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Analysis of the Deep Learning
Strategies Questionnaire with
Ecuadorian students
Marcia Yaguarema†, Jimmy Zambrano R.*† and
Melba Salavarría

Faculty of Educational Sciences and Law, Universidad del Pacífico, Guayaquil, Ecuador

Measurement of self-regulated learning through self-report questionnaires

can help improve educational efforts. The Deep Learning Strategies

Questionnaire has been recently validated, which consists of 30 items

and four scales: basic self-regulated learning strategies, visual elaboration

and summary strategies, deep information processing strategies, and self-

regulated social learning strategies. We examined the characteristics of the

questionnaire with 694 Ecuadorian students. The exploratory factor analysis

resulted in four factors, like the original model. However, the factors identified

as basic and social learning strategies included items of visual elaboration

and summary and deep processing strategies. Further group comparisons

showed that participants with high school finished used fewer visual and

verbal elaboration strategies than those with higher education levels and

that males use more deep information processing strategies than females.

We discuss the difficulty of separating self-regulated learning strategies and

conclude with suggestions for future research and recommendations for

educational practice.

KEYWORDS

self-regulated learning, measurement of self-regulated learning, gender differences,
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Introduction

One of the crucial aspects of school learning and lifelong learning is self-regulation,
which means that students who use appropriate self-regulation strategies may learn
more (Núñez Perez et al., 2006; Badali et al., 2022; Biwer et al., 2022; Jansen et al.,
2022; Shin and Song, 2022). A basic premise of self-regulated learning is that there
are regulatory processes (i.e., monitoring and control) that are performed on aspects
associated with school learning, and can be understood, fostered, and even trained for
being transferred to other learning tasks (Bell and Kozlowski, 2008; Usher and Schunk,
2018). The effort to understand self-regulative learning and its effect on academic
performance has given rise to various evaluation methods that derive from theoretical
models. One of these is the self-report questionnaire, which assumes that the learners
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can assess self-regulatory learning strategies separately and can
be identified (Wolters and Won, 2017). The results of these
questionnaires can be associated with the learning outcomes to
estimate the advantages and limitations of a learning condition
and student characteristics.

Measuring self-regulative learning strategies is still
challenging for researchers (Veenman, 2007; Fan et al., 2022).
One way to assess self-regulation may be to identify students’
strategies in realistic situations. Panadero et al. (2021) have
developed the Deep Learning Strategies Questionnaire to
recognize university students’ strategies during learning. The
items are grouped into four factors representing different
self-regulation strategies that mediate the effect of other factors
(e.g., performance or self-efficacy). Although the questionnaire
attained a satisfactory level of fitting, its application in other
populations requires further examination. This exploratory
study aimed to contribute to measuring self-regulation learning
strategies by examining the validity and reliability of the Deep
Learning Strategies Questionnaire in a population of university
students from Ecuador. This article introduces the self-regulated
learning strategies and the Panadero et al. (2021) questionnaire
and finishes with a study of psychometric characteristics.

Self-regulated learning strategies

Self-regulated learning is a growing research interest that
has been conceived from a variety of models (Montalvo and
Torres, 2004; Panadero, 2017; Schunk and Greene, 2018). Most
of them conceive self-regulated learning as recursive phases,
processes, and strategies. For example, Zimmerman (2002) and
Zimmerman and Moylan (2009) understand self-regulation in
education from a sociocognitive perspective (Bandura, 1986)
with three cyclical phases. The forethought phase concerns the
processes and beliefs that happen before efforts to learn. The
performance phase refers to the processes that occur during
the implementation, and the self-reflection phase denotes
the judgments and reactions that occur after learning effort
(Zimmerman, 2002). For example, a group of three students
(i.e., learning condition) formulate the goal (i.e., planning phase)
of solving ten word problems of finding the perimeter of a
circle (i.e., domain-specific knowledge). During solving each
task (i.e., performing phase), a member asks to avoid non-task
comments (i.e., group control process), and another member
draws a circle with the measures (i.e., generating activity and
load reduction). At the same time, another checks the results
of manual calculations with the results of the cellphone (i.e.,
cognitive monitoring process). After finishing the learning
session (i.e., self-reflection phase), the group solved four of ten
problems during the time allotted. A member attributed this
result to misunderstanding the difference between radius and
diameter (i.e., causal attribution), and another member asked to
set up more achievable goals for the next learning session (i.e.,
planning phase).

