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Abstract As theory and research in self-regulated learning (SRL) advance, debate continues
about how to measure SRL as strategic, fine-grained, dynamic adaptations learners make
during and between study sessions. Recognizing learners’ perceptions are critical to the
strategic adaptations they make during studying, this research examined the unique contribu-
tions of self-report data for understanding regulation as it develops over time. Data included (a)
scores on the Regulation of Learning Questionnaire (RLQ) completed in the first and last few
weeks of a 13-week course and (b) diary-like Weekly Reflections completed over 11 weeks.
Participants were 263 undergraduate students in a course about SRL. First, exploratory factor
analysis resulted in a five-factor model of the RLQ with factors labeled Task Understanding,
Goal Setting, Monitoring, Evaluating, and Adapting. Second, latent class analysis of Time 1
and 2 RLQ scores revealed four classes: emergent regulators, moderate regulators, high
regulators with emergent adapting, and high regulators. Finally, in-depth qualitative analysis
of Weekly Reflections resulted in group SRL profiles based on a sub-sample of participants
from each RLQ class. Qualitatively, these groups were labeled: unengaged regulators, active
regulators, struggling regulators, and emergent regulators. Quantitative and qualitative SRL
profiles were juxtaposed and similarities and differences discussed. This paper explicates and
discusses the critical importance of sampling self-reports of SRL over time and tasks partic-
ularly in contexts where regulation is developing.

Keywords Self-regulated learning . Self-report data . Metacognition

The past two decades have witnessed a proliferation of research on self-regulated learning
(SRL). Despite advancements in SRL theory and research, debate continues about how to
measure SRL, especially when defined as fine-grained, dynamic adaptations learners make
during and between study sessions (Winne and Hadwin 1998). For the most part, self-report
instruments have treated SRL as a disposition (Boekaerts and Corno 2005; Winne and Perry
2000). In contrast, SRL can be viewed as a series of events, where each event is a snapshot in
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time. Measuring SRL as an event means documenting SRL as it occurred in a particular task,
context, and study episode.

Attempts to measure SRL as an event, or a series of events, have shifted focus away from
self-report inventories and toward observation measures of SRL such as video records and
computer-generated traces (or logfiles) of inferred SRL actions (Azevedo et al. 2013; Hadwin
et al. 2004, 2007) and think aloud protocols (Azevedo 2005). This shift is due in part to the fact
that self-report inventories have failed to capture fine-grained adaptation, in terms of specific
learning events or actions that together comprise self-regulatory processes (Boekaerts and
Corno 2005; Pintrich et al. 2000; Winne et al. 2002; Winne and Perry 2000). However,
consistent with Nelson (1996), we posit self-perceptions are critical for understanding regula-
tory actions and decisions. Therefore, this study examines the use of two kinds of self-report
measures for capturing changes or adaptation in SRL processes over time, highlighting the
importance of SRL in context.

SRL framework

Self-regulated learners take an active approach to learning by planning, monitoring, and
adapting in order to reach self-set goals (Boekaerts and Corno 2005; Winne 1997, 2001;
Winne and Hadwin 1998; Zeidner et al. 2000; Zimmerman 1986, 1989), and several theoret-
ical models of SRL have been proposed (e.g., Boekaerts 1996, 2006; Boekaerts and Niemivirta
2000; Pintrich 2004; Winne and Hadwin 1998, 2008; Zimmerman 1989, 2000). Most SRL
models emphasize the importance of strategic approaches to learning that are intentional or
goal-driven, and adaptive (Puustinen and Pulkkinen 2001). While each model recognizes the
importance of planning, monitoring, and strategically engaging or adapting, they tend to
emphasize different facets of SRL. For example, Boekaerts’ (1996, 2006) model of adaptable
learning is noted for its attention to the interaction between metacognitive, motivational, and
emotional control systems. Pintrich (2000) emphasizes motivation, self-efficacy, and goal
orientation as critical features of SRL associated with four phases: forethought, monitoring,
control, and reflection. Zimmerman (1989, 2001) models SRL over three phases including
forethought, performance, and self-reflection with each phase comprising specific regulatory
processes such as: task analysis and self-motivation beliefs during the forethought phase, self-
control and self-observation as part of the performance phase, and self-judgment and self-
reaction comprising the self-reflection phase.

A limitation of these models is that they emphasize broader aspects of self-regulated
learning, rather than detailing specific mechanisms operating across phases and facets of
regulation. In contrast, Winne and Hadwin’s (1998, 2000) model of SRL details a common
cognitive architecture that accounts for interaction of a person’s conditions, operations,
products, evaluations, and standards (COPES) within and across phases of SRL. “Winne
and Hadwin’s model complements other SRL models by introducing a more complex de-
scription of the processes underlying each phase” (Greene and Azevedo 2007, p. 335).

Winne and Hadwin (1998) model SRL as unfolding over four loosely sequenced phases of
studying. From this perspective, SRL is a recursive cycle in which learners may revisit phases
in any order. Metacognitive monitoring and control are central components. In phase 1,
learners construct task perceptions that are internal representations of the task at hand. If
learners misperceive tasks, their engagement, monitoring, and control are likely to be
miscalibrated. Phase 2, goal setting and planning, involves translating task perceptions into
specific standards and plans for successful task completion. When learners set specific, clear,
proximal goals (McCardle et al. 2012; Zimmerman 2008), opportunities arise for more
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accurately monitoring and regulating as the task unfolds. In phase 3, learners put their plans
into action by engaging tactics and strategies for task enactment. For high quality learning,
students must match cognitive processing strategies to the task and to their goals for the task.
In phase 4, learners evaluate and adapt their studying. This is the reflective component of SRL
wherein learners respond to challenges, shortcomings, and failures during a study episode and
into future study episodes. This adaptive process in response to challenge is the essence of
productive self-regulation. It requires learners to monitor and evaluate progress against their
standards and to actively adapt or revise studying based on those evaluations. Successful
learners recognize and address problems as they study. By being metacognitively aware of
their studying, they experiment with methods of learning (Winne 1997, 2011).

Winne and Hadwin (1998) expand on the processes learners engage in each phase of SRL
with the COPES cognitive architecture. Conditions are the contexts that surround a learners’
work and can be both internal (e.g., cognitions, motivation, and affect) and external (e.g.,
environment, social aspects). Operations are the manipulations of information that create
mental products in each phase (i.e., perceptions of the task, goals, plans, task enactment status,
and adaptive responses). Products are created by operating on information or knowledge.
Products from each phase become the conditions for the following phase. Evaluation takes
place when learners compare products to the standards they have set. Learners evaluate and
regulate at the level of both phases and tasks. The potential of Winne and Hadwin’s model lies
in its ability to guide a nuanced and contextualized examination of learning (Greene and
Azevedo 2007). This creates a strong foundation for designing and examining the efficacy of a
self-report measure of self-regulatory processes sensitive to the ways SRL unfolds and changes
over time.

Measurement of SRL

Considering SRL from Winne and Hadwin’s (1998) model, three critical aspects influence
assessment design. First, regulation unfolds over time; as Winne and Perry (2000) describe it,
SRL can be viewed as an event. Popular self-report measures (e.g., LASSI, Weinstein et al.
1987; MSLQ, Pintrich et al. 1993; SBI, Bliss and Mueller 1993) have tended to measure SRL
as a disposition, prompting responders to aggregate responses across time. This provides
limited information to understand how learners make strategic decisions and small-grained
adaptations over time. Assessing SRL as an event means measuring SRL as it occurred in a
particular study episode, rather than learners’ perceptions of what they generally do (Patrick
and Middleton 2002).

Second, regulation is sensitive to context. Learners adjust what they do and how they study
depending upon task, self, and context conditions (Winne and Hadwin 1998). Hadwin, Winne,
Stockley, Nesbit, and Woszczyna (2001) found learners adjusted tactics, resources, and goals
in each of three separate learning tasks. Measures of SRL need to be sensitive to conditions
that influence learners’ regulatory decisions, yet many self-report inventories aggregate re-
sponses across different types of tasks (Patrick and Middleton 2002). For instance, contextual
frames for LASSI and MSLQ include varied task contexts, such as completing course
readings, studying for exams, and writing term papers.

