pilot test the protocols on the
target task in order to gather information about types of
responses that students may exhibit for that task. Researchers
can also use expert consensus and/or prior research to guide
the development of the categories. For example, Cleary and
Zimmerman [50] used the goal-setting literature to identify
different features of goals (e.g., general versus specific goals,
process versus outcome goals) that would be important to
consider when developing categories. Using prior research,
the authors developed various categories including outcome
goals, general process goals, specific outcome goals, and
specific process goals.

As another example, Cleary and Zimmerman [50] used
prior research, pilot testing, and expert feedback to develop
categories for an attribution question administered during
a free-throw shooting practice session. Using this process,
the authors developed different strategy categories, such as
shooting technique (e.g., “my elbow was not straight”), focus
(e.g., “I was not concentrating”, and rhythm (e.g., “to go at a
good pace”), and various other categories such as effort, con-
fidence/ability, or do not know. Regardless of the specific reg-
ulatory process that is measured using a free-response micro-
analytic question, the coding of these questions is facilitated
with a structured scoring rubric that provides definitions
and behavioral examples of each category. Examples of the
general coding schemes used for many of the microanalytic
regulation questions are included in Tables 2–6 (see specific
studies for a more detailed description of the categories).

6. Application and Illustration of
Open-Ended Microanalytic Questions

Although SRL microanalysis has been applied to multiple
tasks and domains, to date, no review articles or studies
have attempted to descriptively compare or to synthesize
the specific questions used in microanalytic research. This
is an important endeavor because it can help researchers to
better understand the level of consistency and divergence
in the questions and procedures when targeting regulatory
processes across different tasks. It should be noted that in
this qualitative review, we included either all microanalytic
studies that have targeted motivation beliefs and regulatory
processes or those that have targeted multiple regulatory
processes (see Table 1). The inclusion of studies examining
multiple regulatory processes was desirable because it would
allow one to examine how comprehensive protocols can be
constructed relative to different tasks.

The microanalytic studies presented in Table 1 have
collectively targeted almost all of the cyclical phase processes,
as identified by Zimmerman. However, in this section we
elected to describe and illustrate examples for the five most
frequently targeted self-regulation processes in microanalytic
protocols: two forethought processes (i.e., goal-setting, stra-
tegic planning), one performance process (i.e., self-observa-
tion), and two self-reflection processes (i.e., self-evaluation,
attributions). We also selected these particular processes
to ensure that each phase of cyclical feedback loop was
adequately represented (i.e., forethought, performance,
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and self-reflection). Examples of microanalytic questions,
administration procedures, and coding schemes for each of
the five processes are presented separately in Tables 2–6.

Before discussing each of these five subprocesses in
depth, however, we want to acknowledge that there are other
self-regulatory processes or subprocesses reported in the
literature that are not specifically included in the Zimmer-
man’s model. Although it is quite possible for researchers to
include such processes in microanalytic protocols in future
research, our primary objective in this paper was to highlight
the primary processes that have been studied using the
microanalytic process highlighted herein.

6.1. Goal-Setting. Goal-setting has been broadly defined as
the aim or purpose of a behavior within a given period of
time [65]. This forethought phase process is important due
to its motivational influences and because it functions as a
standard against which individuals self-evaluate their learn-
ing and performance progress. Four microanalytic studies
have examined the nature and types of goals that individuals
set prior to task engagement (see Table 2). The majority of
these studies have used a comparable question and format,
whereby individuals are asked to verbally report whether
they have a goal in mind preceding their attempt to engage
in a specific activity. For example, Cleary and Sandars [56]
asked medical students, “Do you have a goal in mind
before drawing this blood sample?” immediately before they
performed a venepuncture activity. Along the same lines,
Cleary and Zimmerman [49] administered the question,
“Do you have a goal when practicing these free throws?” at
the moment directly prior to participants practicing their
basketball free-throw skills.

Due to the nature and procedures of microanalytic
protocols, the goals reported by participants in these studies
naturally exhibited desirable qualities, such as proximity and
self-generation. However, to distinguish between quality of
goal responses, researchers have used prior research and
pilot testing to develop and refine coding schemes. The
literature has shown that the focus of goals, such as a
process or outcome, is a key property of goal-setting [65–
67]. Process goals tend to involve procedures or strategies
used to complete a task whereas outcome goals pertain to the
products or end result of learning and performance. Most
microanalytic coding schemes capture the process/outcome
distinction of goal responses. For example, in a volleyball
serving study, Kitsantas and Zimmerman [34] identified an
outcome goal as a response focusing on the result of a serve,
such as getting the volleyball over the net or hitting a specific
zone of the court. In contrast, process goals were defined in
relation to the volleyball serving technique, such as following
through on the serve or tossing the ball properly.

It should also be noted that research has clearly shown
that “general” or “do your best” goals are not as effective
as more “specific” goals because the former provides vague
or ambiguous benchmarks for making self-judgments about
performance [50, 68]. Cleary and Zimmerman [50] devised
a coding scheme that extended the outcome-process goal
distinction in terms of specificity. In this study, the authors

created specific process and general process goal categories as
well as specific outcome and general outcome categories. For
example, a specific process goal involved responses clearly
identifying a specific component of the shooting technique
(“to keep my elbow in”), whereas a general process goal did
not include any specific mention of a particular component
(“to do the technique correctly”).

6.2. Strategic Planning. Zimmerman [6] defined strategic
planning as a subprocess of task analysis that involves the
selection of strategies that are appropriate for a particular
task. Within most models of self-regulation, the use of task-
specific strategies is critical for acquiring information or
optimizing one’s performance [2, 5, 31, 69]. From a microan-
alytic assessment perspective, the goal of administering fore-
thought strategic planning questions is to identify the types
of strategies, behaviors, or thoughts that individuals believe
to be most essential to performing well on a given activ-
ity. In addition, because these questions are administered
immediately preceding engagement in a well-defined task, it
allows an examiner to ascertain the primary task dimensions
that individuals focus on and think about. Similar to goal-
setting, four studies have incorporated strategic planning
questions in their microanalytic protocols. However, the
nature of strategic planning questions has varied across
studies (see Table 3). In the athletic realm, researchers have
phrased these questions in relation to the task goals that
they communicated. For example, Cleary and Zimmerman
[50] developed the question, “What do you need to do to
accomplish that goal?” Kitsantas and Zimmerman [34] used
an identical item to assess strategic planning in relation
to volleyball serving. However, the latter authors included
an additional planning question targeting whether students
followed a regular routine when practicing on their own.
Although this question exhibited many of the features
required of microanalytic protocols, it was not truly micro-
analytic because it did not pertain specifically to the practice
session in which they were about to engage. Nonetheless, the
information generated from this type of question could be
helpful in a more broad assessment of strategic behaviors.

Still further, other studies have phrased the strategic
planning question in relation to task engagement rather
than task goals. For example, DiBenedetto and Zimmerman
[33] developed the question, “Do you have any particular
plans for how to read this passage and take this test?”
whereas Cleary and Sandars [56] administered the question,
“What are you thinking about as you prepare to draw
blood from this arm?” These questions were not constrained
around the goals that were reported by participants and thus
enabled students to have greater latitude when reporting
their approaches to the task than the previous questions used
in motoric research.

6.3. Self-Observation. Self-observation has been defined as
“a person’s tracking of specific aspects of their own per-
formance, the conditions that surround it, and the effects
that it produces” [6, page 19]. This is a critical performance
phase process of the cyclical feedback loop because it serves
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as an information or feedback hub through which an indi-
vidual is able to effectively and systematically evaluate goal
progress and to inform cognitive or behavioral adaptations to
maximize performance. Although self-observation typically
involves monitoring behaviors, skills, and performance,
it may also involve tracking cognition and metacognitive
processes during learning and performance. That is, are
students aware of the quality of their own regulatory
processes, such as planning and self-evaluation, and can they
reliably predict or make judgments about their competencies
and skill levels? Many self-regulation theorists have referred
to this process as metacognitive monitoring rather than
self-observation [4]. Although there are distinctions in the
theoretical assumptions and specific “monitoring” processes
discussed in the literature, we attempt to identify the different
types of monitoring or self-observation measures that SRL
microanalytic researchers have included in their assessment
protocols.

In general, only a few studies have microanalytically
examined student reports about the types of things that
they focus on and monitor during learning and performance
(see Table 4). Two studies have examined the quality of par-
ticipants’ monitoring during performance whereas another
study targeted metacognitive judgments about performance.
Kitsantas and Zimmerman [34] used an open-ended ques-
tion, labeled self-monitoring, to examine the extent to
which participants engaged in self-monitoring as well as
the specific focus of their self-observation efforts during a
volleyball serving practice session. Student responses were
classified into distinct categories, such as service outcomes,
serving technique and outcomes, do not know, and other.
Although this question was microanalytic from a content and
structural perspective, one can argue that it was not fully
microanalytic because it was technically administered after
the practice session was completed. As previously discussed,
a key component of any microanalytic question is a direct
link between the phase of the cyclical loop and the temporal
dimension of the target task.