Self-regulated learning involves strategies students
proactively perform for themselves (Greene, 2018). Self-
regulated learners carry out mental processes of monitoring and
controlling their prior knowledge, goals, strategies, motivations,
affects, behaviors, and external environment during learning
(Usher and Schunk, 2018). From this perspective, the student
is assumed to be a proactive agent capable of supervising and
controlling the learning processes (Zimmerman, 2002).

Examining self-regulated learning strategies is challenging
because learning processes include cognitive-generic and
knowledge-specific skills that are often difficult to separate
(Dumas, 2020). Self-regulated learning strategies may
encompass planning, monitoring progress, evoking prior
knowledge, help-seeking, integrating sources of information,
creating visual or verbal representations, predicting future
performance, and so forth (Zimmerman and Pons, 2016;
Fong et al., 2021). In general, these skills are domain-general,
impose low mental load (if any), and might be flexibly applied
to a variety of tasks (e.g., math and biology) already known
(Tricot and Sweller, 2014). However, applying these strategies
may be very demanding for novice students, especially when
the tasks are complex, the strategy requires other specific
knowledge (e.g., learning software to create maps or organize
domain concepts), there is little time for study, or it is not clear
which strategy is more effective for the task (e.g., narrated or
written self-explanations for learning The independence of
Latin America) (Van Gog et al., 2011; Baars et al., 2017; Dong
et al., 2020). Consequently, the study of self-regulated learning
strategies and their effectiveness may not be generalized to all
learning conditions and groups of students (Hirt et al., 2021).

Basic self-regulated learning strategies
The basic strategies of self-regulation of learning are made

up of phases of a cyclical nature. For example, the Zimmerman
and Moylan (2009) model suggests the preparation phases,
made up of the analysis and planning of the task; execution,
when the task is performed, and progress control or monitoring
is carried out; and assessment, where the student evaluates the
achievements or results of it. In each of these processes, generic
sub-processes are activated, such as metacognitive monitoring
and control (Nelson and Narens, 1990), which may be difficult
for the student to self-perceive unless they are instructed to make
them explicit when the information from the learning materials
is complex (Sweller and Paas, 2017; Mirza et al., 2019).

Visual elaboration strategies and summaries
Visual elaboration and summary strategies (i.e., generative

strategies) identify how a student processes, understands, and
stores information in her memory (García-Pérez et al., 2021).
Generative elaborations can be used to learn self-regulation
strategies during autonomous tasks (Fiorella and Mayer, 2015;
Pilegard and Fiorella, 2016). These elaborations involve the
conscious selection of information elements that help organize
a temporary mental model that can be integrated into long-term
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memory (Mayer, 2012; Dunlosky et al., 2013). In addition,
these activities could be more used by students with high self-
regulation skills (Lim et al., 2009).

Deep information processing strategies
From a cognitive perspective, deep information processing

strategies involve understanding and storing information in
long-term memory (Ausubel, 1960; Mayer, 2012). These
involve metacognitive processes associated with a network of
preexisting elements or schemes (Bartsch and Oberauer, 2021).
Metacognitive monitoring involves assessing ongoing progress
or the current state of a particular learning activity (Son and
Schwartz, 2002; Schraw, 2008), while metacognitive monitoring
involves stopping during the task and making a decision to
continue or change the strategy to learn better (Dunlosky and
Metcalfe, 2009). The literature presents an important number of
strategies that promote long-term learning, such as retrieval and
interleaving practice (Dunlosky et al., 2013; Fiorella and Mayer,
2015; Zambrano and Yaguarema, 2021; Carpenter et al., 2022;
Ekuni et al., 2022). These help monitor actions of significant
association of prior knowledge with new information. In turn,
the new schemes acquired help to more efficiently monitor
learning new information (Witherby and Carpenter, 2021).

Social strategies for the regulation of learning
Social learning regulation strategies greatly influence task

performance (Montalvo and Torres, 2004; Panadero and Järvelä,
2015). It is evidenced in the interactions that take place
in classrooms or individual and group computer-supported
activities (Lee et al., 2015). In this context, self-regulation of
learning is a fact when individual, pair, or group feedback
techniques are used. Social regulation can occur between teacher
and student, student and student, and student-group (Allal,
2020).

Research on social self-regulation situations suggests that
students can regulate themselves in a classroom or in small
groups (Järvelä, 2015). This regulation can be at the individual
level (i.e., self-regulation) when a student regulates himself
during group work. It can be co-regulation when two students
regulate each other during a task of mutual responsibility or
socially shared regulation when different members of a group act
as learning regulators of a larger group (Panadero and Järvelä,
2015; Hadwin et al., 2017).

