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This study explored the relationships among programming self-efficacy, learning strategies,
and computational thinking on the basis of self-regulation theory. This study also investigated
whether the cognitive styles moderated the structural relationships among the factors
through the comparison between analytical and intuitive learners. The participants were 487
high school students enrolled in a computer programming course. Through partial least
squares-structural equation modeling, this study confirmed that self-regulated learning
strategies influenced computational thinking regardless of the cognitive styles. Programming
self-efficacy also influenced self-regulated learning strategies. This study implied that self-
efficacy is a prerequisite for self-regulated learning strategies for computer programming.
However, the direct effects of programming self-efficacy on computational thinking were
observed only in the intuitive students. Programming self-efficacy had an indirect impact on
computational thinking through self-regulated learning strategies in analytical students. The
self-regulated learning strategies, including metacognitive self-regulation and effort regula-
tion, should be facilitated to improve the computational thinking of analytical students. In
addition, this study suggested offering tailored instruction to cater to students with different
cognitive styles, ultimately enhancing the effectiveness of computational education and
positive programming behavior.
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Introduction

ith the growing integration of artificial intelligence

into various aspects of life and learning, computational

thinking education, which is closely related to com-
puter science, is receiving increasing attention from scholars and
educators. Computational thinking involves a series of thinking
processes using computers and computational concepts to solve
different types of problems (Wing, 2008). Considering compu-
tational thinking remains an ill-defined and developing structure
in psychological terms, building its jurisprudential network is
necessary to ensure its growth and integration (Roman-Gonzalez
et al,, 2018). Guggemos (2021) also claimed that in-depth analysis
of computational thinking’s correlation with other variables can
contribute to its development and understanding. Despite the
availability of studies on computational thinking, few discuss the
individual characteristics factors related to computational think-
ing. Studying the factors that directly and indirectly affect com-
putational thinking can improve research on the development of
individuals’ computational thinking. Furthermore, such findings
can inform curriculum improvement aimed at cultivating com-
putational thinking.

Compared with external factors, internal factors are more
critical because they are implicit in nature and difficult to observe
(Zhang et al., 2023). Among internal individual characteristics,
students’ self-efficacy for computer programming has been widely
discussed as a determining factor affecting learning outcomes and
thinking skill development. Various strategies and activities have
been integrated into programming learning to promote the suc-
cess of computational thinking education (Li et al., 2023). Despite
these efforts, most students lack sufficient skills and confidence in
computer programming. When learning programming, students
use a rich set of domain specific and universal cognitive and
metacognitive strategies, akin to those studied by self-regulated
learning researchers (Kong & Liu, 2023). Students with good self-
regulated abilities often use metacognitive and resource man-
agement strategies in programming; with this advantage in
learning, they can perform well (Sholihah & Firdaus, 2023).
Moreover, computational thinking is considered a cognitive
process regulated by metacognitive practices (Allsop, 2019). Thus,
among learning strategies, metacognitive self-regulation, includ-
ing planning, monitoring, and regulating activities, should receive
much attention in computational thinking education. In addition,
effort regulation strategies reflect the commitment of learners to
planning in the face of difficulties and can regulate the sustained
use of learning strategies (Pintrich, et al., 1991). Lack of self-
efficacy and self-regulated learning strategies alongside autonomy
may lead to negative consequences, such as procrastination (Heo
et al, 2022). However, supporting students to develop self-
regulated learning with self-efficacy is particularly challenging in
the context of computer programming, which demands extra
attention to self-regulation in the learning process.

The self-efficacy of students can have both direct and indirect
effects on their learning process and ability development through
self-regulated learning processes (Bandura, 1992). Although
educators emphasize the complexity of students’ acquisition of
computational thinking (Chen et al., 2023), limited research pays
attention to the intermediary learning processes (e.g., metacog-
nitive self-regulation and effort regulation) between students’
personal beliefs about programming and disposition to compu-
tational thinking. Moreover, students with different cognitive
styles benefit from distinct learning environments and strategies.
Their cognitive styles affect their strategy adoption, thinking
development, and learning outcome to varying degrees (Aciang
et al, 2023). Although many studies have demonstrated the
effects of self-regulation on learning performance, its effects on
the computational thinking of students with different cognitive
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styles remain unclear. Some studies have focused on learning
achievements, teaching styles, and learning methods, but few have
considered cognitive styles within the deeper personality struc-
tures of learners (Theodoropoulos et al., 2017). Therefore, this
study aims to provide evidence on which variables are related to
and contributing to the development of computational thinking
and whether the effect is consistent across students with different
cognitive styles.