The work of Cleary and Sandars [56] is the only study
reviewed in this paper to employ an SRL microanalytic
self-observation question during actual performance. In
this qualitative pilot study employing a venepuncture task,
participants were asked, “Do you think you have performed
a flawless process thus far or have your made any mistakes?
Tell me about them.” This question was specifically designed
to examine the types of errors that students perceive that
they were making, with particular attention devoted to the
venepuncture technique or other nonprocess factors, such as
patient discomfort or ability levels.

DiBenedetto and Zimmerman [33] employed calibra-
tion or metacognitive monitoring procedures in order to
evaluate the extent to which students accurately predicted
performance on content-specific tests. After reading a text
passage on tornados and completing a tornado knowledge
test and a tornado conceptual test, participants were asked
two questions pertaining to their confidence in correctly
answering specific test items, and another question targeting
the accuracy of their overall test score predictions. The
format of these latter questions is consistent with assessment

approaches used in other lines of research examining student
calibration accuracy and judgments of learning [70–72].

6.4. Self-Evaluation. Self-evaluation serves as a critical self-
regulatory process because of its impact on other reflection
phase processes and subsequent forethought processes. This
construct has been defined by social-cognitive theorists as a
self-judgment process involving comparisons between one’s
performance on a task with some standard or benchmark [1,
6]. From a self-regulatory perspective, engaging in accurate
self-evaluation is important because it ultimately defines for
an individual whether he or she was successful or not on
the task: a type of judgment that subsequently impacts a
more complex set of reflection processes, such as making
attributions about performance.

The process of self-evaluation is intriguing from an
assessment viewpoint because of the different aspects or
components of this process, such as the type and the level
of criteria or standard [17]. Zimmerman [6] identified four
types of criteria that students can use to self-evaluate:
mastery, prior performance, normative, and collaborative.
Whereas normative and collaborative criteria incorporate
social factors into the evaluation process, mastery criteria
and prior performance are personal or self-criteria. Mastery
standards typically involve benchmarks or performance
markers ranging from novice to expert skills, whereas prior
performance standards are used to assess individual growth
by comparing the individual’s prior outcomes to current per-
formance. The latter two forms of self-referenced standards
are ideal from a self-regulatory perspective because they
direct one’s attention, reflective thoughts, and actions toward
their own behaviors and outcomes—a critical ingredient in
helping students becomes more self-directed and adaptive
learners.

The level of standards refers to the stringency of the
benchmark one uses to judge success. For example, a student
who uses a 90% correct standard to judge test performance
would be deemed to have a more stringent level of standard
than a classmate who adopted a 75% correct benchmark.

Microanalytic researchers have examined the process
of self-evaluation in a variety of ways (see Table 5). At a
very general level, Kistantas and Zimmerman [34] asked
participants in the volleyball serving study whether they self-
evaluated or not and to explain what the evaluation entailed.
The authors used a broad coding scheme with two categories:
self-evaluation or no self-evaluation. Thus, the authors were
specifically interested in whether students engaged in an
evaluation process, regardless of the specific criteria or
standards used to make these types of self-judgments.

In contrast, other microanalytic studies have focused on
the level of standards used by participants. For example,
Cleary et al. [60] asked college students, “What grade would
you need to get in order to feel completely satisfied?”
after receiving a test grade back from the course instructor.
Students provided responses ranging from 0 to 100, which
was the range of potential scores on the exam. In short, the
higher the score on this scale, the more stringent the standard
that students had about performance. Along the same lines,
DiBenedetto and Zimmerman [33] evaluated high school
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students’ perceptions of the quality of their learning about
tornado development as part of a reading session. Ultimately,
students were asked to use a Likert scale ranging from 10
(poor) to 100 (very well) to report how well they believed
that they performed on the test after receiving their test
grade back from their teacher. Thus, students’ judgments
about their success in relation to their critical grades were
conceptualized to reflect their self-evaluative standards of
performance.

Still further, other microanalytic studies used a forced-
choice format to examine the type of criteria students use
as the basis for making self-evaluative judgments [35, 56].
For example, in an experimental study involving a basketball
free-throw shooting task, researchers asked participants,
“What did you use to judge your degree of satisfaction?”
after the practice session and post-test were completed [35].
Students were provided with a cue card listing several criteria
identified in prior research: (a) percentage of shots made
(mastery-outcome), (b) use of correct strategy (mastery-
process), (c) improvement during practice (prior perfor-
mance), (d) performance of others (normative), (e) other
factors, and (f) do not know. Students were only allowed to
pick one response.

6.5. Attributions. When reviewing the microanalytic studies
presented in Table 1, it is quite apparent that causal attri-
butions have been the most frequently studied regulatory
process in microanalytic research. Causal attributions refer to
an individual’s perception of the cause of the outcomes in a
particular activity [73]. From both theoretical and empirical
perspective, attributions are a key reflection phase process
linked to the reactions that individuals display following
learning or performance. The importance of attributions
has been demonstrated across a number of fields including
academics, [8, 64, 74], athletics [35, 67], and psychology
[48, 73, 75].

Microanalytic researches have examined individuals’
attributions primarily following poor performance on a
particular task (see Table 6). The specific wording of these
questions has been directed to capture the nature of the target
task and the specific outcome around which students will
self-evaluate or judge their level of performance. For exam-
ple, Cleary and Zimmerman [50] examined novice basketball
players’ attributions following two consecutive missed free-
throws during a practice session, whereas Kitsantas et al. [59]
asked an attribution question after respondents missed the
bulls-eye during a posttest session. The attribution questions
in these studies were administered immediately following
a task-relevant outcome identified by the researchers as
important (i.e., missed free-throw or bulls-eye). The key
methodological implication here is that the administration
of a microanalytic attribution question is highly dependent
on the specific task outcome that one targets as well as when
that outcome occurs during a task or situation.

DiBenedetto and Zimmerman [33] chose to use a test on
tornado development as the single outcome about which to
evaluate students’ attributions about test performance. Thus,
because the authors decided to focus on test performance
as the key outcome, it was quite clear and subscribed when

this question needed to be administered; that is, immediately
after test performance. However, an outcome is not simply
something that occurs following task completion. Rather, it is
possible and often highly desirable for researchers to examine
attributions at specific instances during a child’s attempts to
learn or to perform a given task. For example, Cleary and
Zimmerman [50] examined students’ attributions during a
free-throw practice session after they had missed two con-
secutive shots following a predetermined warm-up period.
Although the authors could have administered an attribution
question regarding the players’ overall performance follow-
ing the free-throw practice session, they were most interested
in targeting this process in relation to specific moments of
failure or struggle during free-throw practice; that is, when
players missed two shots in a row.

Most microanalytic researchers have utilized a highly
consistent format and wording of attribution questions,
with almost all questions using the stem, “Why do you
think you. . .” followed with an ending phrase conveying
two important components: (a) nature of the task, and (b)
specific outcome (see Table 6). For example, Cleary et al.
[35] administered, “Why do you think you missed those
last two shots?” whereas Kitsantas et al. [59] asked the
question, “Why do you think you missed the bulls-eye on
the last attempt?” These questions were microanalytic in
nature because they clearly pertained to the definition of an
attribution, were linked to the task and the target outcome,
and were administered immediately following an important
performance outcome.

Some researchers have employed attribution assessment
procedures that parallel some of the basic features of
microanalytic assessment protocols. For example, Boekaerts
et al. [8] used an Online Motivation Questionnaire to
examine students’ attributions following performance in
three different school subjects. In this study, the researchers
asked students an open-ended question about why they
performed well (or not well) on the exam and then coded
these responses into one of several categories. Although
other attribution researchers have used open-ended question
formats and/or a highly contextualized approach [76, 77],
microanalytic attribution questions are distinct from most
other attribution measures reported in the literature because
they rely on an open-ended question format, are directly
linked with authentic tasks in a given context, and are admin-
istered on-line or as individuals engage in specific tasks.
We briefly review some of the more common attribution
measures reported in the literature to further highlight the
distinctiveness of microanalytic attribution questions.

When comparing microanalytic attribution questions
to more traditional attribution measures, one of the first
features to consider is the formatting of questions. Although
open-ended questions have been noted in attribution
research, a closed-ended question format appears to be the
most common [78]. Closed-ended questions, which often
include forced-choice formats, differ from microanalytic
procedures in that examinees are provided with attribution
categories from which they may choose and then are asked
to rate the importance of these factors in regard to their
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performance. Researchers have further subdivided forced-
choice measures into unipolar and ipsative items [78].
Although both of these general classes of items are similar
because they provide a respondent with specific attribution
response options from which to choose, they differ in
the number of attributions provided for that item. For
example, while unipolar measurement directs respondents’
attention on a single causal factor for a particular item
or question, ipsative measurement requires respondents to
consider multiple attribution categories when providing
their judgments. It is important to note that a scale may
include a mixture of unipolar or ipsative items.