Self-report of self-regulated learning
strategies

There are questionnaires previously developed to that of
Panadero et al. (2021) that categorize self-regulated learning
strategies. For example, the Learning and Study Strategies
Inventory (LASSI) comprises the subscales of information
processing, selecting main ideas, self-testing, and so forth
(Fong et al., 2021). Similarly, Zimmerman and Pons (2016)

suggest other strategies such as self-evaluation, goal-setting and
planning, seeking, and social assistance. However, measuring
these constructs is complex (Rubio and García, 2018). The
self-report method through questionnaires is more feasible
to apply due to its ease of administration in large samples,
interpretation, and scoring (Núñez Perez et al., 2006; Roth
et al., 2015). The term self-report applies to any assessment
in which people answer items to elicit information about the
respondents’ attitudes, beliefs, perceptions, behaviors, skills, or
knowledge (Wolters and Won, 2017). This broad category
includes methods as varied as verbal interviews, surveys,
questionnaires, diaries, think-aloud, and stimulated recall.

Self-report methods vary with respect to the type of item
used to obtain a response and the structure imposed on the
information solicited from participants (Wolters and Won,
2017). Response formats may be more open, allowing more
flexibility in the nature and amount of information students
can provide, or they may require selection from a short list
of alternatives. Some self-report methods, for example, rely on
more elaborate or authentic prompts (e.g., stimulated recall)
that ground student responses in a specific context, while other
prompts may consist of a single word or phrase (Roth et al.,
2015; Wolters and Won, 2017).

This form of measurement is considered a first wave
because it characterizes self-regulation as a static phenomenon
(Panadero et al., 2015). Furthermore, these instruments can
be retrospective, prospective, or a combination of both.
One problem with these measurements may be internal and
external validity because students may interpret the items
without considering the mental processes that really happened
(Karabenick et al., 2007) or are specific contexts or cultures that
mediate the interpretation of the items (Hadwin et al., 2001;
Huang and Prochner, 2003; Shi et al., 2013). Accordingly, self-
regulated learning questionnaires should be examined before
being administered to a different student population.

While there may instruments that measure self-regulated
learning (see a review by Roth et al., 2015), we are specifically
interested in self-regulated learning strategies. The LASSI
(Weinstein et al., 1988; Fong et al., 2021) has a similar name, but
it measures constructs the student may not be able to recognize
in a learning session (e.g., information processing, attitude,
etc.). Unlike the LASSI, the Panadero questionnaire asks for
factors the student can recognize in realistic situations, such
as preparing for doing the task and monitoring understanding
(i.e., basic processes), drawing visualization or summaries, ask
to others about the task, or connecting new information to what
the one knows.

Deep strategies questionnaire
Panadero et al. (2021) developed the Deep Strategies

Questionnaire with four factors and 30 items1. These factors

1 See the complete questionnaire in English and Spanish at:
http://www.ernestopanadero.es/Publications/Manuals/DLS_Q_Manual_
Deep_Learning_Strategies_questionnaire.pdf.
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were: basic learning self-regulation strategies, visual elaboration
and summary strategies, deep information processing
strategies, and social learning self-regulation strategies.
Several confirmatory factor analyzes were performed in the
original study to examine validity and reliability. Panadero
et al. (2021) used a baseline to see how each of the factors is
related to each other. They also used a confirmatory analysis
using two sub-samples. The single-factor model resulted in
significant estimates. However, the indices were not satisfactory
(χ2/df = 5.44, RMSEA = 0.121, TLI = 0.71, CFI = 0.73),
so the model was rejected, and the cross-validation analysis
was not performed. They tested a correlated factor model
(χ2/df = 2.42, RMSEA = 0.069, TLI = 0.91, CFI = 0.92) and a
hierarchical model (χ2/df = 2.36, RMSEA = 0.067, TLI = 0.91,
CFI = 0.92) with the first subsample, and found that all the
estimated weights were significant, and the indices showed
a good fit. In the hierarchical model, the four first-order
factors (i.e., learning strategies) were considered indicators
of the second-order construct named deep learning strategies
(Panadero et al., 2021). Path-analysis and cross-validation
with the second subsample were performed to evaluate the
external validity. The cross-validation revealed good fit indexes,
although it was concluded that the hierarchical had a better
fit because of its lower ratio (χ2/df = 2.16, RMSEA = 0.062,
TLI = 0.92, CFI = 0.91) than the correlated model (χ2/df = 2.20,
RMSEA = 0.063, TLI = 0.91, CFI = 0.91). However, while the
fit indices are very similar, it is not clear why the hierarchical
model is better considering that a ratio ≤2 indicates a superior
fit (Alavi et al., 2020). The non-significant negative relationship
between deep strategies and the average self-estimated grade
(−0.18) stands out among the results. The authors did not
hypothesize the relationship between self-estimated academic
performance with deep strategies. However, they managed
to determine that these mediate the effects of other variables
(e.g., orientation toward learning, self-efficacy, regulation style,
avoidance, and effort).