Third, learners use more than strategy knowledge and application to productively self-
regulate. The specific tactics or strategies learners engage vary from task to task and goal to
goal. However, successful learners engage in regulatory processes regardless of the task or
goal. Existing self-report questionnaires have focused mainly on strategies learners use, such
as highlighting, elaborating or time use (e.g., Yang and Bliss 2014). Rather, the focus for
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measuring SRL needs to be on the regulatory processes learners engage, such as attempts to
unpack task descriptions and monitor learning.

From our perspective, assessing SRL requires measures that are sensitive to time, task, and
metacognitive processes. In addition, researching SRL needs to be done in authentic learning
situations that have meaning for learners and present real challenges, whether cognitive,
metacognitive, motivational, or behavioral. Knowing how students adjust studying when they
have just failed an economics midterm or how they tackle an essay when they are struggling
with procrastination reveals active regulation processes that arise in response to student-
centered challenges and authentic problems in their own learning milieu. Therefore, we posit
that understanding and providing timely SRL support requires more systematic assessment of
students’ challenges, experiences, and perceptions in authentic learning situations.

While several self-report measures exist and are used extensively in the literature, more
recent research has shifted to use of observation measures using observation protocols or
computer-generated traces of SRL that track learners’ actions in online material (Boekaerts and
Corno 2005; Hadwin et al. 2004). Trace data include logs of keystrokes and clicks, tracking
when learners click back to re-read a section, add notes or highlights, or check grades on a
quiz, for instance. This requires researchers to make inferences about learners’ intentions and
decision making processes that guide learners’ actions. The shift to objective observation
measures has been spawned in part by findings that reveal the inaccuracy, or poor calibration,
of student self-reports of learning (Hadwin et al. 2007). Winne and Jamieson-Noel (2002)
found that students overestimated their use of study tactics when compared to traces of their
actual tactic use. Furthermore, Winne and others (Winne 2010; Winne and Perry 2000; Winne
et al. 2011) argue self-reports are limited simply because they depend on human memory.
Learners base responses on (a) inaccurate recall of SRL products and processes, (b) an
incomplete and biased sample of experiences, (c) a variety of contexts, and (d) strategies they
know or believe to be effective rather than ones they actually engage (Winne et al. 2011). From
this perspective, relying on learners’ self-reports provides a skewed view of SRL on which to
base and modify theories and interventions, and a shift towards observation-based measures of
SRL is warranted.

However, consistent with Butler (2002), we argue self-reports provide important informa-
tion for examining and interpreting SRL even when the reports are inaccurate or skewed.
Learners’ perceptions are central when the object of inquiry is self-regulated learning. Self-
regulation refers to an individual’s capacity to respond adaptively during learning; learners use
their own monitoring judgments as a basis for control and regulation whether those judgments
are accurate (Nelson 1996; Winne and Hadwin 1998; Winne et al. 2011). Learners are not
always accurate in their judgments of learning (Nelson and Dunlosky 1991). Often they base
studying decisions on how readily they can recall information, failing to take into account
critical information such as delays between studying and testing that influence this evaluation
(Bjork et al. 2013). However, understanding self-regulated learning means understanding
learners’ perceptions of the ways they interpret and respond to tasks, set goals, monitor and
adapt learning in the context of those inaccurate evaluations.

In addition, a recent focus of SRL research has been on understanding SRL as an event. As
a result, many self-report measures have been criticized for emphasizing SRL as a disposition
under the assumption that self-report data are always dispositional in nature, requiring
respondents to aggregate data across time and context. However, several innovative self-
report approaches have been successfully employed to research SRL beyond its dispositional
characteristics. These include diaries (Schmitz et al. 2011), microanalysis (Cleary 2011), and
think aloud protocols (Greene et al. 2011). Each of these methods focuses on one specific
event and thus has the ability to capture evolutions in learners’ perceptions both during and
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across study sessions. These event-focused self-report approaches provide a much-needed
qualitative lens for understanding how learners regulate (Butler 2002; Patrick and Middleton
2002; Perry 2002). However, research has rarely combined data from multiple self-report
instruments to examine patterns in students’ perceptions and actions as regulatory responses to
unfolding learning situations.

The purpose of this study was to explore the use of two forms of self-report data to
understand SRL as it unfolds over time and context. We introduce the Regulation of
Learning Questionnaire as a questionnaire designed to be sensitive to time, context, and
metacognitive processes. Combining this with Weekly Reflection diary data, we examine
three interrelated research questions: (1) What components of SRL are captured by the
Regulation of Learning Questionnaire? (2) What quantitative patterns of regulatory engage-
ment emerge across one semester during which learners were enrolled in a course to improve
SRL? and (3) What patterns emerge when quantitative and qualitative self-report data are
combined?

Method

Participants

Participants were 263 students from a mid-sized, non-urban Canadian university. Students
were recruited from a first year, graded undergraduate course across three semesters.
Participants’ mean age was 19.5 years (57 % female). Participants came from a range of
faculties and disciplines. For 27 % of participants, this was their first semester enrolled in post-
secondary education.

Educational context

Data were collected in a 12-week academic course called Learning Strategies for University
Success about SRL processes and strategies, taught by members of our research team. Students
attended a weekly lecture and corresponding lab component for a total of 3 h of instruction a
week. The lecture taught about the four-phase cycle of SRL (Winne and Hadwin 1998), the
facets of SRL (cognition, behaviour, motivation/affect) and cognitive and behavioural strate-
gies for becoming a productive self-regulated learner. The lab engaged learners in guided
activities involving the application of regulatory strategies to regular academic work for
courses outside Learning Strategies. As such, students were required to be concurrently
registered in at least one other course. Of note, participants were strategically sampled from
a course where students were expected to demonstrate changes in their SRL over time in order
maximize variance in responses across participants and within participants over time. In other
words, this research intentionally strived to test instruments that would be sensitive to event-
based changes over time as well as student-based variability in SRL.

Measures

Regulation of learning questionnaire The Regulation of Learning Questionnaire (RLQ;
Hadwin 2009) is based on Winne and Hadwin’s (1998) model of SRL. It assessed participants’
perceptions of actions and strategies specific to key processes and phases associated with SRL:
task understanding, goal setting and planning, monitoring, evaluating, and adapting. Rather
than reporting on what they do generally, learners were instructed to think about a recent,

Self-report in self-regulated learning 47



particular study session for an exam and to respond based on that particular study session. In
order to be used in other task contexts (e.g., writing a paper, reading for class, note-taking
during a lecture), specific items may need to be modified.

Students’ instructions were, “Think of a recent study session you did for an upcoming test
or exam. When you answer the following questions think about that specific study session.”
Students focused on exam preparation and provided the name of the course for which they had
been studying. Learners responded to items on a 7-point Likert response scale anchored at 1
not at all true of me and 7 very true of me. This scale is consistent with those used in other
contemporary measures of studying (e.g., MSLQ).

The original RLQ comprised of 49 items targeting 5 a priori subscales: (a) Task
Understanding (11 items; B1-B11; e.g., figured out why I am being asked to know this stuff),
(b) Goal Setting and Planning (9 items; B12-B20; e.g., set goals that would be useful for
checking on my own progress as I studied), (c) Monitoring (9 items; A1-A9; e.g., asked myself
if I was remembering the material), (d) Evaluating (10 items; A10-A19; e.g., appraised or
estimated my progress), and (e) Regulating (10 items; A20-A29; e.g., switched to a different
strategy or studying process).

Weekly reflections Weekly Reflections were composed of two separate sections focused on (a)
reflecting on last week and (b) planning for this week (see Appendix A). The cycle began with
a planning section in the first lab where the focus was to set a goal for one study session in the
following week. In week 2, students started with the reflecting section and considered their
goal attainment and challenges in meeting their goal followed by completing another planning
section for the following week. The cycle continued over 12 weeks with each student
reflecting on the previous week’s goal accomplishment and planning for the upcoming week.
Though there were minor changes in the specific wording of items across the semesters, the
items were consistent in their focus and intent with respect to target regulatory processes.
Weekly Reflection diaries were anchored in participants’ authentic learning tasks in their other
course work that varied week to week.