The Mathematical Attribution Scale (MAS) [79] provides
an example of unipolar items by prompting students to rate
their level of agreement with this statement, “I did well on the
unit test because I studied very hard” using on a 5-point Lik-
ert scale. In this case, this item would be considered unipolar
because it focuses solely on the single factor of studying hard
(effort). In another example, the Course Performance Ques-
tionnaire (CPQ) requires respondents to rate, using a 5-point
Likert scale, the level of agreement with a statement such as
“When I earn a good grade, it is because of my academic
competence” [80]. Consistent with all types of unipolar
items, this item directs a respondent to focus exclusively on a
single causal factor (i.e., competence) of performance.

In contrast, ipsative items require respondents to rate or
identify the relative importance of several potential attri-
butions on their performance in a given situation [76, 78].
However, researchers have used several variations of this
general approach. For example, some researchers have used a
percent of causality format whereby respondents indicate the
proportional impact that a factor contributed to their perfor-
mance. Elig and Frieze [76] used this measurement approach
to examine the extent to which student success was caused
by a number of factors such as high general intelligence
(ability) or the difficulty level of the task. Another measure,
the Intellectual Achievement Responsibility (IAR) scale [81],
employs an ipsative approach for some items. For example,
a hypothetical academic success scenario such as “when you
do quite well on a test” is presented. The respondent is then
asked to choose one cause from multiple potential responses,
such as effort, ability, or external factors, to identify the key
causal determinant for this success.

Although SRL microanalytic researchers have utilized
both open-ended and forced-choice formats (see Table 5),
free-response questions have been relied on exclusively.
However, as discussed previously, reliance on an open-ended
question format is an important but insufficient aspect of
microanalytic questions. Other key distinguishing features
include the methods employed to generate an attribution
response and the temporal sequencing of the questions. In
general, attributions can be elicited and measured in relation
to natural events, laboratory settings, or hypothetical situa-
tions [78]. Naturally based assessments examine attributions
in reference to an event that has actually been experienced
by the respondent in an authentic context. Laboratory
investigations take the form of fabricated experimental
situations that aim to replicate, as closely as possible, a real

or natural experience. Finally, the hypothetical scenario,
a component of many traditional attribution assessments,
makes use of hypothetical stories that respondents are to read
and conjecture their personal attributions for outcomes that
may not have been personally experienced [78].

Much of the attribution literature uses hypothetical
scenarios to evaluate the nature of students’ attributions. As
one example, an item on the Survey of Achievement Respon-
sibility (SOAR) questionnaire asks students to imagine that
they are faced with a new math problem and “catch on”
very easily. This item then asks respondents to attribute their
ease of task completion to one of the provided choices such
as task difficulty, ability, and effort [82]. Although the use
of hypothetical scenarios can yield important information
about the nature of students’ attributions and regulatory
processes, these types of approaches often involve general
situations that do not pertain to specific situations that are
actually experienced by the respondent. Thus, the informa-
tion that is gathered with such assessments may reflect a
more dispositional characteristic of people rather than their
actual attributions and how such judgments may vary [27,
78]. Microanalytic attribution questions are unique because
they evaluate students’ judgments of causality in relation to a
specific context and task performance.

Furthermore, although some attribution measures have
paralleled the context-specific format used in SRL micro-
analysis, it is also important to note that very few studies have
mirrored the microanalytic feature of temporal linking of
attribution questions with the after dimension of authentic
task performance. By linking the temporal dimensions of a
task with the sequence questions of administered, one will
be better able to obtain an accurate account of the nature of
students’ reflective self-judgments as they perform tasks that
are of relevance to educators, tutors, or coaches.

7. Psychometric Evidence and
Areas of Future Research

There is an emerging literature base supporting the premise
that SRL microanalytic protocols exhibit relatively strong
reliability and validity. Given our focus on microanalytic
questions in this paper, we wanted to provide readers with a
general review of the psychometric properties of these ques-
tions. In terms of reliability, kappa coefficient and percent
agreement have been the key metrics used by researchers to
examine the level of interrater agreement. Across almost all
studies, the interrater agreement has been quite strong (see
Table 7). It is important to note that these strong indices
of agreement have been established, in part, due to the
development and use of highly detailed and explicit coding
schemes and manuals [33, 35]. Given the nature of most
microanalytic questions (i.e., single items, free-response
formats), alpha coefficients have not traditionally been
reported. However, self-efficacy measures are an exception.
These measures are quantitative in nature and incorporate
several items targeting student beliefs to perform specific
behaviors at various levels of performance (e.g., self-efficacy
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Table 7: General overview of reliability and validity of SRL microanalytic protocols.

Study Type of Task(s) Reliabilityb Validity

[50]
Basketball shooting

Kappa coefficients (.88–.95)
Alpha = .95

Differential validity

Intercorrelation among
self-reflection processes

[34]
Volleyball serving Kappa coefficients (.90–.98)

Differential validity

Predictive validity

[35] Basketball shooting Kappa coefficients (.81–.91)
Intercorrelation among
self-reflection processes

[33]
Reading

Percent agreement (.76–.93)
Differential validity

Studying
Intercorrelation among phases
of self-regulation

[56] Venepuncture
Percent agreement
(93% to 100%)

NA

[60]a Test reflection Percent agreement (96% to 98%)
Predictive validity

Concurrent validity

Only microanalytic studies that targeted multiple regulatory processes were included in this table.
NA: not applicable. aUnpublished raw data.
bRange of interrater agreement scores reflects multiple regulatory processes.

for receiving an A on a test, receiving a B on a test, and receiv-
ing a C on a test). These measures have been shown to exhibit
high internal consistency (see studies listed in Table 1).

Another procedure for measuring reliability that has not
been examined at this point is the use of test-retest reliability.
Although it is unclear whether this type of reliability is useful
for highly contextualized forms of assessment, such as SRL
microanalysis, it might be of interest to examine the stability
of students’ responses in highly similar situations across
relatively short periods of time.

In terms of validity, researchers have examined the
differential validity, predictive validity, and construct validity
of specific microanalytic subprocess measures across diverse
tasks. To date, a few studies have shown microanalytic mea-
sures to reliably differentiate achievement or expertise groups
[33, 34, 50]. In general, this line of research has shown that,
compared to lower performers, experts or high achievers
tend to exhibit more strategic thinking and regulation as
they perform specific tasks across domains. More specifically,
microanalytic research has shown that those who exhibit the
highest level of performance tend to set more specific goals,
approach tasks more strategically, and make strategic attribu-
tions and adaptations following failure or poor performance
on a task.

There is also some evidence that microanalytic protocols
are reliable predictors of task performance. Kitsantas and
Zimmerman [34] used a comprehensive microanalytic pro-
tocol to examine the regulatory processes of expertise groups
as they practiced volleyball serving. To examine the predic-
tive validity of this multi-item protocol, the authors com-
bined all microanalytic measures into a single scale to predict
subsequent volleyball serving skill. Although the authors did
not include any other measures in the correlation analysis,
they showed the composite score to account for 90% of the

variance in volleyball serving skill. More recently, Cleary et al.
[60] examined whether self-reflection microanalytic ques-
tions (self-evaluative standards, attributions, and adaptive
inferences) accounted for unique variance in college course
grades over and above that accounted for by other self-report
measures. In general, the three self-reflection microanalytic
questions accounted for a substantially greater amount of
variance in final course grades than the other measures.

Most microanalytic studies have also found strong cor-
relations among self-regulation processes as predicted by the
cyclical feedback model of self-regulation (see Table 7). Of
particular importance is the consistent finding that the type
or quality of one’s attributions is strongly related to the types
of adaptive inferences that students believe that they need to
make in order to optimize future performance [35, 50]. That
is, students who made strategic attributions for failure or
following performance on a particular task were more likely
to infer that they needed to adapt their strategic methods to
perform more effectively on the task in the future.

Although SRL microanalytic protocols are quite promis-
ing, future research clearly needs to address several impor-
tant issues. First, more evidence regarding the concurrent
validity of these measures is needed. Of particular inter-
est would be to employ a multidimensional assessment
approach, utilizing self-report surveys, direct observations,
behavioral traces, and/or microanalytic protocols, to exam-
ine the degree of convergence and divergence across these
different assessment tools. This line of inquiry is particularly
important given recent evidence showing that student self-
ratings of their regulatory processes as gathered on self-
report surveys often do not correspond strongly with their
actual behaviors [42] or the quality of their regulatory
processes as illustrated in microanalytic protocols [60].
However, there is much work to be done in order to
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determine the specific components of regulation that are
reliably measured by each of these distinct protocols. From
our perspective, it is highly likely that although different
self-regulation assessment approaches will overlap to some
degree, they will capture unique elements of regulatory func-
tioning. Thus, to effectively and comprehensively understand
human regulation, researchers and practitioners will need to
utilize a diverse set of measures.