Present study

Panadero et al. (2021) study revealed that the questionnaire
helps identify four self-regulated strategies that students
carry out during university learning. However, more studies
need to be done to explore validity and reliability in
different student populations. Consequently, this work aimed

TABLE 1 Exploratory analysis of models with structural equations.

Model χ2 df p χ2/df TLI CFI RMSEA

Monofactor 2,865.38 405 <0.001 7.08 0.699 0.720 0.094

Correlated factors 2,413.41 399 <0.001 6.04 0.750 0.771 0.085

Hierarchical 2,414.01 401 <0.001 6.02 0.751 0.771 0.085

to examine the validity and reliability of the Deep Learning
Strategies Questionnaire with Ecuadorian university students.
Complementary, it explored potential differences between
educational levels and gender.

Materials and methods

Participants

The study was authorized by the postgraduate committee
of Universidad Del Pacífico. Participants were 718 Ecuadorian
online undergraduate and graduate students, representing 95%
of the total number of students enrolled in a faculty of education
and law. Twenty-four cases were removed for not having
completed the questionnaire correctly. Of these students, 481
were female (69.30%) and 213 male (30.70%), with a mean
age of 34.04 (SD = 10.09). Concerning previous educational
levels, 164 had finished high school (23.63%), 228 were technical
degrees (32.85%), 216 had bachelor’s degrees (31.12%), and 86
had master’s degrees (12.39%).

Instruments and procedure

The Spanish version of the Deep Learning Strategies
Questionnaire (Panadero et al., 2021) was used. It contains
30 items that are answered on a five-point Likert-type scale
(1 = totally disagree; 5 = totally agree). The instrument has
four factors: basic learning self-regulation strategies (eight
items), visual and summary elaboration strategies (eight items),
deep information processing strategies (eight items), and social
elaboration study strategies (six items). The variable of gender
and educational level was included. The latter was coded with
1 = high school, 2 = technical; 3 = bachelor, 4 = master.

Data collection was done through an electronic survey.
Participants were contacted through the electronic channels of
the university and during their online classes. They received a
Google form via email that included the purpose of the study,
that they should spend 10 min filling out the form, and that their
participation was voluntary. The questionnaire was configured
to be answered only once.

Results

A replication (i.e., confirmation) analysis of the models with
structural equation modeling was performed. The following
cutoff levels were considered: RMSEA < 0.06 to 0.08, CFI
and TLI ≥ 0.95 (Schreiber et al., 2010). If models did not fit
well, exploratory factor analysis was carried out to explore the
psychometric structure of the questionnaire with our sample. Fit
indexes of the three models developed by Panadero et al. (2021)
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TABLE 2 Descriptive statistics of the items and structure matrix from unweighted least squares factor analysis: Communalities, eigenvalues, and
percentages of variance.

Descriptive statistics Factor loadings

Items M SD Skew Kurtosis h2 1 2 3 4 5

04. When I figure out what I have to do, I try to
visualize it and follow through

4.58 0.67 −1.73 3.45 0.58 0.75 0.10 0.29 −0.44 −0.15

01. I analyze in depth the task I have to complete so
that it is clear to me what I have to do

4.58 0.70 −2.03 5.45 0.41 0.66 0.14 0.40 −0.48 −0.26

08. While I perform a task, I check if the steps I am
taking are appropriate

4.51 0.72 −1.59 2.84 0.52 0.64 0.06 0.47 −0.51 −0.25

12. If the teacher gives me a tool to self-assess I
would use it

4.34 0.82 −1.17 1.17 0.62 0.64 0.09 0.34 −0.37 −0.12

03. When I read or hear an idea or a conclusion in
class, I think of possible alternatives

4.31 0.79 −1.14 1.50 0.38 0.60 0.10 0.39 −0.56 −0.44

10. When I study, I relate the material I read to
what I already know

4.46 0.74 −1.32 1.56 0.46 0.58 0.05 0.45 −0.53 −0.38

06. I relate what I am learning in class to my own
ideas

4.51 0.73 −1.68 3.35 0.41 0.58 0.13 0.54 −0.56 0.06

13. When I study for an assessment task (e.g.,
exam) I write short summaries with the main ideas
and concepts of readings