Procedure

The institution’s Human Research Ethics Board approved all procedures. Students consented
to participate in research. Participants completed the RLQ online as a lab activity once during
the first 3 weeks of the semester (Time 1; n=244) and again in the last 2 weeks of the semester
(Time 2; n=221). Completion of the RLQ was required for a participation mark, but responses
were not graded. Students were given immediate feedback in the form of a profile of a priori
subscale scores and were required to use those scores to reflect on their own studying strengths
and weaknesses. Participants completed the Weekly Reflections at the beginning of each lab.
Completion of the Weekly Reflections was required for a participation mark, but the responses
were not evaluated.

Analysis and findings

Research question 1: what is the factor structure of the RLQ?

Analysis Normally, confirmatory factor analysis (CFA) is used to confirm a priori subscale
structure. However, CFA results in a previous study (McCardle et al. 2012) indicated poor
model fit for each subscale, with the exception of Goals and Planning. Thus for this study, a
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more exploratory approach was chosen to identify a set of latent constructs with exploratory
factor analysis (EFA). EFA was conducted in MPlus 6.12 (Muthén and Muthén 2010) using
maximum likelihood estimation. Promax rotation, an oblique rotation, was used as it allows
factors to correlate. This approach is consistent with theory positing that SRL phases are
related (Winne and Hadwin 1998) and expected to correlate. Time 1 and Time 2 data were
analyzed in separate models. Considering participants were in a course to improve SRL, we
expected there would be some differences in factor structure at these two data collection points.
We were interested in a factor structure that would allow researchers to capture changes in SRL
across time. Goodness of fit was assessed using the following indices and their suggested
values for good model fit: p-value for χ2 statistic (ns; Kline 2011), standardized root mean
square residual (.00 ≤ SRMR ≥ .05; Byrne 2001), and root mean square error of approximation
(.00 ≤ RMSEA ≥ .05; Kline 2011).

As Step 1, separate EFAs with 49 items were run for data at Time 1 and Time 2 with 1-
factor through 7-factor models. Following a priori subscales, it was expected 5 factors would
best account for the data. At this point, items that loaded on two factors, had low factor
loadings, or loaded on different factors at different times were removed from analysis; items
that consistently loaded on a factor together were retained. For Step 2, separate EFAs with 4
and 5 factors for Time 1 and 2 were run with the remaining items. These data were examined
for items that loaded on two factors, had low factor loadings, or loaded on different factors at
different times. Final factors were created based on consistent grouping of items at Time 1 and
Time 2 and similar grouping of items in the 4- and 5-factor solutions.

Finally, because students were learning about SRL and we expected changes in SRL across
time, it is important to consider factorial invariance. Factorial invariance examines whether
measures are equal across time or samples (Meredith 1993). Low factorial invariance implies
differences between samples or across time may be due to changes in the factor weightings of
the subscales rather than in the construct itself. Models of factorial invariance between Time 1
and Time 2 were run separately for each factor. Three levels of factorial invariance were
examined: (a) the configural baseline provides a model for comparison where the same items
are constrained to load on a factor at Time 1 and Time 2 but the regression-loadings are free to
vary, (b) the model of weak factorial invariance constrains item factor loadings to be equal at
Time 1 and Time 2, and (c) the model of strong factorial invariance constrains factor loadings
and item intercepts to be equal. Model fit was assessed using the same indices as the EFA, with
the addition of comparative fit index (CFI ≥ .90; Kline 2011), and the Tucker-Lewis index
(TLI ≥ .95; Byrne 2001).

Findings In Step 1, models with 6 and 7 factors did not converge for Time 1 data. Models with
4 and 5 factors had the best, though very poor model fit (see Table 1). At Time 2, 6- and 7-
factor models did converge and model fit was improved over 4- and 5-factor models.
However, the additional factors in these models did not add anything substantive to the 4-
and 5-factor models from Times 1 and 2 and included factors that were difficult to interpret.
Thus, 4- and 5-factor solutions at Time 1 and 2 were examined more closely (see Appendix B).
Twelve items were removed from the analysis at this step: B5, B7, B10, B11, B14, B18, B20,
A14, A15, A19, A26, A27 (see Appendix C).

In Step 2, separate EFAs were run with the remaining 37 items with Time 1 and Time 2
data. Acceptable model fit was obtained at Time 1 for the 4-factor solution (χ2 (524) = 1215.7,
p=<.001, RMSEA=.074, RMSR=.049) and 5-factor solution (χ2 (491) = 1059.7, p=<.001,
RMSEA=.069, RMSR=.046). At Time 2, acceptable model fit was found for the 4-factor
solution (χ2 (524) = 1098.7, p=<.001, RMSEA=.070, RMSR=.052) and the 5-factor solution
(χ2 (491) = 926.2, p=<.001, RMSEA=.063, RMSR=.045). Due to acceptable fit of both 4-
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and 5-factor solutions, we examined both solutions at both times to create the final factors (see
Appendix D).

At this point, no items were removed due to loading on two factors, or having low factor
loadings. There were some items loadings on different factors in different models, and these
items were dealt with individually (see Appendix C): (a) B8 and B9 did not consistently load
with the other Task Understanding items in the 5-factor solution but did in the 4-factor
solution, and were retained with this factor as they were theoretically related; (b) B19 loaded
with Goal Setting items in the 4-factor solutions but not in the 5-factor solutions and was
removed as it is theoretically more consistent with planning while the remaining items in the
Goal Setting factor were more focused on goals; (c) A1 loaded either with the Monitoring or
Evaluating items but had stronger loadings with Evaluating and was retained with these items;
(d) A20 cross-loaded with Evaluating items at Time 1 but not at Time 2 and was retained with
the Adapting items as it was theoretically related; and (e) A29 had loaded with Task
Understanding items in the first EFA but did not demonstrate loadings above .3 on any factor
in the second EFA and was removed.

Five factors were created based on consistent grouping of items across Time 1 and Time 2
and similar grouping of items in the 4- and 5-factor solutions. Items in both the Task
Understanding and Adapting factors were clearly and consistently grouped together across
the solutions examined. The Goal Setting items and Evaluating items tended to group together
at Time 1, but the Goal Setting items were a separate factor at Time 2 in both 4- and 5-factor
solutions. As Goal Setting and Evaluating are theoretically distinct processes (Winne and
Hadwin 1998), Goal Setting was considered a separate factor. Similarly, Monitoring and
Evaluating items were not clearly separated in the 4-factor solutions but were in the 5-factor
solutions and are theoretically separate processes and were retained as two factors.

The final five factors were labeled (a) Task Understanding, (b) Goal Setting, (c)
Monitoring, (d) Evaluating, and (e) Adapting. Table 2 presents (a) items, (b) item and subscale
means and standard deviations, and (c) Cronbach’s alphas for the five factors. Cronbach’s
alpha, a measure of reliability, was above acceptable level of .7 (Nunnally 1978) for all factors
at Time 1 and Time 2.

Model fit indices for each of the factorial invariance models for the five factors are found in
Table 3, including differences in χ2 and degrees of freedom. Change in χ2 statistics for Task
Understanding and Adapting factors indicated model fit did not become significantly worse in

Table 1 Step 1 EFA model fit

Fit indices 1-factor 2-factor 3-factor 4-factor 5-factor 6-factor 7-factor

Time 1

χ2 12,138.2* 11,398.3* 11,048.5* 10,625.4* 10,345.8* a a

df 1175 1126 1078 1031 985

RMSEA 0.196 0.193 0.195 0.195 0.197

RMSR 0.105 0.080 0.073 0.066 0.058

Time 2

χ2 3370.7* 2668.4* 2339.4* 2053.5* 1839.4* 1655.9* 1507.1*

df 1127 1079 1032 986 941 897 854

RMSEA 0.095 0.082 0.076 0.070 0.066 0.062 0.059

RMSR 0.107 0.077 0.066 0.058 0.053 0.047 0.043

* indicates p<.05. a Models did not converge
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Table 2 RLQ items and descriptives by factor

No Item Scalea Time 1 Time 2

M sd α M sd α

Task understanding

B1 Figured out what I was being asked to know TU 5.37 1.44 5.96 1.13

B2 Figured out why I am being asked to know
this stuff

TU 4.42 1.72 5.12 1.49

B3 Identified what I need to learn TU 5.66 1.27 6.14 0.96

B4 Made sure I understood terminology used in
task instructions

TU 5.48 1.28 5.78 1.14

B6 Figured out what course theories or big ideas
I should know for this study session