As indicated previously, a couple of studies have exam-
ined the validity of microanalytic protocols in predicting
achievement in academic and nonacademic contexts [34,
60]. However, a potentially fruitful line of research involves
examining whether microanalytically derived processes pre-
dict behavioral change as students engage in specific tasks
in a given context. For example, the cyclical feedback model
predicts that the quality of one’s reflection phase processes
should lead to changes in one’s subsequent forethought
and performance phase processes. It would be of particular
interest for researchers to examine whether the quality of
students’ self-reflections, as measured with microanalytic
protocols, predicts actual changes in their strategic behaviors
or motivation to engage in that task in the future.

A primary objective of microanalytic protocols is to
generate reliable information about students’ regulatory
processes that can be used by educators and practitioners
to inform the development of academic interventions or
to guide instruction [15, 83]. Given the recent evidence
placed on linking school-based assessments to intervention
development as well as using context-specific or ecologically
appropriate measures to evaluate youth [20, 84], greater
attention needs to be devoted to not only apply SRL micro-
analytic procedures to specific academic contexts but to also
explore how such assessment data can be used effectively by
teachers and school-based practitioners to guide intervention
planning and development. Recent research has shown that
special education teachers perceive microanalytic forms of
assessment data to be extremely useful for intervention plan-
ning and instructional programming as well as for enhancing
other roles in which they engage, such as participating in
team meetings and consultation [36]. In addition, Cleary
et al. [15] provided an anecdotal illustration of how self-
regulation tutors used microanalytic protocols can be used
to guide tutoring sessions with urban youth in high school
contexts who were failing science courses. Although there
is great promise in linking SRL microanalytic assessment
approaches to these instructional contexts, to our knowledge,
no study to date has systematically addressed this issue.

8. Conclusion

Although no single assessment tool can effectively capture
human regulation in its entirety, assessment tools that
examine regulatory thought and action as they occur in real
time during a particular task have the potential to provide
more useful information that can lead to contextualized,
individualized interventions for youth who struggle in
school. It is our belief that SRL microanalytic protocols can
be one of these types of assessments. Despite this trend
toward the use of contextualized, online forms of assessment,

however, we believe that a multidimensional assessment
approach that includes various types of self-reports, direct
observations, and perhaps teacher and/or parent ratings may
prove to be a most valuable approach towards understanding
human regulation.
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The current study investigates whether students’ tool use in a Content Management Systems (CMSs) for example, blackboard,
WebCT, relates to students’ strategy use within a CMS-supported course. In this way, the study strives to explain the tool use
differences, and furthermore, it strives to find (online) behavioral indications for students’ strategy use. Data were collected within
a first-year undergraduate course “Learning & Instruction”. Students (n = 182) reported their strategy use as measured through
the Inventory of Learning Styles (Vermunt, 1998). Students’ tool use within the CMS was logged. K-means cluster analyses revealed
four clusters that were characterized by different strategies and accompanying tool use. Specifically, two clusters revealed a tool use
pattern that was in line with the behavioral profile of students’-reported strategy use. Interestingly, two clusters revealed a tool use
pattern that was in contrast to the reported strategy use. These results raise questions with respect to students’ tool perceptions
and students’ calibration capacities.

1. Introduction

Content management systems (CMSs) such as Blackboard
and WebCT are increasingly popular in today’s higher edu-
cation as a means of providing online courses or as a part
of a blended course wherein face-to-face and CMSs sup-
port is provided [1, 2]. The popularity of CMSs can be
ascribed to its’ features that are claimed to be beneficial for
students’ learning. Specifically, CMSs provide a rich toolset
with various learning support to students, and CMSs give
students control over using these tools. Since these features
allow students to select learning opportunities in line with
their own learning needs, it is claimed that enriched, self-
regulated, and motivated learning is stimulated [3, 4].

Despite these wide-spread arguments in favor for CMSs,
evidence on students’ tool use within CMSs indicates that
this learner control in tool use cannot be taken for granted.
Multiple studies revealed differences in using CMS tools (e.g.,
[5–9]). Moreover, these tool-use differences had in most
studies significant performance effects which imply that not
every student profited from the learning opportunities
CMSs provide. Clearly, this evidence demonstrates that the

availability of a rich toolset does not guarantee that tools will
be used in ways as intended by the designer. In this respect,
Perkins [10] and Winne [11] stress that tool use is a
mindful process and not a passive reaction on instructional
stimuli such as tools. Specifically, adaptive tool use, or using
tools in line with the learning needs, presupposes that (a)
students perceive the learning content and tools in a similar
way as the designers/teachers, (b) students are skillful in
using the tools as intended, and (c) students are motivated
to spend effort and time in using these tools [10, 11].
Consequently, adaptive tool use seems to be a metacognitive
and motivational governed behavior (cf. conditions Perkins
and Winne), wherein learners adaptively regulate their tool
use in line with the learning tasks. In this way, adaptive tool
use can be considered a self-regulated study strategy.

Consequently, tool-use differences in current CMS re-
search could reflect different strategy choices among students
due to differences in the underlying conditions as stated by
Perkins [10] and Winne [11]. Nevertheless, current CMS
research merely observed students’ tool use, the differences,
and how these differences impact students’ learning. The
strategy-related reasons remain still unclear. The current
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Table 1: Tool functionalities.

Category Functionality Example

(1) Information tools

(1.1) Basic information tools = tools that structure the course content Outlines

(1.2) Elaborated information tools = tools that elaborate on the course content Weblinks

(2) Cognitive tools
= tools through which individuals interact with the information tools. Tools
that can enhance, extend, or augment thinking not inherently enhance
cognitive activity.

(2.1) Processing tools = tools that allow cognitive processing Adjunct aids

(2.1.1) Information-gathering tools = tools that allow individuals to seek and collect the information needed. Search tools

(2.1.2) Organizing tools = tools that allow individuals to represent relationships among ideas.
Advance
organizer

(2.1.3) Performance-support tools
= tools that perform basic cognitive tasks so that individuals can stay focused
on their goals

Calculator

(2.2) Knowledge-modelling tools = tools that allow to test (or explore) the validity of beliefs and theories. Practice quiz

(2.3) Communication tools = tools that allow to communicate among learners, teachers, and experts Discussion board

(3) Scaffold tools = tools guiding learning efforts

(3.1) Conceptual scaffolding = guidance on what to consider, problem or task related Learning goals

(3.2) Metacognitive scaffolding = guidance on how to think about the problem under study Study tips

(3.3) Procedural scaffolding = guidance on how to utilize the tools Tool prompts

(3.4) Strategic scaffolding = guidance on approaches to solve the problem Tutor

study addresses this concern. Particularly, the current contri-
bution addresses the main hypothesis that profiles reflecting
different tool and strategy use among students can be
encountered. Tool-use differences can be related theoretically
to differences in strategy use by comparing the behavioral
characteristics of different study strategies with the different
tool functionalities within CMSs. The following section
elaborates on these hypotheses.

2. Hypotheses: Behavioral Profiles of
Strategy Use

Tools that are provided through a CMS can be categorized
dependent on the kind of support they provide for the
learning process. Table 1 depicts the different tool categories
together with their objective functionality for the learning
process [12]. In general, Table 1 illustrates a broad distinction
between (a) information tools as tools that provide informa-
tion in a structured or elaborated way, (b) cognitive tools as
tools that allow interaction with the learning content, and
(c) scaffolding tools as tools that guide students’ learning
processes. Additionally, different types of cognitive tools are
distinguished dependent on the object of interaction. Differ-
ent types of scaffolding tools are distinguished dependent on
the object of scaffolding.

Research and theory on students’ study strategies find
its origin in the work of Marton and Säljö’s [13], initial
distinction between surface and deep approaches of learning.
These two approaches describe qualitative differences in how
students process a specific learning task. In addition to these
differences in students’ processing strategies, Vermunt [14]
incorporates students’ regulation strategies as well in his
model on students’ study strategies. According to Vermunt

[15], a study strategy encompasses regulation and processing
strategies. In this respect, the model of Vermunt is applicable
to the current study given the fact that adaptive tool use, as
using tools in relation to the learning needs, is assumed to be
a self-regulated process [10, 11].

Based on a phenomenographic analysis of students’ study
strategies, Vermunt [14] distinguished, in line with Marton
and Saljö, two kinds of processing strategies: surface and deep
processing strategies. Surface processing strategies are char-
acterized by learning activities such as rote memorization
and repetition and reflect a focus on recall and reproduction
[13, 14]. Deep processing strategies are characterized by
learning activities such as relating ideas and seeking evidence
and reflect an intention to understand what is being taught
[13, 14]. Regulation strategies are directed at regulating cog-
nitive processing. In this respect, three kinds of regulation
strategies were distinguished (a) self-regulation, (b) external
regulation, and (c) lack of regulation [14]. In theory, a
students’ study strategy can combine any processing strategy
with any regulation strategy. However, data gathered with
the Inventory of Learning Styles of Vermunt [15] established
four study strategies that are empirically dominant; (a) a self-
regulated and deep oriented study strategy, (b) an externally
and surface-oriented study strategy, (c) an unregulated study
strategy, and (d) an application-directed study strategy [17–
20]. The behavioral profile of each of these study strategies
as derived from the phenomenographic analysis of Vermunt
[16] and as measured through the Inventory of Learning
Styles [15] is used to set the hypotheses. Although the
strategies “external regulation” and “analyzing” as measured
through the Inventory of Learning Styles [15] are rather
weak (Cronbach’s alfa for regular students range between .48
and .68) they will be incorporated in the current study for
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reasons of completeness. However, their reliability will be
checked again.