4.27 0.96 −1.33 1.36 0.44 0.56 0.13 0.46 −0.42 −0.30

24. Before I start working on a task, I carefully plan
what to do

4.37 0.84 −1.34 1.64 0.47 0.56 0.23 0.51 −0.39 −0.41

19. If the teachers provide us with presentations, I
take notes in them because it makes everything
clearer

4.37 0.83 −1.37 1.78 0.57 0.54 0.07 0.48 −0.47 −0.18

25. I do not usually make graphs or diagrams while
studying or solving problems because they do not
help me learn

3.21 1.42 −0.13 −1.30 0.39 0.11 0.82 0.03 −0.09 −0.04

21. I do not usually make concept maps to relate
the concepts I study because they are of little use

3.29 1.40 −0.16 −1.28 0.54 0.12 0.75 0.01 −0.04 −0.06

05. I do not usually organize information that I
study in tables because it does not help me to learn

3.17 1.40 −0.12 −1.20 0.46 0.07 0.70 0.00 0.03 −0.03

09. Unless the teacher asks me, I do not usually
summarize the texts I study

2.97 1.40 0.11 −1.25 0.34 0.07 0.65 0.00 −0.06 0.01

27. Whenever I can, I try to discuss with my
classmates ideas or aspects of what I have been
studying to learn more

4.02 1.00 −0.87 0.24 0.5 0.34 0.00 0.75 −0.56 −0.22

15. I ask the opinion of my classmates on how I am
doing on a task

3.70 1.17 −0.63 −0.44 0.42 0.20 −0.14 0.63 −0.30 −0.23

23. If I do not do a good job on a task or an exam, I
ask the teacher to give me more information about
how to improve

3.91 1.10 −0.87 0.07 0.62 0.50 0.07 0.62 −0.45 −0.05

29. If possible, I create tables to organize the
information contained in texts and assignments

3.73 1.11 −0.57 −0.41 0.57 0.40 0.06 0.59 −0.36 −0.40

20. At the end of a task I review what I have done
to evaluate if I did it correctly

4.06 0.99 −0.98 0.57 0.36 0.33 0.02 0.59 −0.38 −0.16

07. I often discuss with my classmates ideas or
aspects of what I have been studying

4.08 1.03 −1.04 0.50 0.46 0.35 0.26 0.58 −0.34 −0.19

11. I usually participate in class discussions, asking
questions or making comments to the teacher

3.70 1.12 −0.46 −0.62 0.45 0.37 −0.05 0.55 −0.36 −0.24

02. I often make diagrams or drawings to represent
what I study

3.92 0.96 −0.62 −0.10 0.45 0.51 0.25 0.55 −0.24 −0.30

16. When I am working on a task I stop to check if
I am progressing as planned

4.14 0.92 −1.07 1.04 0.42 0.45 0.07 0.53 −0.41 −0.27

(Continued)
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TABLE 2 (Continued)

Descriptive statistics Factor loadings

Items M SD Skew Kurtosis h2 1 2 3 4 5

17. I usually study using different strategies
(memorize, make diagrams, etc.) depending on the
subject in question

4.23 0.89 −1.10 0.85 0.37 0.52 0.20 0.53 −0.38 −0.37

26. I look for situations to apply course content 4.13 0.91 −1.00 0.85 0.52 0.50 0.11 0.52 −0.73 −0.25

22. When studying, I look for possible relations
between what I study and the situations to which it
could be applied

4.28 0.80 −1.02 0.92 0.56 0.45 0.12 0.51 −0.72 −0.28

30. I usually study trying to visualize the task
context

4.41 0.77 −1.32 1.77 0.68 0.52 0.18 0.45 −0.69 −0.12

28. I read instructions for the assignments and
exams as many times as necessary to understand
what is required

4.52 0.75 −1.73 3.45 0.43 0.53 0.10 0.32 −0.60 0.09

18. When studying, I often mentally relate the
content I am working on to other subjects

4.08 0.94 −0.91 0.41 0.47 0.53 0.15 0.54 −0.60 −0.57

14. I relate ideas from the class with other ideas
whenever possible

4.34 0.84 −1.54 2.93 0.34 0.44 0.02 0.52 −0.56 −0.33

Eigenvalue 10.13 2.79 1.61 1.16 1.04

% of variance 33.77 9.30 5.35 3.87 3.46

Factor correlations matrix

Factor 1 –

Factor 2 0.17 –

Factor 3 0.50 0.06 –

Factor 4 −0.56 −0.07 -0.52 –

Factor 5 −0.24 −0.06 -0.31 17 –

TABLE 3 Items of each factor for original and actual questionnaire.