TU 5.58 1.37 6.05 1.08

B8 Figured out why studying this is important in
this course or discipline

TU 4.86 1.66 5.09 1.52

B9 Figured out what documents/resources I should
use for my studying (files, notes and readings)

TU 5.85 1.23 6.05 1.19

Scale (7 items) 5.32 0.97 .72 5.06 1.15 .79

Goal setting

B12 Set goals for my work GP 4.63 1.67 5.44 1.33

B13 Set goals that identify specific concepts, ideas,
or terms I need to know

GP 4.68 1.67 5.42 1.39

B15 Set goals that would be useful for checking on
my own progress as I studied

GP 3.96 1.75 4.97 1.42

B16 Set goals that can be completed within a 1–2 h
time block

GP 4.23 1.82 5.14 1.64

B17 Created a study timeline GP 3.37 2.00 4.35 1.95

Scale (5 items) 4.17 1.23 .80 5.74 .082 .79

Monitoring

A2 Asked myself if I knew what was important MON 5.20 1.59 5.76 1.26

A3 Asked myself if I was understanding what I needed
to know

MON 5.35 1.55 5.80 1.24

A4 Asked myself if I was remembering the material MON 5.36 1.58 5.81 1.21

A5 Asked myself if I was understanding the material MON 4.31 1.81 5.07 1.47

Scale (4 items) 5.23 1.41 .90 5.78 1.04 .86

Evaluating

A1 Reflected on the way I studied MON 5.00 1.72 5.74 1.27

A6 Checked to see if my strategy (approach) was
working

MON 4.60 1.71 5.36 1.33

A7 Checked to see if I was making progress toward
my goals

MON 4.39 1.80 5.40 1.40

A8 Checked to see how I was doing with respect to
the time I had allotted

MON 4.48 1.85 5.36 1.46

A9 Checked to see if the goals I set for my studying
were appropriate for the kind of test/exam I
would be having

MON 4.61 1.68 5.40 1.31

A10 Appraised my current understanding of the
material

EV 3.57 1.84 4.51 1.76

A11 Looked at feedback about the way I was
studying

EV 4.36 1.62 5.14 1.42
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the strong model, suggesting acceptance of strong factorial invariance. For Goal Setting,
Monitoring, and Evaluating, there were significant changes in χ2 statistics, indicating poorer
fit of the more stringent model, but inspection of RMSEA and other relative fit statistics did
not show major changes, suggesting acceptance of strong factorial invariance. Overall, model
fit indices were weak. This finding is of particular interest because theory predicts that students
with more self-regulated learning experience (Time 2) should develop more stable and
purposeful approaches to studying in contrast with inexperienced regulators (Time 1) who
may adopt random patterns of studying, engaging (or reporting) particular actions out of habit
rather than strategic intent. For this reason we continued with further analysis, recognizing that,
in the absence of factorial invariance, some caution should be exercised in interpreting results.1

This is considered at length in the discussion.

Table 2 (continued)

No Item Scalea Time 1 Time 2

M sd α M sd α

A12 Appraised or estimated my progress EV 4.70 1.62 5.26 1.37

A13 Appraised or estimated my memory for the
information

EV 5.29 1.74 5.08 1.70

A16 Made a judgment about the usefulness or
value of something I was studying

EV 4.23 1.70 4.80 1.64

A17 Appraised the effectiveness of the strategies
I used

EV 4.09 1.71 4.85 1.59

Scale (11 items) 4.36 1.20 .89 5.12 0.97 .86

Adapting

A20 Changed or revised my understanding of
what I was trying to do (the task itself)

AD 3.89 1.77 4.29 1.78

A21 Changed my studying goal (what I was
aiming for)

AD 3.42 1.87 3.87 1.85

A22 Changed my plans for how to study AD 3.57 1.96 3.83 1.85

A23 Switched to a different strategy or studying
process

AD 3.34 1.96 3.68 1.93

A24 Changed the way I was feeling about the
studying

AD 3.91 1.88 4.31 1.73

A25 Changed the level of effort I was engaging
in the work

AD 4.38 1.75 4.46 1.77

A28 Changed my beliefs about how well I would
do on this test

AD 4.67 1.81 4.96 1.61

Scale (7 items) 5.32 1.23 .83 5.74 .082 .83

TU Task understanding, GP Goal setting and planning, MON Monitoring, EV Evaluating, AD Adapting
a A priori subscale

1 Additional CFA and invariance models were run including only the items whose factor loadings did not change
by more than .049 from Time 1 to Time 2 (based on original strong FI models). Thus, in these models items from
TU (B4, B8, B9), Goal setting (B12, B15), Monitoring (A4, A5), and Evaluating (A10, A11, A12, A13, A17,
A18) were not included. CFA of the RLQ as a whole had weak model fit and strong factorial invariance was
considered acceptable for the modified subscales (FI models for Monitoring were unidentified with only two
remaining items). Factorial invariance models had drastic improvement in fit relative to the models that included
our final set of items. See discussion for further consideration of these items.
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Research question 2: what quantitative patterns of regulatory engagement emerge across one
semester?

Analysis Latent class analysis (LCA) serves to identify discrete latent variables (class) based
on participants’ profile of responses to a group of items. Using LCA allowed us to explore
patterns of change in RLQ across Time 1 and 2 data collection points. Participants who had
complete data at both time points (n=212) were included in analysis. Means for each subscale
(as defined by the EFA) were created for Time 1 and Time 2 and a difference score (Time 1
subtracted from Time 2) was calculated, incorporating a time component to the analysis. This
resulted in 10 variables: means on the five EFA-defined factors at Time 1 and a difference
score for each factor to account for change to Time 2. Though the use of gain scores has been
debated in the literature, they are appropriate for educational research because they address the
intra-individual change indicating learning has taken place (e.g., Williams and D. Zimmerman
1996), which is the focus of the current study.

LCA models were fitted in Mplus 6.12 (Muthén and Muthén 2010) to these 10 variables.
Six LCA models were run with 2, 3, 4, 5, 6, and 7 classes. Model choice was based on (a)
goodness-of-fit indices and (b) interpretability of results. Goodness-of-fit indices considered
were the Akaike Information Criterion (AIC), Bayesian Information Criterion (BIC), Lo-
Mendell-Rubin Adjusted Loglikelihood Ratio Test (LMR), and the Bootstrap Likelihood
Ratio Test (BLRT). As per Nylund, Asparouhov, and Muthén (2007), BIC was given most
weight when deciding on best model fit.

Table 3 Model fit indices for factorial invariance models

Model χ2 df χ2 diff df diff RMSEA CFI TLI RMSR

Task understanding

Configural 159.8* 69 .079 .898 .866 .059

Weak 172.0* 75 12.3 6 .078 .891 .868 .071

Strong 178.6* 80 6.6 5 .076 .890 .874 .072

Goal setting

Configural 45.5* 29 .052 .973 .958 .039

Weak 56.1* 33 10.7* 4 .057 .962 .948 .057

Strong 69.5* 37 13.3* 4 .064 .947 .935 .058

Monitoring

Configural 66.0* 15 .127 .948 .902 .053

Weak 76.0* 18 10.0* 3 .123 .940 .907 .079

Strong 83.2* 21 7.1* 3 .118 .936 .915 .075

Evaluating

Configural 564.2* 239 .080 .856 .833 .055

Weak 579.9* 250 15.7 11 .079 .854 .838 .063

Strong 611.2* 261 31.3* 11 .080 .836 .836 .069

Adapting

Configural 161.5* 69 .080 .915 .888 .053

Weak 166.1* 75 4.6 6 .076 .916 .898 .056

Strong 169.9* 80 3.8 5 .073 .917 .906 .058

* indicates p<.05
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Findings A 4-class model was chosen amongst multiple options because it was statistically
viable and theoretically interpretable. Table 4 contains fit indices and entropy values for 2-
through 7-class models. The 5-class model had the lowest BIC, but this was only slightly
improved over the 4-class model and the p value for the adjusted LMR was above .3. Both the
3- and 4-class models were significant at p<.05 after running the BLRT and both models were
interpretable. The 4-class model was chosen because it had a lower BIC and higher entropy
value.