Students with an external regulated and surface-oriented
study strategy process the subject matter in a superficial
way by analyzing the content on details and memorizing
and rehearsing this information [14, 15]. These students
regulate their learning externally which implies according
to Vermunts’ model [15] that they use the devices that are
provided by instruction. Although this argument counts for
support devices that are integrated into the content and
tasks (embedded devices), it is questionable if this argument
counts for tools, which are nonembedded devices [21]. In the
case of embedded devices the support can hardly be avoided
once a learner engages with the content and the learning
tasks [21]. In the case of nonembedded devices or tools,
learners have to decide when and how they will use these
tools. Hence, using tools presupposes self-regulation skills
[21] such as metacognitive monitoring and control [22].
Given this difference, it is expected that only self-regulated
learners will use the tools in a way as intended (cf. infra).
External regulated learners on the other hand will use a
limited amount of tools and will use them in a superficial
way. Given their focus on memorizing and rehearsing, these
students will select tools that are related to the examined
subject matter such as basic information tools that structure
the content that has to be learned. Furthermore, they
will avoid tools that elaborate their knowledge, that are
elaborated information tools and tools that induce higher
order learning, that is, cognitive tools.

Students with a self-regulated, deep oriented study strategy
process the subject matter in a deep manner by relating and
structuring the subject matter and by critically processing
the information. These students are focused on connecting
different parts of the learning content and organizing these
parts into an organized whole [14]. Additionally, these stu-
dents aim to do something with the content material in order
to process this material critically [14]. In addition to these
processing strategies, students self-regulate their learning
which implies that (a) they prepare their learning process,
(b) they diagnose if the learning activities progress into
an intended direction, (c) they change the original plan if
necessary, and (d) they evaluate and reflect on their learning
process [14, 15]. In line with this profile, it can be expected
that these students will use the available CMS tools in an
adaptive way since these tools structure, elaborate, and allow
critical reflection of the subject matter. Particularly, students
will use cognitive processing tools in order to organize the
information into a whole and to prepare their learning.
Furthermore, these students will use basic information tools
since these tools allow them to orient themselves to the main
structure of the subject matter. Moreover, they will also use
elaborated information tools since these tools allow them
to relate new information to their existing knowledge. In
order to diagnose their learning process these students will
use the knowledge modeling tools frequently and intensively
(longer) since they aim to focus on their state-of-the art
knowledge in relation to the course objectives. In order
to critically process the information and to monitor their
learning, communication tools will be used actively, that is,

posting messages since this allows students to reflect on the
subject matter, to monitor their understanding, to ask for
help if necessary, and to reflect on the current understanding.

Students with an undirected study strategy lack regulation
of their learning processes. These students have difficulties
with regulating their learning themselves. Furthermore, these
students have difficulties with regulating their learning ex-
ternally, that is, although they are strongly focused on the
available learning support it remains unclear for them how
these devices can support their learning. Furthermore, these
students are strongly focused on factual information, they
avoid questions and assignments that deal with comprehen-
sion and application [14]. In line with this study strategy,
it can be expected that these students will use most of the
available tools within a course. However, they will use them
in a superficial way in contrast to students with a self-
regulated, deep oriented study strategy. Specifically, they will
use the knowledge modeling tools shortly since they are
mainly focused on the questions and the correct answers.
Moreover, they will avoid knowledge modeling tools that
deal with comprehending and applying the course content
since these tools are less straightforward. In addition to this,
these students will use the communication tools passively,
that is, they will merely read messages. In this way, the
discussion board will not be used to reflect and discuss the
course content. Furthermore, they will use the conceptual
scaffolding tools frequently and intensively since these tools
provide guidance on what to consider.

Finally, an application-directed study strategy is focused
on processing the subject matter in a concrete way. Specifi-
cally, these students seek the relevance of the subject matter
in the outer world. Furthermore, these students reflect on the
subject matter in terms of personal relevance [14, 15]. Given
this processing strategy, it can be expected that they will
use information tools that elaborate on the course content
with practical examples since these tools allow learners to
make connections with the outer world. Additionally, it can
be expected that these students will use the communication
tools actively by posting content-related messages. This tool
use allows learners to reflect on the course content in terms
of personal relevance.

3. Method

3.1. Participants. Participants were first-year Educational
Sciences undergraduates (n = 182) at the K.U.Leuven. There
were 93% woman and 7% men. Most of the students (63%)
were 18 years old. The distributions in gender and age
represent the demographics of the whole cohort of and are
typical for Flemish Educational Sciences courses.

3.2. The Blended Course

3.2.1. Content. At the K. U. Leuven, “Learning and Instruc-
tion” is a first-year bachelor course at the department of
Educational Sciences. The course is a theoretical course that
gives an introduction into the field of educational sciences.
The course content consists out of two parts: a theoretical
introduction into the main concepts and an expansion
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of these concepts. The last part consists out of different
scientific contributions that relate to the main concepts.

3.2.2. Learning Tasks. Students’ learning was assessed by an
exam and an assignment. The exam consisted out of three
parts that measured different aspects of students’ learning.
The first part “the factual items” contained items wherein
students had to reproduce their knowledge of the course con-
tent. The second part “the comprehension items” consisted
out of items that forced students to relate different aspects of
the course content to each other. The last part “the applica-
tion items” required students to interpret specific situations
in terms of the course content. The assignment consisted
out of an educational proposition. For this assignment,
students had to apply their content knowledge into critical
arguments regarding their agreement or disagreement with
the proposition.

3.2.3. Tools. Additional to the syllabus, a series of lectures, a
team of support staff and a CMS were at students’ disposal.
The lectures provided the course content in a structured
way and hence aimed at supporting students’ information
retrieving needs. The support staff organized three learning
support sessions that students could attend voluntarily.
Students could also prepare themselves (voluntarily) to the
sessions by making a preparatory assignment before each
session.

The CMS was version 9 of Blackboard. The access and
the use of the learning environment were under student
control. A variety of learning support was available on the
course. First of all, there was administrative information
about the course (e.g., course info, the announcements).
Second, different information tools were available (e.g., the
course material outlines and the web lectures) that provided
the content in a structured way and thus strived to support
students’ information retrieving needs. Third, information
tools that elaborated on the course content were available
(e.g., web links). They provided different content applica-
tions and hence supported students in comprehending and
applying the course content. Fourth, knowledge-modeling
tools were available (i.e., practice quiz and exercises) that
allowed students to reflect on their knowledge and on the
course requirements. Fifth, there was an opportunity for
collaboration and communication with peers, instructor,
and the course content, that is, discussion board. The dis-
cussion board supported students in critically reflecting and
comprehending the course content. Sixth, there was a plan-
ning available that revealed how knowledge and learning
were structured throughout the course. Finally, there were
some conceptual scaffolds (e.g., study tips, feedback on
practice quizzes) that guided students’ attention and gave
metacognitive feedback with respect to study strategies.

3.3. Measurement Instruments

3.3.1. Tool Use. Information on use of the digital (CMS)
tools was collected through logging students’ actions in the
Blackboard course. Table 2 presents the tool-use variables
that were used in this study.

Table 2: Tool-use variables.

Digital (CMS) tools

Use of communication tool: discussion board

# messages read

# messages posted

Type of message (content-intrapersonal-technical)

Cognitive processing tool: planning

# access

Use of knowledge modeling tool Quiz1

# quiz attempts

Mean time on quiz 1

Use of knowledge modeling tool Quiz2

# quiz attempts

Mean time on quiz 2

Use of knowledge modeling tool Exercises

Exercises (2) (made or not)

Use of information tool: web links

# web links viewed

Mean time on web links

Use of conceptual scaffold tool

# downloads of learning support

# download of study support

Use of conceptual scaffold tool: Quiz1 feedback

# access

Mean time on feedback

Use of information tool: outlines

# views course material X

Use of information tool: web lectures

# views web lectures

Mean time on web lectures

Way of processing web lectures (unpause or strategic)

3.3.2. Study Strategies. Students’ study strategies were mea-
sured with the Inventory of Learning Strategies (ILSs) of
Vermunt [15]. The ILS includes four domains of learning,
two of which were considered relevant: processing strategies
and regulation strategies (together they define a study
strategy). The selected part of the instrument consisted out of
50 items, all of which described learning activities. Normally,
the ILS asks students to report about their usual way of
learning [16]. For the study’s purpose, the instructions asked
students to indicate the learning strategies adopted in the
course “Learning and Instruction”. Specifically, students had
to indicate the degree to which they agreed with a given
strategy on a six-point Likert scale (1 = totally disagree; 6 =
totally agree).