Basic learning self-
regulation strategies

Visual and summary
elaboration strategies

Social self-regulated
learning strategies

Deep information
processing strategies

Original questionnaire 1, 4, 8, 12, 24, 16, 20, 28 5, 9, 21, 25, 2, 13, 17, 29 7, 11, 15, 23, 27, 19 18, 22, 26, 30, 3, 6, 10, 14

Actual questionnaire 1, 4, 8, 12, 24, 3a , 6a , 10a , 13a ,
19a

5, 9, 21, 25 7, 11, 15, 23, 27, 2a , 16a , 17a ,
20a , 29a

18, 22, 26, 30, 28a , 14

aItem loaded on different factor in original questionnaire.

were examined using the IBM AMOS package: single factor,
correlated factors, and hierarchical. The data from the analysis
with structural equations suggest that the models (Table 1) do
not fit our sample well.

Since the models did not fit the data, exploratory factor
analysis was conducted to explore if the items’ differential
factorial loading explains the model’s lack of fit. Descriptive
statistics indicate (Table 2) that values are concentrated on the
right side of the distribution. The Kaiser–Meyer–Olkin measure
of sampling adequacy was 0.940, and the Bartlett sphericity test
was 9,076.12, df = 435, p < 0.001.

Due to normal distribution may be improbable, unweighted
least squares extraction method was used (Lloret-Segura et al.,
2014). As the factors are theoretically related, an oblique rotation

method (i.e., oblimin; Lackey and Sullivan, 2003) was conducted
(Table 2). Five factors were found that explained 55.74% of the
variance. The fifth factor can be discarded because it only had
one item (Watkins, 2018), so the internal structure is assumed
to be composed of four factors. A parallel analysis (Horn,
1965) was performed with the same dataset characteristics and
suggested that only three factors (i.e., eigenvalues are bigger
than randomly generated factors) should be retained (Watkins,
2018). These factors seem to correspond with basic learning
strategies, visual and summary elaboration strategies, and
social self-regulated learning strategies. Furthermore, all items
(Table 2) met the practical significance minimal level (i.e., ±0.50
or greater) for interpretation of structure (Hair et al., 2019).
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Although the questionnaire measured four factors, such as
the original (Panadero et al., 2021), no consistency was observed
in the items loading for each factor (Table 3). Sixty percent of
the items (i.e., 18 of 30) were loaded in the original factors.

The internal consistency of the resulting scales (Table 4).
Cronbach’s Alpha for all scales were good (i.e., >0.7; Kline,
1999). Kolmogorov–Smirnov tests indicate that the scales
are not normally distributed: basic learning self-regulation
strategies, KS = 14, p < 0.01; visual elaboration and summary
strategies, KS = 0.07, p < 0.01; social strategies for self-regulation
of learning, KS = 0.06, p < 0.01; deep information processing
strategies, KS = 0.13, p < 0.01. Spearman’s correlation analyses
between factors found that all factors are positively related.
However, social strategies and visual and summary strategies are
not significantly associated (Table 4).

Kruskal–Wallis tests were performed to explore if the
factors for previous educational levels differ. The independent
variable educational level was operationalized with high
school, technologists, graduates, and masters. Statistically
significant differences were found only for the visual elaboration
and summaries strategies (Table 5). Pairwise Bonferroni
comparisons indicated that those with a high school education
level (average rank = 249.94) had a statistically significantly
lower score than technologists (average rank = 384.01, p < 0.01),
graduates (average rank = 372.64, p < 0.01), and masters
(average rank = 373.62, p < 0.01). No differences were found
between other educational level groups.

Finally, Mann–Whitney U tests were conducted to explore
the difference between female and male students concerning
each factor (Table 6). The tests revealed differences only in deep
information processing strategies, favoring males.

Discussion

This study aimed to examine the validity and reliability of
the Deep Learning Strategies Questionnaire (Panadero et al.,
2021) with Ecuadorian university students and to explore
potential differences in education level and gender. Our results
suggest that the questionnaire measures four factors: basic
learning self-regulation, visual elaboration and summary, social
self-regulation, and deep information processing strategies.
However, the parallel analysis indicated that the last factor
(i.e., deep information processing strategy) may be removed. In
addition, all the scales have a positive relationship, excepting
social regulation and basic strategies, and an acceptable level of
internal consistency (i.e., reliability).