Table 5 lists means and standard deviations of the five RLQ factors and the difference
scores for each of the four classes. We labeled the four classes based on observed patterns. (1)
Emergent regulators (n=21) were participants with relatively low RLQ scores at Time 1 with
large increases at Time 2. (2) Moderate regulators (n=83) demonstrated relatively moderate
scores at Time 1 with small to moderate increases. (3) High regulators with emergent
adapting (n=40) had relatively high scores at Time 1 with little change at Time 2, with the
exception of the Adapting subscale that started out low and improved at Time 2. (4) High
regulators (n=68) were participants with relatively high scores at Time 1 and little change at
Time 2.

Research question 3: what patterns emerge when we combine quantitative and qualitative
self-report data?

Analysis Five participants from each of the four classes were selected for in-depth qualitative
analysis. Participants were randomly selected from those in each class whose probability of
being in another class was low (less than 1 %). There was at least one participant from each
semester in each class, with the exception of class 3 high regulators with emergent adapting
that had no participants from Spring 2010 semester. Data for participants were combined
across the four classes for analysis so researchers were blind to the latent class of the
participant. We created individual SRL profiles for each participant in three steps.

First, two researchers read the collection of Weekly Reflections to become familiar with the
data and recorded overall impressions about each participant’s SRL processes. Second, we

Table 4 Model fit indices for 2-, 3-, 4-, and 5-class models

2-class
model

3-class
model

4-class
model

5-class
model

6-class
model

7-class
model

Estimated parameters 31 42 53 64 75 86

Loglikelihood −3299.5 −3209.8 −3158.0 −3128.1 −3015.3 −3078.5
AIC 6660.9 6503.7 6421.9 6384.1 6360.5 6329.1

BIC 6666.7 6644.6 6599.8 6599.0 6612.3 6617.7

LMRa 512.1 176.2 102.0 58.8 44.9 52.2

p 0.014 0.061 0.13 0.33 0.77 0.38

Entropy 0.86 0.87 0.88 0.85 0.85 0.85

BLRT loglikelihood
difference

179.232 103.841

Δ parameters 11 11

p <.001 <.001

a Lo-Mendell-Rubin Adjusted LRT Test
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coded quality of four SRL categories: task understanding, goal setting, monitoring/evaluating,
and adapting. Monitoring and evaluating were combined because they were difficult to
distinguish in the qualitative data. Quality codes were based on all Weekly Reflections items,
though some codes focused more on data in particular items (e.g., goals codes were based
mainly on the goals participants set). Quality was rated as low, moderate, high, improving,
decreasing, or not enough information. Each of the two researchers closely examined Weekly
Reflection diary entries for each participant over 11 weeks and independently rated each
participant on each of the SRL categories. We identified a fifth category after our first time
through the data that was labeled “metacognitive awareness” and this was coded in our second
round of data coding. Ratings for all categories were discussed and discrepancies were
resolved through discussion.

Third, we augmented quality ratings with case notes that briefly described each participant
in terms of regulatory awareness or behavior. The resulting individual SRL profiles for each
participant included quality ratings on five SRL categories (task understanding, goal setting,
monitoring/evaluating, adapting, and metacognitive awareness) and a brief description of their
SRL across the semester.

Finally, individual qualitative SRL profiles were grouped based on membership in RLQ
latent classes, while being blinded to original four latent class labels or descriptors (see
Appendix E). Each group of individual SRL qualitative profiles was examined to identify
common themes and discrepancies in terms of SRL. This resulted in four qualitative group
profiles or descriptions of cases. Individual and group profiles were presented to a panel of
SRL research experts for discussion. The panel identified motivational aspects as a common
theme in the individual and group profiles, so motivation was added as a sixth SRL category.
The two original researchers then completed a third round of coding for quality of motivation
for each participant and added motivation to the descriptions of the four groups.

Findings For each of the four groups, qualitative, Weekly Reflection-based group SRL
profiles are described and then a comparison is made with the quantitative, RLQ-based profiles
(see Table 6 for a summary).

We labeled the first group as unengaged regulators because they evidenced low engage-
ment of regulatory processes across the semester. Ratings for the SRL categories were
generally low with a few exceptions of improving in terms of metacognitive awareness,

Table 6 Summary of RLQ and weekly reflection profiles

Latent
class

Quantitative label (RLQ) Qualitative label (weekly reflection)

1 Emergent regulators
Low scores at Time 1 with large improvements at Time 2

Unengaged regulators
Demonstrated low engagement of SRL

processes across the semester

2 Moderate regulators
Moderate scores at Time 1 with small to moderate

increases at Time 2

Active regulators
Demonstrated intentional self-improvement

attempts

3 High regulators with emergent adapting
High scores at Time 1 and 2 except for Adapting that

started out low and improved

Struggling regulators
Demonstrated unsuccessful attempts to

adapt learning

4 High regulators
High scores at Time 1 and 2

Emergent regulators
Demonstrated improvement in at least one

facet of SRL
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monitoring and evaluating, or goals. Improvements for these participants were still small. For
example, one participant was rated as improving in goals due to some weeks having more
specific standards and actions but this was not consistent from week to week. These students
had fairly low metacognitive awareness in that although they described some difficulties, they
did not evidence intent to address these challenges. One participant was an exception to these
patterns. She had generally moderate levels of regulatory engagement but seemed to have
unsuccessful attempts at regulating as she described continually high stress levels throughout
the semester with these being potentially debilitating at the end. Her low GPA from that
semester (1.8/9) suggests she was not successful in managing her stress.

Compared with the qualitative Weekly Reflection label of unengaged regulators, this group
of participants was labeled as emergent regulators based on their quantitative RLQ profiles.
This group had low RLQ scores at the beginning of the semester with relatively large increases
at the end of the semester. In contrast to their RLQ scores, the Weekly Reflections suggested
that these students were not actively taking charge of their own learning. This group was
interesting because quantitative and qualitative profiles of these learners demonstrated little
overlap and pointed to drastically different pictures of what occurred over the semester. There
may be several explanations for this. First, it might seem as though this group of students
learned in Learning Strategies how they should answer the RLQ but struggled to apply that
knowledge to their own learning. It is possible these participants were responding to the
quantitative measure in ways they perceived to be socially desirable (Fisher 1993). Second, it
is also a possibility that these participants had cognitively adopted the course ideas and
answered the RLQ based on how they thought they were engaging, but struggled to implement
the strategies. Finally, it may be they were able to implement these regulatory actions in
studying for their exams, but not in response to other challenges they saw in their academic
learning.

We labeled the second group as active regulators because participants were characterized
by intentional self-improvement. They had good metacognitive awareness evidenced by their
description of their struggles. They demonstrated monitoring and evaluating as well as clear,
deliberate attempts to make changes to their learning throughout the semester. Two participants
had low task understanding, but evidenced awareness of this problem. Overall, these seemed
to be students who were active and deliberate in experimenting with and improving their
learning. Again, one participant was an exception to these patterns: an engineering student
who was taking a drastically reduced course load (Learning Strategies plus one other course)
and found he did not experience many challenges throughout the semester and likely had few
opportunities to regulate.

Compared with the qualitative Weekly Reflection label of active regulators, this group of
participants was labeled as moderate regulators based on their quantitative RLQ profiles. They
had relatively moderate RLQ scores with moderate improvements to Time 2. This quantitative
profile was supported by the qualitative profile of active regulators that were deliberate in their
learning. This group of learners evidenced engagement of regulatory processes and attempts to
adapt and improve their learning across the semester in their Weekly Reflections that was
mirrored in their RLQ scores; this was a group with well-calibrated self-reports.

We labeled the third group as struggling regulators because participants in this group
struggled to adapt to challenges. This group had a range of ratings in all phases of SRL and in
metacognitive awareness. However, a common theme was that each of these students was aware
of particular academic issues or problems encountered during studying, and reflected on
difficulties in successfully addressing those problems. For instance, one student was rated as
high on adapting because he attempted to deal with the same challenge in a different way each
week despite never really succeeding. Thus, he was making adaptations but these were not
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necessarily successful. Participants in this group tended to report similar challenges week to
week and all participants in this group had goals that lacked specific standards upon which they
could monitor and evaluate progress. Generally, the focus of regulation was around surface
characteristics such as time, grades, and environment, rather than a focus on learning and active
engagement with course content. There was one exception in this group: a student who often
reported having no challenge in meeting his goal and thus perceived he had little reason to adapt.