3.4. Procedure. Students’ tool use was logged throughout
the course “Learning & Instruction” starting at the moment
the course started until the final course exam. Students’
study strategies were surveyed during the third lecture of the
course. At this point, students had already some experience
with the course and its’ requirements which allowed them
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Table 3: Reliability processing and regulation strategies.

Subscale Cronbach’s alpha

Relating & structuring .85

Critical thinking .74

Memorizing & rsehearsing .70

Analyzing .60

Concrete processing .80

Self-regulation: process and result .72

Self-regulation: content .74

Self-regulation (content + process and result) .78

External-regulation: process .62

External regulation: result .63

Lack of regulation .71

to estimate their study strategies more accurately than at the
very beginning of the course.

3.5. Quality of Analyses. Quality of analyses was guaranteed
by investigating the reliability of Vermunts’ questionnaire.
Reliability refers to the extent to which the constructs are
free from error and yield consistent results [23]. In this
study, Cronbach’s alpha was used to measure the internal
consistency of the different strategies. The Cronbach’s alphas
for the different strategies are presented in Table 3. Results
reveal that the items measuring “analyzing”, “external reg-
ulation: process,” and “external regulation: result” are not
reliable since their Cronbach’s alpha is below the threshold
of .70 [23]. As indicated in the theoretical framework, these
constructs also had weak alpha values in the research of
Vermunt [15]. Therefore, they will be excluded from the
further analyses.

The validity of Vermunts’ questionnaire was a part of the
main analysis, that is, cluster analysis, as depicted below.

3.6. Analysis. K-means cluster analysis was performed in R
on the (standardized) tool use and study strategy variables in
order to investigate if student differences in tool and strategy
use reflect distinct profiles. K-means cluster solutions with
two to ten clusters were fitted using 1000 restarts (for
a discussion of the use of K-means cluster analysis, see
[24]). The optimal cluster solution was selected based on
the scree plot in which the number of clusters is plotted
against the sum of squared residuals. This measure decreased
monotonically, but at some point this decrease, flattened
markedly. The location of such an “elbow” was selected as
the appropriate cluster solution [25].

The different clusters were further defined in terms of
the study strategies and the tool use that they represent.
In this respect, a multivariate analysis of variance with the
cluster solution as independent and the clustered variables
as dependent variables was performed. Particularly, results
from the Pairwise comparisons were used in order to define
the different clusters. These cluster profiles were used to
investigate the study’s hypotheses.

4. Results

4.1. Descriptive Statistics. Table 4 presents the descriptive
statistics of tendency and distribution of students’ tool use.
Tendency values indicate that tools were not very often
used. Nevertheless, the standard deviations are in most cases
very high which indicates large individual differences among
students. Furthermore, data for a majority of the tool-use
variables is highly and positively skewed which implies that
the bulk of values lies to the left of the mean. Consequently,
most students had tool-use values that were lower than the
means. Clearly, the descriptive statistics indicate that tools
were hardly by students.

Table 5 depicts the values of tendency for each processing
and regulation strategy. Descriptives reveal that students
report on average processing strategies such as relating
and structuring, memorizing and rehearsing, and concrete
processing. On average, students report less self-regulation
strategies, lack of regulation strategies, and critical thinking
strategies.

4.2. Strategy-Related Bases of Students’ Tool Use. A four-
cluster solution was selected after two K-means cluster
analyses. At a four-cluster solution a slight elbow could be
seen in the scree plot. This elbow indicates the most optimal
cluster solution wherein the distances between the cluster
centroids over the distances between the cluster members
were at their maximum.

Multivariate analysis of variance, with the four-cluster
solution as independent and the clustered variables as depen-
dent variables revealed that these four clusters had a different
profile, Wilks’ λ = .03, F(78, 458) = 13.47, P = .00, η2 = .70.
Table 6 depicts the cluster centroids for the four different
clusters together with the results of the tests of between
subjects (p-level, .05). For some tools, the univariate tests
were not significant, indicating that all clusters did not differ
significantly on this particular tool. In some cases, however,
for example, weblectures (timing), post-hoc comparisons
still reveal some significant differences among particular
clusters. In these cases, this information is given in the last
column.

Students in cluster 1 (n = 72) scored significantly lower
on the different processing and regulation strategies, P ≤ .05,
than the other clusters in the post-hoc tests. Students in
cluster 1 did not use the discussion board and the web links in
comparison with students in cluster 4, P ≤ .05. Except for the
web lectures, they did not use the other tools in comparison
with students from the other clusters, P ≤ .05.

Students in cluster 2 (n = 47) scored significantly higher
for lack of regulation in comparison with the other clusters,
P ≤ .05. In comparison with students in cluster 1, students
in cluster 2 used the course outlines, the study support,
the first-practice quiz, and the feedback on the first-practice
quiz more frequently, P ≤ .05. Furthermore, they used the
feedback on the first-practice quiz longer in comparison with
students in cluster 1, P ≤ .05. In comparison with students
in cluster 1 and cluster 3, they read more messages on the
discussion board and used the learning support and the
second-practice quiz more frequently, P ≤ .05. Additionally,
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Table 4: Tool use descriptive.

Tool M (SD)
Skewness

(S.E. = .18)
Kurtosis

(S.E. = .35)

Outlines 3.32 (.85) −1.20 .78

Web lectures (frequency) 9.96 (19.10) 3.58 14.29

Web lectures (timing) 624.27 (735.44) 1.69 3.48

Web lectures (nonstop view) 36.42 (38.85) .63 −1.14

Web lectures (strategic view) 37.25 (39.33) .38 −1.48

Weblinks (frequency) 1.53 (3.34) 3.04 10.01

Weblinks (timing) 116.79 (517.23) 6.25 43.69

Planning 4.32 (3.35) 1.61 3.76

Discussion board (read) 14.57 (21.75) 1.95 3.73

Discussion board (post) .23 (1.17) 7.87 69.52

Discussion board (content related) .20 (.92) 7.73 72.06

Quiz 1 (frequency) 1.40 (1.20) .81 .54

Quiz 1 (timing) 2242.13 (4959.52) 3.92 16.76

Quiz 2 (frequency) .97 (1.02) .87 .06

Quiz 2 (timing) 846.76 (2706.27) 8.65 93.22

Feedback quiz 1 (frequency) .41 (.83) 2.37 5.65

Feedback quiz 1 (timing) 336.60 (3058.54) 12.98 173.86

Study support (frequency) .52 (.64) 1.10 1.22

Learning support (frequency) 3.27 (2.30) .78 .53

Table 5: Study strategy descriptive.

Strategy M (SD)

Relating & structuring 4.20 (.69)

Critical thinking 3.54 (.77)

Concrete processing 4.03 (.77)

Self-regulation 3.40 (.60)

Memo and rehearsing 4.05 (.71)

Lack ofs regulation 3.36 (.70)

students in cluster 2 watched the web lectures for a shorter
time but watched them more in a nonstop way in comparison
with cluster 3, P ≤ .05. Students in cluster 2 did not use the
web links and did not post messages on the discussion board
in comparison with students in cluster 4, P ≤ .05. Finally,
students in cluster 2 spent most time in the feedback on the
first-practice quiz.

Students in cluster 3 (n = 45) scored significantly higher
on relating and structuring, on critical thinking, on concrete
processing, and on self-regulation than students in cluster 2
and cluster 1, P ≤ .05. Furthermore, they scored significantly
higher on memorizing and rehearsing than all the other
clusters, P ≤ .05. Students in cluster 3 accessed the course
outlines more than students in cluster 1, P ≤ .05. Students
in cluster 3 watched the web-lectures for a longer time and
watched them more strategically in comparison with cluster
2, P ≤ .05. Students in cluster 3 did not use the web links, the
communication tools, and the planning in comparison with
students in cluster 4, P ≤ .05. Additionally, they accessed the

two-practice quizzes less frequent than students in cluster
4, P ≤ .05. Although they used the study support and the
learning support more than student in cluster 1, they did not
use them as frequently as students in cluster 2 and cluster 4,
P ≤ .05. Finally, they did not use the feedback on the practice
quiz in comparison with students in cluster 2 and cluster 4.

Students in cluster 4 (n = 18) scored significantly higher
on critical thinking, on concrete processing, and on self-
regulation than students in cluster 2 and cluster 1, P ≤ .05.
Students in cluster 4 used the web links (frequency and
timing), the discussion board, and the planning significantly
more frequent and intense than the other clusters, P ≤ .05.
Additionally, students in cluster 4 used the learning support,
the study support, the feedback on quiz 1, and the practice
quizzes more frequently than students in cluster 1 and cluster
3, P ≤ .05. Descriptives reveal that they used the second-
practice quiz longer and the feedback on quiz 1 shorter than
students in cluster 2.