An exploration of the items reveals a potential problem
concerning construct validity in three of the four factors. Items
1, 4, 8, 12, and 24 variables were labeled as basic self-regulation
strategies. Basic strategies refer to the cyclical phases of self-
regulated learning, such as planning, execution, and evaluation
(Zimmerman and Moylan, 2009). These items also include

TABLE 4 Spearman’s correlation and coefficients alphas for factors.

1 2 3

1. Basic learning self-regulation strategies (0.87)

2. Visual elaboration and summary strategies 0.16* (0.82)

3. Social strategies for self-regulation of learning 0.73* 0.06 (0.85)

4. Deep information processing strategies 0.75* 0.13* 0.64* (0.81)

Coefficient alphas are presented in parentheses along the diagonal.
*p < 0.01, 2-tailed.

TABLE 5 Kruskal-Wallis test for previous education level as
independent variable.

Dependent variable H(3) p

Basic self-regulated learning strategies 7.50 0.06

Visual elaboration and summary strategies 51.50 < 0.01

Deep information processing strategies 3.59 0.31

Social self-regulated learning strategies 5.51 0.14

TABLE 6 Mann-Whitney U test for gender as independent variable.

Dependent
variable

Gender Mean rank U z p

Basic self-regulated
learning strategies

Female 345.29 50,162.50 −0.44 0.66

Male 352.50

Visual elaboration
and summary
strategies

Female 352.40 48,869.50 −0.97 0.33

Male 336.43

Deep information
processing strategies

Female 334.54 44,994.00 −2.58 < 0.01

Male 376.76

Social self-regulated
learning strategies

Female 341.60 54,062.50 −1.17 0.24

Male 360.81

visualizations of the actions to be carried out, that is, in-depth
analyses of the tasks and the verification of the steps taken,
as well as using evaluation tools of the given actions. The
excluded items have planning, performance, and evaluation
content, such as checking the progress of the task, rehearsing for
comprehension, planning the task, and previous reading of the
instructions. These results are consistent with previous studies
and theoretical elaborations (Schunk, 1986; Zimmerman, 2002;
Carpenter et al., 2020) that indicate that visualization of the
steps to be taken and monitoring are central elements when
basic self-regulation strategies are executed. However, this
factor involves measures that may also be interpreted as deep
information processing or elaboration strategies, such as I
relate what I am learning in class to my own ideas (i.e., 6)
or when I study for an assessment task (e.g., exam) I write
short summaries with the main ideas and concepts of readings
(i.e., 13).
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The second factor, seemingly referring to visual and
summary elaboration strategies, also has evidence that suggests
that self-regulated learning could be more productive when
generative strategies are used (Fiorella and Mayer, 2015; Pilegard
and Fiorella, 2016). In this factor, all loaded items (5, 9, 21, and
25) were intrinsically related to visual and verbal elaborations
such as making graphs or diagrams, concept maps, charts, tables,
and summaries. Two of the excluded items refer to visual and
verbal elaborations, such as summaries (i.e., 13) and concept
maps (i.e., 2), and the remaining refers to the use of different
strategies depending on the subject, such as memorizing or
drawing diagrams.

The third factor seems to refer to the social strategies
of self-regulation of learning. The items (i.e., 7, 11, 15, 19,
23, and 27) refer to interactions with students and teachers
associated with learning. These measures may refer to the social
conditions of self-regulated learning, where students can ask
for support (external regulation), regulate themselves, regulate
others, and regulate themselves as a group during tasks (Järvelä,
2015; Panadero and Järvelä, 2015; Hadwin et al., 2017) and
integrate multiple resources and generative processing strategies
(Näykki and Järvelä, 2008). The excluded item (i.e., 19) refers to
taking notes from professors’ presentations. Other measures also
loaded in this factor, which include elaboration of diagrams or
drawings (i.e., 2), task/goal monitoring (i.e., 16), construction of
idea organization tables (i.e., 29), and rehearsing to understand
(i.e., 20).

The fourth factor seems to coincide with the deep
information processing strategies. The items involve applying
relationships between the study material and the situations (i.e.,
18, 22, and 26) and imagining or visualizing the situations to
which the material refers (item 30). The excluded items (i.e., 3,
6, 10, and 14) also refer to cognitive processes of associating the
information being learned with the structure of prior knowledge
(Kalyuga, 2009; Mayer, 2012). This factor also included a
new item that considers reviewing in-depth the instructions
to understand (i.e., 28) that is consistent with the factor. The
parallel analysis suggested that this factor may be excluded.
However, this analysis should be considered cautiously when
components are oblique (Beauducel, 2001; Green et al., 2011).