Compared with the qualitative Weekly Reflection label of struggling regulators, this group
was labeled as high regulators with emergent adapting based on their quantitative RLQ
profiles. They had high RLQ scores at both Times 1 and 2 with the exception of the
Adapting subscale that improved across time. Weekly Reflection data supports the increased
engagement of adapting processes across the semester as this group evidenced consistent, yet
unsuccessful or surface attempts at adaptation. However, high scores in the other RLQ
processes were not always reflected qualitatively. The combination of this data revealed a
group of active, but inefficient learners.

We labeled the final group as emergent regulators because students in this group demon-
strated consistent improvement in some aspect of SRL. This group had a range of ratings in all
phases of SRL and in metacognitive awareness but shared a common theme of improving and
adapting. Four participants demonstrated improvement in setting task-focused academic goals
while the fifth participant perceived that his goals were improving and helpful. Participants
evidenced attempts to monitor/evaluate and adapt though these tended to focus on organiza-
tion, time, and motivation rather than on learning and course content. Metacognitive awareness
ranged from low to high with students seeming to have some awareness of struggles and
strengths. The student with high metacognitive awareness was a qualitative anomaly in this
group – she demonstrated high levels of SRL across all phases, except for goals that improved
over time. She was a very proactive student who was continually taking steps to ensure she
understood tasks. However, she had a fairly low GPA that semester (3/9).

Compared with the qualitativeWeekly Reflection label of emergent regulators, this group of
participants was labeled as high regulators based on their quantitative RLQ profiles. They had
relatively high RLQ scores at both the beginning and end of the semester. Weekly Reflection
data produced a slightly different picture of learners with emerging regulation. These learners
demonstrated improvement in their engagement of regulatory processes that was not reflected
quantitatively. It is possible these learners shifted in how they interpreted RLQ questions or
were simplymore aware of the extent to which theywere engaging regulatory processes, that is,
they became better at discerning evidence of their own regulation. Thus, it appeared that as their
SRL engagement emerged, so did the calibration of their self-reports.

Summary of quantitative/qualitative profiles Table 7 summarizes the degree to which infor-
mation from the two self-report data sources corresponded. The lowest overlap was seen
between quantitative and qualitative self-reports for those with inconsistent SRL. By juxtapos-
ing these data sources, we may have revealed a group of students who “feigned” SRL by using
improved knowledge to answer RLQ questions to appear more self-regulating, but who were
not evidencing regulation in their planning for and reflecting on weekly studying activities.
Moderate levels of overlap were seen for the actively inefficient SRL and emerging SRL groups
(see Table 7). Students in both these groups evidenced a high level of overlap in some but not
all aspects of regulation. For example, the emerging SRL group had high RLQ scores at both
times while demonstrating qualitative improvements over the semester suggesting the RLQ
scores were more accurate at Time 2. It may be that this group answered the RLQ differently at
Times 1 and 2, as they learned more about SRL and became more aware of their own
regulatory processes. Only one group, calibrated SRL, demonstrated high overlap between
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the RLQ and Weekly Reflection profiles. RLQ scores for the calibrated SRL group were
moderate with small to moderate increases across the semester and Weekly Reflections
indicated active engagement in regulating. These students were engaged regulators from the
beginning of the semester and continued to make attempts to apply what they were learning
such as improvement in specificity of goals and metacognitive awareness of task perceptions.
These changes were reflected in the moderate increases in RLQ scores, suggesting a high level
of overlap between the qualitative and quantitative data sources.

Discussion

We introduced a time- and context-specific questionnaire of SRL that focused on
metacognitive processes (rather than cognitive tactics) with factor analysis resulting in five
subscales: task understanding, goal setting, monitoring, evaluating, and adapting. Using means
for these factors at two times, latent class analysis resulted in four patterns labeled emergent
regulators, high regulators with emergent adapting, high regulators, and moderate regulators.
Qualitative analysis was conducted on scripted, written diaries for a subsample of participants
from each latent class. Based on qualitative analysis, latent class profiles were re-labeled,
respectively, as unengaged regulators, struggling regulators, emergent regulators, and active
regulators. The juxtaposition of quantitative and qualitative profiles revealed varied levels of
overlap, despite both data sources being self-report. We highlight four facets of SRL mea-
surement that we attempted to address in this study, discussing both strengths and weaknesses.
We suggest further lines of inquiry to continue development of assessments that can capture
learners’ perceptions of their SRL as it unfolds over time.

Information about context

Consistent with Winne et al. (2011), we concur that context cannot be ignored. Thus, in this
study, all data focused on one study episode: either exam preparation (RLQ) or a participant-

Table 7 Overview of overlap between quantitative and qualitative findings

Overlap Quantitative label (RLQ) Qualitative label
(weekly reflection)

What was revealed?

Low Emergent regulators Unengaged regulators Inconsistent SRL
learners who gained knowledge about

SRL to answer RLQ but did not
evidence it weekly

Moderate High regulators with
emergent adapting

Struggling regulators Actively inefficient SRL
investing in adapting but finding little

success

Moderate High regulators Emergent regulators Emerging SRL
change in SRL across semester not

reflected in RLQ scores, potentially
due to different interpretation of items
or awareness of own learning

High Moderate regulators Active regulators Calibrated SRL
being honest with themselves about how

they regulate
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chosen weekly task required for an academic course (Weekly Reflections). In some cases those
tasks changed week to week; in others, they were repeated across multiple weeks. For
example, while RLQ items were focused on the task of studying for an exam, one student
most often completed Weekly Reflections around chemistry lab reports. This can be consid-
ered a strength of this study in that this data captured learners’ perceptions of regulation
situated in specific, authentic academic learning contexts. Profiles based on these particular
instances created opportunities to capture the diversity and sometimes inconsistency in
regulation across tasks and contexts.

On the other hand, the fact that we were unable to systematically control the specific exam
and tasks contexts students reported in each of the self-report measures introduced some
complexities and potential limitations. The diversity of task contexts differed within students
over time, across reporting instruments (RLQ or weekly diaries), and amongst students. While
transfer of SRL across different types of tasks is often assumed in theory, very few empirical
studies have examined transfer or even changes in SRL across contexts and tasks (cf.,
Alexander et al. 2011). Some research has suggested learners engage similar metacognitive
processes across tasks in different domains (e.g., Veenman and Spaans 2005), while other
research suggests even within a domain, learners adjust their approach based on task contexts
(Hadwin et al. 2001). In this study, we combined instances of SRL across tasks to create
profiles. Further research needs to systematically examine similarities and differences in
learners’ perceptions of their regulatory engagement across varied, specific task and context
conditions in multiple domains.

Multiple time points

Regulation in Winne and Hadwin’s (1998) model implies strategic adaptation over time and
tasks based on conditions of the particular situation. Thus, in order to understand how
regulation unfolds, SRL cannot be measured as aggregated across time and tasks, nor can it
be measured as a single learning event (Winne and Perry 2000). Rather, because SRL is
sensitive to changes in context, measurement of SRL should span multiple, in-context learning
sessions. A strength of the current study was that quantitative and qualitative profiles in this
study drew on multiple time samples focused on a variety of tasks and academic challenges.
Each data point was considered one “snapshot” in time that contributed to a general charac-
terization of SRL engagement. For instance, a typical member of the emerging SRL group,
evidenced attempts to better understand the task in one session by reading “further into
questions asked of me to complete my chemistry lab report” and adaptations such as using
additional resources and consulting “with a friend to compare and edit my report”. Together,
these self-reported actions contributed to the characterization that she was metacognitively
aware of her own learning. Rather than asking learners to aggregate across time, instruments
used in this study created opportunities to gather data in multiple, in-context learning sessions
to create a characterization of learners’ SRL across multiple tasks. Profiles of regulation
constructed in this manner have potential to reveal differing patterns between novice and
experienced regulators.

A possible limitation of this study was that the RLQ was administered at only two points in
times in this study in contrast to Weekly Reflection self-reports that were administered across
12 weeks. Therefore, quantitatively-derived profiles of regulation were based on much less
frequent sampling of RLQ self-reports than qualitatively-derived profiles. Future research
should create and contrast quantitative and qualitative profiles based on multiple samples of
the same study sessions. While some researchers have been combining data sources in one
laboratory session (e.g., Azevedo et al. 2010), this work needs to be extended to understand
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how learners build upon experiences to adaptively regulate from one session to another. Winne
and Hadwin (2008) propose that this kind of large-scale adaptation is what makes SRL so
powerful.