5. Discussion

This study investigated the strategy-related bases of students’
tool use within a CMS supported course. Following the
model as depicted by Perkins [10] and Winne [11], it was
argued that tool use is possibly an observable trace of
students’ strategy use since it is an informed decision based
on (a) students’ interpretation of the course context, (b)
students’ tool-use skills, and (c) students’ motivation. The
results of this study are in line with this argument; four
different profiles were revealed that reflected different tool
and strategy use among students.
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Table 6: Cluster profiles.

C1 C2 C3 C4 F-test

Web lecture (timing) .09 (1.18) −.35 (.80) .18 (1.00) .03 (.72)
F(3, 178) = 2.54, P = .05, η2 = .04
C2 < C3, P ≤ .05

Web lecture (nonstop) −.06 (1.02) .27 (1.11) −.16 (.96) .17 (.87)
F(3, 178) = 1.75, P = .16, η2 = .03
C3 < C2, P ≤ .05

Web lecture (strategic) .02 (1.05) −.36 (.86) .06 (1.05) .08 (.85)
F(3, 178) = 1.94, P = .12, η2 = .03
C2 < C1, C3, P ≤ .05

Course outlines −.52 (1.16) .51 (.51) .27 (.64) .66 (.38) F(3, 178) = 19.52, P = .00, η2 = .25

Web links (timing) −.20 (.22) −.22 (.06) .17 (1.34) 1.01 (2.22) F(3, 178) = 8.81, P = .00, η2 = .13

Web links (freq) −.30 (.37) −.27 (.34) −.26 (.29) 2.70 (1.24)
F(3, 178) = 190.09, P = .00,
η2 = .76

Messages read −.40 (.60) .48 (.97) −.30 (.47) 1.45 (1.62) F(3, 178) = 30.96, P = .00, η2 = .34

Messages post −.07 (.91) .02 (.63) −.11 (.42) .61 (2.40)
F(3, 178) = 2.41, P = .06, η2 = .04
C4 > C1, C2, C3, P ≤ .05

Content messages −.10 (.66) .04 (.76) −.09 (.53) .69 (2.56) F(3,178) = 3.23, P = .02, η2 = .05

Preparation learning session −.48 (.75) .23 (.98) .37 (1.04) .57 (1.09) F(3, 178) = 12.18, P = .00, η2 = .17

Learning support online −.54 (.73) .50 (1.21) .02 (.79) .89 (.77) F(3, 178) = 19.64, P = .00, η2 = .25

Study support −.59 (.55) .43 (1.13) .17 (.90) .84 (1.13) F(3, 178) = 20.61, P = .00, η2 = .26

Feedback quiz 1 (freq) −.27 (.74) .17 (1.03) −.04 (.86) .64 (1.57) F(3, 178) = 5.26, P = .00, η2 = .08

Feedback quiz 1 (timing) −.10 (.04) .27 (2.01) −.09 (.08) −.02 (.15)
F(3, 178) = 1.41, P = .24, η2 = .02
C1 < C2, P ≤ .05

Planning −.40 (.37) .14 (.81) .01 (.92) 1.23 (1.61) F(3, 178) = 16.04, P = .00, η2 = .21

Exercises −.26 (1.32) −.01 (.91) .20 (.87) .64 (1.04) F(3, 178) = 3.01, P = .03, η2 = .05

Quiz 1 (freq) −.61 (.70) .62 (.94) .20 (.87) .64 (1.04) F(3, 178) = 25.37, P = .00, η2 = .30

Quiz 1 (timing) −.33 (.33) .33 (1.29) .13 (1.09) .28 (1.48) F(3, 178) = 5.05, P = .00, η2 = .08

Quiz 2 (freq) −.59 (.63) .59 (1.02) .12 (.94) .68 (1.07) F(3, 178) = 22.36, P = .00, η2 = .27

Quiz 2 (timing) −.18 (.53) .09 (.59) .14 (1.76) .25 (.92) F(3, 178) = 1.51, P = .21, η2 = .03

Relating and structuring −.48 (1.01) −.20 (.63) .90 (.72) .02 (.85) F(3, 178) = 25.88, P = .00, η2 = .30

Critical thinking −.39 (.97) −.33 (.64) .79 (.82) .25 (.75) F(3, 178) = 21.65, P = .00, η2 = .27

Concrete processing −.28 (1.05) −.42 (.76) .72 (.78) .23 (.83) F(3, 178) = 15.70, P = .00, η2 = .21

Self-regulation −.56 (.83) −.21 (.75) .81 (.91) .36 (.76) F(3, 178) = 27.23, P = .00, η2 = .32

Memorizing & rehearsing −.29 (.95) −.06 (1.06) .52 (.89) .13 (1.01) F(3, 178) = 6.57, P = .00, η2 = .10

Lack of regulation .00 (1.10) .36 (.91) −.37 (.73) −.23 (.72) F(3, 178) = 5.01, P = .00, η2 = .08

Moreover, two clusters revealed a tool-use pattern that
was associated with their reported strategies. Specifically,
students in cluster 2 reported a lack of regulation strate-
gies. According to Vermunt [14, 15], these students have
difficulties with interpreting what is expected from them.
Therefore, they are strongly focused on the support that
is provided by instruction although they are not able to
use them in a meaningful way. Moreover, they are directed
towards factual information and look for “hints” within the
support [14]. Students in cluster 2 revealed a tool-use pattern
that reflected this behavioral profile. Specifically, students in
cluster 2 accessed all the available tools except the web links.
It is not a surprise that students in cluster 2 ignored the
web links since these tools elaborated on the course content.
Hence, web links would distract students from their focus on
factual information. Although students in cluster 2 used all
the other tools, they merely used them in a superficial way.
Specifically, the web lectures were used shortly and mainly
in a nonstop way. Students merely started the web lectures

and quickly stopped it which indicates that the web lectures
were not used for specific learner-related goals. Furthermore,
students were mainly passive users of the discussion board,
that is, they read messages without contributing to the
ongoing discussion. Clearly, these students did not use the
discussion board as a tool to critically reflect and discuss on
the course content. Students in cluster 2 used the feedback
on the first-practice quiz very intensively which reflects that
they were looking for exam hints instead of reflecting on their
deficits in knowledge. In contrast to the first-practice quiz,
these students used the second-practice quiz only shortly.
The fact that the second-practice quiz consisted out of open
questions that were less straight forward could explain why
these students did not put effort in using them. Hence,
although students in cluster 2 were directed towards the
available tools, their superficial tool use reflects that they
were not sure how to use them adequately which reflects their
lack of regulation. Consequently, students in cluster 2 can be
labeled as the disorganized students.
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Students in cluster 4 reported concrete processing, criti-
cal thinking and self-regulation strategies, three components
of a self-regulated and deep oriented study strategy [15].
Furthermore, these students revealed the expected tool-use
pattern that was associated with a self-regulated and deep
oriented study strategy. Specifically, self-regulated and deep
oriented students are directed towards a deep processing of
the course content by relating and structuring the different
parts, by looking for practice applications, and by critically
reflecting on the course content [14, 15]. Therefore they will
consult nonprescribed literature to deepen their interest, to
better understand the topic, and to broaden their view. Fur-
thermore, they will ask questions about the course content
and will assess their knowledge frequently [14]. In line with
this profile, students in cluster 4 accessed all the available
tools and used them in a meaningful way in contrast to
cluster 2 (cf. supra). Particularly, students in cluster 4 used
the web links frequently and intensively since these tools
allowed them to broaden their understanding of the course
content. Students in cluster 4 used the discussion board also
actively, that is, they posted content-related messages on
the forum. In this way, these students discussed the course
content and hence processed the material critically. In line
with this critical processing, students in cluster 4 used the
two-practice quizzes frequently and intensively. Hence, they
assessed and reflected on their knowledge and on the course
objectives. As a tool for self-regulated learning, students
in cluster 4 consulted the planning more frequently than
the other students. In this way, they were able to have an
overview over the way content was built up throughout the
course. Finally, students in cluster 4 watched the web lectures
in a strategic way which involves that they used these
information tools for specific goals. In addition to these
differences with cluster 2, these students used the scaffolding
tools and the course outlines. Consequently, cluster 4 reflects
a group of self-regulated and deep oriented students.

Nevertheless, results are also inconsistent with the study’s
hypotheses. Two other clusters were retrieved wherein stu-
dents’ tool use did not match their reported study strategy.
Most of the students were part of cluster 1. Students in
cluster 1 did not report a specific study strategy nor did
they engage in a particular tool use except for the web
lectures. This cluster does not reflect a clear profile in terms
of tool and strategy use. Therefore, students from cluster 1
are labeled the undefined students. These undefined students
neglected the available tools which correspond to findings
from multiple studies that investigated students’ tool use in
computer-based learning environments. In multiple studies,
tools were not used when students had control over using
them (see review [26]). Again, this evidence stresses that
providing a toolset will not guarantee its’ use. Interestingly,
the current study revealed that this group of no-users had
no specific preference regarding their study strategies within
the course “Learning and Instruction”. Our study, therefore,
identifies a group of students without any preferences. This
is in clear contrast with the other studies using the ILS of
Vermunt (e.g., [17–20]).