Concerning differences in educational level, our exploration
suggests that students with high school use fewer visual
elaboration and summary strategies. The little evidence on
this subject suggests that high school students rely more on
guided instruction and may therefore be less self-regulated
than university students (Lawanto et al., 2013; Baldan Babayigit
and Guven, 2020; Theobald, 2021). However, that difference
is not clear concerning our students with high school levels
studying at the university. A potential explanation for our
finding may be that students who have finished a high school
level need to develop independent learning skills (Vosniadou,
2020), while students with university degrees may use more

visual and verbal elaboration strategies due to the need to
autonomously learn a large amount of information that imposes
a high cognitive load (Chi et al., 1989; Mirza et al., 2019;
Shin and Song, 2022).

Regarding gender differences, our results indicate that
males use more deep processing strategies. This result is
consistent with previous studies showing gender differences
in school learning, for example, that females frequently use
more learning strategies (Salahshour et al., 2013) or that
males use more retrieval and cognitive strategies (Carr et al.,
2016). Our study did not include performance as a dependent
variable to examine the effects of gender and the factors
measured by the questionnaire. However, this result may
serve to delve into theoretical gender-related achievement gaps
(Halpern et al., 2007).

In general, our results suggest that the Deep Learning
Strategies Questionnaire, while it seems to measure four factors,
only the scales for visual elaboration and summary and deep
information processing comprised consistent items. The items
loaded in the basic and social regulation strategies are nuanced
with visual and verbal elaboration and deep information
processing measures. This lack of consistency also appears in the
original study. For example, If the teacher gives me a tool to self-
assess I would use it (item 4 that measures basic strategy) may
also be considered social regulation. Similarly, If the teachers
provide us with presentations, I take notes in them because it
makes everything clearer (item 19, which measures social self-
regulation) may also be considered as a visual elaboration and
summary strategy.

This lack of consistency may be explained by the
characteristics of both self-regulated learning and learning tasks.
Mental activities such as planning, monitoring, or relating
sources of information seem to be generic skills that do not
impose a high mental load when the content or information
being processed is already known (Geary, 2008; Tricot and
Sweller, 2014). Nevertheless, learning new information or
solving problems, even mentally undemanding, requires basic
strategies, and some social regulation that includes verbal
explanations, reviews to understand, and visual and verbal
elaborations to reduce working memory load (Nückles et al.,
2020; Roelle et al., 2022). These mental operations become more
necessary when the information is more complex, and there
is little knowledge about the task (Fiorella and Mayer, 2015;
Zambrano et al., 2019).

In summary, this study shows that the Deep Learning
Strategies Questionnaire applied to a population of Ecuadorian
higher education students has four factors. The internal
consistency of each scale was satisfactory, so the results derived
from the analysis are reliable. However, the factors of basic
self-regulation and social self-regulation strategies involved
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items that measure other factors (i.e., visual/verbal elaboration
and deep processing). The correlation analysis showed that
the factors have a positive and significant relationship,
except for the relation between social regulation and basic
strategies. It also found potential differences in educational
level (i.e., participants with finished high school level use fewer
visual/verbal elaborations) and gender (i.e., females use fewer
deep processing strategies).

These results have educational implications, especially
for students with a secondary education level and female
students. Teachers should promote generative and deep learning
strategies such as concept mapping, verbal explanations, or
retrieval practice (Dunlosky et al., 2013; Fiorella and Mayer,
2015). This support should be given with a scaffolding approach
(Kirschner et al., 2006; Van Merrieënboer and Kirschner, 2018):
the first learning tasks should have a high level of support
or external regulation (e.g., worksheets that guide the solution
of domain-specific problems that incorporate metacognitive
prompts) and then increase autonomy as students become
knowledgeable and apply task-based metacognitive monitoring
and control automatically.

Our study was not without limitations. Although our
study had a lower number of male participants and masters,
this may reflect the characteristics of the general teacher
population. However, future studies must balance the samples
to attribute differences to such groups. Another limitation was
that academic performance was not included, nor was the
questionnaire applied after a learning session. Future studies
should replicate this study by controlling performance on
learning tasks (i.e., with pre and post-test) and including
mediating factors (e.g., self-efficacy and effort; Panadero
et al., 2021). Further, as the parallel analysis suggested three
factors and the exploratory analysis found four, more studies
should confirm the internal structure of the questionnaire
and consider whether deep information processing strategies
can be better identified when associated with strategies that
explicitly evoke prior knowledge and foster long retention
(e.g., spacing and retrieval practice; Carpenter et al., 2022;
Lyle et al., 2022).
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