Changes in SRL

A major contribution of the current study has been in the attempt to analyze and examine SRL
profiles in ways that are sensitive to context. As a result, instruments used in this study
required students to self-report on aspects of their own regulation at multiple time points and
across varied tasks. Yet, in our research, we are also interested in capturing how these patterns
across multiple tasks change over time. That is, do our measurements capture systematic
changes in SRL competencies, such as learning and applying new strategies or beginning to
systematically analyze tasks in ways they did not previously engage? By researching regula-
tion in a Learning Strategies course, we strategically examined and contrasted self-reports of
SRL as learners developed knowledge and awareness of strategic learning and self-regulation.
The strength of situating this research in a course about SRL constructs and practices is that it
created an opportunity to examine the emergence of SRL over time in a context where intra-
individual change was both expected and prompted. We acknowledge that while we aimed to
capture this change from novice to experienced regulator, this change may also have affected
measurement in terms of how learners answer items, particularly on the RLQ. In order to
account for these potential changes, the RLQ factor structure was constructed with the goal of
finding the best model fit that could be utilized for both time samplings (beginning and end of
the semester in the Learning Strategies course). Several items had a change in factor loading
from Time 1 to Time 2 over .05. These items may be particularly sensitive to development of
sophistication in SRL processes. For example, items B8 “Figured out why studying this is
important in this course or discipline”, B15 “Set goals that would be useful for checking on my
own progress as I studied”, A4 “Asked myself if I was understanding the material”, and A17
“Appraised the effectiveness of the strategies I used” all showed relatively large changes in
factor loading. Theoretically, these are important actions for regulating learning and may
particularly be items that distinguish between more and less sophisticated regulators or
metacognitive actions that develop through interventions such as Learning Strategies.
Though we retained these items in our analysis, further research is warranted examining these
items, perhaps employing an item response theory approach. Items such as these may
particularly point to salient aspects of regulation that develop over time or in response to
intervention. Because we aimed to capture these types of changes, we retained these items,
trying to find the best model fit at both times and we acknowledge this approach comes with
strengths and weaknesses.

Whereas participants were considered naïve to SRL theory and concepts at Time 1,
they may have been primed to answer questions at Time 2 in ways that reflected the
theory and concepts taught in the course. If learners interpreted or responded to
questions differently based on their new knowledge, this may have contributed to
poor overall fit of factorial invariance models, which has important implications for
reliably and validly capturing intra-individual changes in students’ regulation.
However, it is possible that changes in the factor structure from Time 1 to Time 2
reflect important changes in learners’ patterns of SRL. Perhaps a characteristic of
developing expertise in SRL is that learners settle into more consistent and intentional
patterns of studying that fit a factor structure most similar to the theoretical model
proposed by Winne and Hadwin (1998). In contrast, novice regulators may engage in
fairly random studying actions that lead to weaker model fit relative to the a priori
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theory. Put simply, students who have not been exposed to SRL concepts and
practices may not respond in similar ways to the RLQ due to weak regulatory
knowledge and practice characterized by random efforts to invest in specific studying
behaviors, rather than less frequent actions within factors themselves. Research ex-
ploring this possibility is warranted.

In addition, patterns in the qualitative data suggest there are different trajectories of growth
and development of SRL; it is possible that different trajectories result in different patterns of
factorial invariance. Our research did not examine patterns of factorial invariance across the
groups of students with different qualitative profiles. Further research is needed to ascertain
what changes in measurement (e.g., items, factors) take place as students develop SRL
competencies at different rates and in different manners and how measurement can best
capture these systematic changes in patterns of SRL.

Finally, it is also a possibility that a factor model is not the best approach for measuring
regulation as a time- and context-specific event. As Winne (2010) alluded to, the field is still
experimenting with measurement of SRL. Our findings suggest that further research is needed
on the application of traditional statistical techniques to event-based measures of SRL that aim
to capture changes in patterns over time.

Multiple types of data

In this study, we sought to explore the combination of quantitative and qualitative self-report.
There was dramatic variation across latent classes in the degree to which quantitative and
qualitative self-report profiles corresponded; in other words, the two types of self-report data
did not always align. These findings suggest multiple self-report measures may reveal
differences in the ways students perceive and report their own studying actions. The type of
item or response modality might have influenced how learners responded (Dunn et al. 2010;
Koning et al. 2010) or how they make sense of their own regulation (Winne and Perry 2000).
Self-report questionnaires with ratings may promote self-evaluative reporting, encouraging
learners to present themselves positively rather than reporting on what they did. In our study,
receiving a personalized report of subscale scores immediately after completed the RLQ might
have exacerbated this. A strength of this study was the use of latent classes to examine
differences in students’ patterns of regulation according to quantitative and qualitative self-
reports. Another interesting approach to examining this combination of data would be to group
individual qualitative SRL profiles based on similarities and examine differences in member-
ship based on quantitative and qualitative data. Research using this approach may reveal
further insights into influence of type of measure on how learners report and understand their
SRL.

The focus on self-report might be considered a limitation in this study considering previous
research demonstrated learners’ self-reports are not always aligned with what they actually do
(Hadwin et al. 2007; Winne and Jamieson-Noel 2002). The general explanation has been that
students’ beliefs about their studying differ from what they actually do. Findings from this
study revealed that even multiple forms of self-report data provided rich and varied data about
regulation in action. Since learners’ inferences and understanding about their own actions
theoretically become conditions that inform choices in future study sessions (Winne and
Hadwin 1998), self-reports such as those used in this study cannot be ignored. Otherwise,
there is a great risk of misinterpreting changes in student intent and actions as well as the
conditions that drive them. Consistent with others (e.g., Azevedo et al. 2010; Winne 2010), we
propose that combining these rich types of self-report measures with objective or trace-based
measures of regulation is essential if future research is to examine (a) the ways learner intent
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and reflection contribute to regulatory adaptation in studying and (b) the intra-individual
differences that are characteristic of emerging regulation.

Despite the challenges, the combination of multiple data sources has important
practical implications: if we base interventions solely on one data source, interventions
and responses may be poorly calibrated with target areas for SRL support (see
Table 7). For example, based solely on the latent class analyses of quantitative self-
reports, the group with inconsistent SRL demonstrated growth and might not be a
priority for intervention at all. More detailed analysis of Weekly Reflections indicated
this same group of students appeared to lack awareness of their own learning and did
not engage in attempts to improve and adapt their learning, suggesting immediate
need of regulatory support. Putting the two self-report profiles together provided a
richer picture of regulatory knowledge and proficiency, and a better basis for design-
ing appropriate interventions than either data source alone. Scaffolding regulation
requires support to be individualized, to target specific aspects and phases of SRL,
and to shift as learners’ regulatory competencies develop (Azevedo and Hadwin
2005). Future research needs to examine how to draw on multiple data sources to
create profiles that can be used to develop and implement appropriate scaffolding of
SRL processes.

Concluding thoughts

This paper presents a novel way of capturing and analyzing SRL self-report that situates
regulation in specific studying episodes (Winne and Perry 2000). SRL profiles based on
multiple context-specific snapshots of regulation acknowledge the adaptation of SRL process-
es to specific conditions that vary across study episodes. Contrasting responses to a quantita-
tive measure with qualitative diary entries revealed interesting differences across groups in
terms of consistency between the two self-report measures. This raises some critical questions
for the field about measurement of SRL and the importance of gathering data on learners’
perspectives of their SRL. A challenge for the field is to continue to collect and examine self-
report measures as a method for revealing how learners make sense of their own learning and
regulation. Additionally, the emergence of motivation as an important factor in Weekly
Reflections, serves as an important reminder that motivation is under-represented in the
RLQ measure used for this study. As noted by several researchers (e.g., Boekaerts 1995,
1996; Schunk 2003), motivation is critical to understanding learners’ engagement of SRL
processes.