Students in cluster 3 reported a memorizing and re-
hearsing strategy, a component of a surface-oriented study

strategy, together with a self-regulated and deep oriented
study strategy such as cluster 4. According to Vermunt’s
model [15], this combination is not necessarily a problem
since self-regulated and deep oriented students can also
engage in “lower” order strategies such as memorizing and
rehearsing. Surface-oriented students are, however, restricted
to these “lower” order strategies [15]. Consequently, students
from cluster 3 should also engage in deep-oriented strategies.
Nevertheless, students’ tool use in cluster 3 reflected a
surface-oriented study strategy. Particularly, surface-oriented
students are highly selective and restricted to the examined
subject matter [14]. In line with this orientation, it was
found that students in cluster 3 were selective in their
tool use. Moreover, students in cluster 3 used tools with
an explicit link to the face-to-face context, that are, the
course outlines, the web-lectures, the study support, and
the learning support. Specifically, the outlines structured
the face-to-face lectures and the web lectures recorded
them. The study support and the learning support were
related to the face-to-face support sessions. Additionally,
students in cluster 3 used the two-practice quizzes although
their use was very short, possibly too short to speak of
a meaningful use. This tool use is again in line with the
behavioral profile of surface-oriented students [14]. Surface-
oriented students engage superficially in learning tasks and
in practice quizzes, they mainly check if they can answer the
questions without actually doing so [14]. Hence, results also
revealed that although students in cluster 3 reported similar
study strategies as students in cluster 4, they revealed an
inconsistent tool-use pattern. Moreover, they revealed a tool-
use pattern that reflected a surface-oriented study strategy
despite the fact that these students reported mainly a self-
regulated and deep oriented study strategy. Consequently,
students from cluster 3 are labeled the inconsistent students.
However, how can this inconsistency be explained?

A first explanation could be the grain size of the
questionnaire that caused this inconsistency. Particularly, the
questionnaire asked students to indicate their study strategies
within the course “Learning and Instruction”. Courses are,
however, not one dimensional, they include various learning
tasks that can possibly trigger other study strategies [27, 28].
As for “Learning and Instruction”, students had to make
a multiple-choice exam, an open book exam, and an
assignment wherefore they had to write an essay. Given
these different learning tasks, it is possible that students
changed their initial study strategies as a function of each
learning task. This temporal development could explain why
inconsistent students did not reveal a tool-use pattern that
was in line with what they initially reported. It is possible
that students changed their strategy use throughout the
course from a self-regulated, deep oriented study strategy to a
surface-oriented study strategy. Empirical evidence supports
this explanation. In a study of Hadwin et al. [29] it was
found that students’ self-report of study strategies differed
as a function of the tasks within the course. Nevertheless,
even if the inconsistent students have changed their initial
strategies throughout the course, some behavioral residue
of their initial strategy should have been noticed in the log
data. Particularly, since the study collected log files from
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the beginning until the end of the course. However, no
behavioral residue could be found in the data, hence this first
explanation is possibly not valid.

A second explanation could be that the inconsistent stu-
dents had misfitting instructional conceptions regarding the
tool’s functionality in comparison with self-regulated and
deep oriented students. As stated in the introduction, tool
use presupposes also students’ ideas about the tool function-
alities [10, 11]. The latter refers to the cognitive mediation
paradigm that postulates that students do not simply react to
objective instructional stimuli but to interpreted stimuli [30–
33]. Consequently, students’ ideas about the instructional
stimuli will define the kind of behavior students reveal
[34]. In line with this paradigm, multiple studies have
revealed that students’ instructional ideas influence students’
learning activities in general [35, 36] and students tool use
in particular [37–39]. In line with this rational, it is hence
possible that the inconsistent students did not use the toolset
because they did not perceive the available tools as supportive
for critical thinking, for concrete processing, and for relating
and structuring. Possibly, they used thus other tools in order
to process the material in a self-regulated and deep way for
example a social network site to discuss, Google to look for
elaborated information, and graduate students to assess and
reflect on their knowledge.

A final explanation relates to students’ capacity to report
accurately their strategy use within a course. Inconsistent
students possibly overestimated their self-regulated and deep
oriented study strategies given the fact that their tool
use reflects another study strategy. Already in the 90s,
Collopy [40] revealed that managers’ self-reported use of the
computer did not reflect their use as tracked through log
files. Managers tended to report more use of the computer
than they actually did. According to the researcher, this result
could be generalized to all kinds of self-reports which are
characterized by a structural response bias. The latter refers
to the sensitivity of respondents to the cultural norms behind
the questionnaire which leads to socially desired responses
[40]. Empirical evidence for his statement can be found in
the field of educational sciences as well. In a twofold study
of Winne and Jamieson-Noel [22, 41] students’ calibration
between their self-reports and their actual study tactics
within an online learning environment was investigated.
Results were conclusive that students tended to report more
study tactics than they actually used within the learning
environment [22, 41]. The researchers concluded that stu-
dents were not very accurate at calibrating their thoughts
about their actions and their actual actions. A review study
of Dunning et al. [42] also indicated that in most studies
students tend to overestimate their achievement and learning
skills. Clearly this amount of evidence suggests that the third
explanation is highly possible as well.

The groups of undefined and inconsistent students call
for more research. First of all, more research is necessary that
replicates the current study in order to find out if similar
profiles can be retrieved in other CMS-supported courses.
The existence of similar patterns would strengthen our
results in terms of external validity. Secondly, future research
needs to address the empirical validity of the explanations

that were given for the groups of undefined and inconsistent
users. With respect to the undefined users, future research is
needed to find out whether these students were not conscious
regarding their strategy use instead of lacking strategy use. As
Lompscher [43] pointed out, questionnaires measure strate-
gies and behavior merely at the reflective instead of the action
level. With respect to the inconsistent users, it was suggested
in the first place that students’ ideas regarding the CMS tools
could possibly explain their tool use. Future research should
validate this explanation by investigating how students’
instructional ideas on CMS tools influence tool use within
CMSs. More insight would be meaningful for instructional
design. Particularly, it would provide cues in order to
adapt CMSs to students’ misconceptions regarding the tool
functionalities. In a second instance, it was suggested that
inconsistent students were not accurate in reporting their
strategy use. In order to empirically validate this explanation,
further analyses are necessary on students’ response patterns
within the ILS. If it would be the case that inconsistent
students overestimated their self-regulated and deep oriented
study strategies, then these results could trigger an interesting
discussion about the value of self-reports in strategy use.
Particularly, one can wonder how valid these questionnaires
are in order to investigate students’ learning behavior? In
what way do these questionnaires reflect either students’
behavior or students’ cognition regarding their behavior
[22]? Additionally, in what way is miscalibration between
students’ cognition and behavior important for students’
learning effectiveness? Further research should address these
questions.

The results must be interpreted in light of some limi-
tations. The current study should be mainly interpreted as
an attempt to explore and link behavioral indicators, that
is, CMS tool-use with reported processing strategies. As
suggested above, the generalizability of the study is limited
as it was conducted at a single institution and upon students
of a single course. Hence, it remains unclear if similar clusters
of study strategies and tool use can be expected among
other courses with other student populations. Secondly, the
current contribution captured students’ study strategies and
tool use as two stable things by measuring both at one
time point. Students’ study strategies were measured at the
beginning of the course, hence it was not clear from the
current data how students changed their strategy reports
throughout the course. With respect to students’ tool use,
log files retrieved an unobtrusive insight into the tools
that students used and the way these tools were used.
Nevertheless, the moment tools were selected and used
throughout the course remains unclear. A final limitation
relates to the learning effects of students’ profile. The current
study did not investigate whether the different profiles in
terms of tool and strategy use affected students’ learning. In
addition to existing CMS research, the current study focused
merely on students’ tool use differences within CMSs and the
strategy-related bases of these tool use differences.

Despite these limitations, the current contribution has
some interesting implications for instructional design and
study strategy research. For study strategy research, our
results provide interesting methodological perspectives. The
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fact that different study strategies were reflected in distinct
observable traces, that is, disorganized, self-regulated, and
deep oriented students, provides possibilities for measuring
students’ study strategies with behavioral measurement tech-
niques. The benefit of these kind of measurement techniques
is that they are unobtrusive, that is, students’ study strategies
are captured without interfering into students’ ongoing
behavior. From an instructional design perspective, these
results stress that it cannot be assumed that a rich toolset will
be automatically used in ways as intended by their designers.
Although there are theoretical arguments in favor of learner
control in tool use [44, 45], this study revealed that there is
a group of students, that is, the disorganized students, who
are aware of the learning support but are not able to use it
meaningfully. This result suggests that the degree of learner
control in CMSs needs to be adapted to students’ regulative
capacities. Particularly, students who report a “lack of
regulation” need metacognitive and procedural guidance in
order to learn to use the available tools in a meaningful way.
The current study revealed that a self-reported questionnaire
could indicate such students.
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