This paper also makes some strides toward examining the emergence in SRL expertise as a
set of events that build on one another over time. This study reflects an important shift in SRL
theory that views regulation as strategic adaptation over time rather than static competency.
Future research needs to examine the relationship between emerging expertise in SRL and
academic performance as much of the research relating SRL to academic performance has
been based on aggregate measures of SRL (e.g., Cleary and Chen 2009; Pintrich and De Groot
1990; Rotgans and Schmidt 2010). Understanding ways learners systematically adapt patterns
of regulation is critical for further development of support and scaffolds for SRL.
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Appendix A

Table 8 Weekly reflection items by semester

Aim of item Spring 2010 Fall 2010, Spring 2011

Reflecting section

Rating of learners’
perception of goal
attainment

How successful were you in achieving
your goal from last week? On a scale
from 1 to 10, I was… (1 = not very
successful to 10 = very successful)
[open]

How well did I attain my goal last week?
[forced choice: 1 did not attain at all,
2, 3 moderate attainment, 4, 5 fully
attained it]

Difficulty encountered in
enacting the task

Describe one thing you struggled with
while trying to accomplish your goal.
[open]

The main challenge I encountered while
trying to achieve my goal this week
was: [forced choice]

Adaptations made in
response to challenge

Describe what you did to address that
struggle. [open]

To address this challenge I did the
following: [forced choice

Explain or elaborate about how you
addressed your challenge… what did
you do specifically? [open]

Evaluation of adaptations
made

How successful was that approach? On a
scale from 1 to 10, my approach
was… (1 = not very successful to
10 = very successful) [open]

Explain what worked well and what
didn’t work well. [open]

How could you change or improve what
you did? [open]

Planning section

List of tasks for the week
in order to focus goal
setting on one task

Something I would personally like to
strive for this week is to: [open]

The course I would like to focus on in
my goal setting activity this week:
[open]

Specify the task of focus Name one specific task (e.g., a reading,
an assignment, studying, etc.) to focus
on this week. [open]

Tasks I want to accomplish in this course
this: [open]

Set a goal Set one SMART goal for the task you
have chosen. [open]

Choose a task and set one SRL goal for
this week.

What is your goal about? [forced choice:
learning, behaviour, motivation,
feelings, time management/
organization]

Rating of learners’
perception of the goal
difficulty

How challenging or difficult do you
think your goal is this week? On a
scale from 1 to 10, my goal is…
(1 = not very challenging to 10 = very
challenging). [open]

How challenging is this goal for me?
[forced choice: 1 easy, 2, 3
moderately challenging, 4, 5
extremely challenging]
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Appendix B

Table 8 (continued)

Aim of item Spring 2010 Fall 2010, Spring 2011

Rating of learners’
confidence to achieve
the goal

How confident are you that you will
accomplish your goal this week? On a
scale from 1 to 10, I am… (1 = not
very confident to 10 = very
confident). [open]

How certain am I that I can achieve the
goal I have set this week? [forced
choice: 1 cannot do it at all, 2, 3
moderately certain I can do it, 4, 5
highly certain I can do it]

Open area to allow
learners to comment on
anything important for
them

Comment on anything that is going on
for you academically at the moment,
or that has happened in the past week.
This may be any struggles you have
faced, worries you have had, or
achievement you have made. This is
your open space to tell us about your
semester.

Table 9 RLQ item loadings for step 1 EFA with 4- and 5-factor solutions

Item Four-factor EFA Five-factor EFA

Time 1 Time 2 Time 1 Time 2

1 2 3 4 1 2 3 4 1 2 3 4 5 1 2 3 4 5

B1 .70 .78 .71 .78

B2 .48 .51 .48 .66

B3 .70 .60 .71 .53 .31

B4 .69 .55 .64 .60

B5 .32 .30

B6 .74 .63 .71 .61

B7 .33 .32 .60 .43

B8 .31 .31 .38

B9 .62 .32 .30 .61

B10 .96

B11 .32 .66 .30

B12 .64 .75 .65 .85

B13 .49 .67 .50 .84

B14 .42 .37 .31 .33 .40 .38 .39

B15 .61 .64 .62 .59
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Table 9 (continued)

Item Four-factor EFA Five-factor EFA

Time 1 Time 2 Time 1 Time 2

1 2 3 4 1 2 3 4 1 2 3 4 5 1 2 3 4 5

B16 .43 .45 .44 .52

B17 .42 .47 .42 .33

B18 .58 .41 .58 .46

B19 .42 .40 .42 .30

B20 .38 .35 .39

A1 .40 .51 .39 .40

A2 .51 .65 .51 .31 .54

A3 .65 .33 .57 .65 .56

A4 .83 .32 .57 .82 .67

A5 .78 .33 .57 .79 .53

A6 .63 .45 .64 .59

A7 .75 .31 .54 .76 .48

A8 .59 .37 .58 .32

A9 .51 .51 .51 .54

A10 .43 .42 .45 .35 .46

A11 .48 .31 .48 .55

A12 .78 .66 .80 .67

A13 .58 .67 .60 .41 .44

A14 .33 .35 .34 .37

A15 .32 .30 .31

A16 .40 .48 .42 .37

A17 .84 .59 .84 .83

A18 .84 .73 .85 .72

A19 .31 .35 .33

A20 .41 .37 .58 .42 .39 .56

A21 .67 .65 .69 .63

A22 .88 .81 .92 .80

A23 .84 .84 .89 .83

A24 .69 .68 .69 .69

A25 .44 .56 .36 .58

A26 .35 .32

A27 .46 .40

A28 .37 .38 .30

A29 .34 .35

Only factor loadings >.3 are shown
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Appendix C

Table 10 Items dropped from RLQ

No Item Scale Reason

Step 1

B5 Figured out how I will be graded TU low factor loadings

B7 Discussed what I am supposed to
study (peers, TA, professor)

TU low factors loadings at Time 1, loading
on different factors at Time 2

B10 Asked someone what we were
supposed to know or study

TU low factor loadings

B11 Asked someone how we were
supposed to study

TU low factor loadings

B14 Set goals that focused on learning,
understanding, or remembering

GP loading on two factors (TU and GP)

B18 Estimated how much time my
work would take

GP loading on different factors at different
times

B20 Prioritized what I needed to do GP low factor loadings, loading on different
factors at different times

A14 Realized that I didn’t know something
or hadn’t read something

EV low factor loadings, loading on different
factors at different times

A15 Realized that I wasn’t understanding
something

EV low factor loadings, loading on different
factors at different times

A19 Found I couldn’t complete my goals
at the end of a 1–2 h time block

EV low factor loadings, loading on different
factors at different times

A26 Talked myself into working a little
longer

AD low factor loadings, loading on two
factors

A27 Told myself it would be ok AD low factor loadings, loading on different
factors at different times

Step 2

B19 Created a study plan or to-do list GP loaded on Goal Setting only in 4-factor
solutions; not consistent with other
Goal Setting items

A29 Reduced my anxiety about the
upcoming test

AD low factor loadings
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Appendix D

Table 11 RLQ item loadings for step 2 EFA with 4- and 5-factor solutions

Item Time 1 Time 2 Time 1 Time 2

1 2 3 4 1 2 3 4 1 2 3 4 5 1 2 3 4 5

B1 .70 .79 .71 .81

B2 .48 .55 .52 .62

B3 .73 .61 .75 .55

B4 .67 .54 .66 .57

B6 .74 .65 .74 .63

B8 .32 .35

B9 .64 .31 .65 .36

B12 .62 .82 .69 .87

B13 .48 .73 .41 .83

B15 .61 .63 .58 .61

B16 .40 .52 .53

B17 .39 .49 .38

B19 .36 .45 .32 .34

A1 .41 .50 .42 .32 .37

A2 .49 .31 .62 .48 .70

A3 .65 .32 .56 .65 .71

A4 .86 .30 .54 .88 .74

A5 .81 .30 .58 .85 .65

A6 .64 .51 .46 .62

A7 .78 .56 .48 .34 .42

A8 .57 .40 .37

A9 .54 .52 .49 .56

A10 .45 .49 .50 .45

A11 .48 .38 .60

A12 .79 .73 .77 .61

A13 .59 .71 .74 .57

A16 .44 .49 .32 .37

A17 .85 .61 .92 .93

A18 .86 .79 .97 .68

A20 .42 .37 .59 .31 .37 .54

A21 .69 .65 .67 .63

A22 .93 .86 .95 .84

A23 .87 .86 .88 .86

A24 .67 .67 .68 .69

A25 .37 .53 .37 .57

A28 .31 .34 .32 .35

A29 .32 .34
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