To address this gap in computational thinking and program-
ming education, this study aims to take a self-regulated per-
spective to explore how students’ programming self-efficacy and
cognitive styles affect computational thinking. First, this study
investigates the effects of programming self-efficacy and learning
strategies (metacognitive self-regulation and effort regulation) as
self-regulated behavior on computational thinking. Second, this
study examines the extent to which cognitive styles moderate the
effects of programming self-efficacy and self-regulated learning
strategies on computational thinking. This study answers the
following two research questions:

RQ1. What are the effects of programming self-efficacy and
self-regulated learning strategies on computational thinking?

RQ2. Do the cognitive styles of students moderate the effects of
programming self-efficacy and self-regulated learning strategies
on computational thinking?

Literature review

Computational thinking, programming self-efficacy, and
cognitive styles

Definition and history of computational thinking. Wing (2006, p.
33) regarded computational thinking as a fundamental skill
facilitated by computers and their widespread applications; it
“involves solving problems, designing systems, and under-
standing human behavior, by drawing on the concepts funda-
mental to computer science.” Computational thinking gradually
attracted the attention of researchers, and different interpreta-
tions of its definition emerged, which can be broadly divided into
three perspectives. The first perspective closely links computa-
tional thinking to programming. For example, Brennan and
Resnick (2012) introduced a computational thinking framework
centered on computational concepts, practices, and perspectives,
which was inspired by the Scratch programming environment.
The second perspective emphasizes computational thinking as a
set of higher-order thinking skills, including creativity, critical
thinking, problem solving, cooperative thinking, and others (e.g.,
International Society for Technology in Education, 2015; Mannila
et al,, 2014). The third perspective focuses on process, explaining
that computational thinking is a cognitive process that involves
abstraction, decomposition, algorithmic thinking, representation,
generalization, and evaluation (e.g, Li et al, 2023; Selby &
Woollard, 2013). In line with these conventional definitions,
computational thinking is not just a cognitive process but also a
skill integral to the learning process, supporting students in
problem-solving (Chen et al., 2023).

Learners with computational thinking are great at analyzing
new information and handling new problems, thereby improving
their problem-solving abilities. With the rapid development of
artificial intelligence, the convergence of human cognitive
abilities, robots, and computer programming underscores com-
putational thinking as an essential skill in modern society (Lin &
Mubarok, 2024). Substantial efforts have been made to improve
learners’ computational thinking (e.g., Chen et al., 2023; Chiang
et al,, 2022; Li et al.,, 2023). Despite studies on the acquisition of
computational thinking in education and training contexts, the
relationships between computational thinking and the factors for
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its effective acquisition during computer programming remain
under-explored (Lee et al, 2023; $en, 2023). Furthermore,
identifying predictors of computational thinking must be
prioritized when providing meaningful computational thinking
training for educators and institutions to cultivate high-quality
digital talents (Durak & Saritepeci, 2018). In this context,
identifying variables that directly and indirectly affect computa-
tional thinking during computer programming can contribute to
the experimental research on the development of learners’
computational thinking. The findings can inform the improve-
ment of computer science courses aimed at cultivating computa-
tional thinking. From this perspective, this study focuses on the
effect of various factors during computer programming on the
level of computational thinking.

Effect of programming self-efficacy on computational thinking.
Self-efficacy plays a significant role in determining learning per-
formance and achievement; it refers to the “beliefs in one’s cap-
abilities to organize and execute the courses of action required to
produce given attainments” (Bandura, 1997, p. 3). When indivi-
duals with high self-efficacy set goals for themselves, they tend to
be patient when facing challenges, because they are clearly aware
of the relationship between their gains and efforts (Lee et al,
2023). Programming self-efficacy mainly involves the computa-
tional perspective of students, representing their understanding
and evaluation of their ability to use programming knowledge
and skills in solving computational problems (Kong, 2017;
Romdn-Gonzdlez et al., 2019). Determining and evaluating the
programming self-efficacy of students enables them to gauge their
performance in programming learning (Cigdem, 2015). Based on
the theory of self-efficacy, learners with high self-efficacy tend to
be goal oriented, strive to regulate, persist in learning, and execute
tasks, thereby attaining success and competence (Bandura, 1992).
In summary, students’ programming self-efficacy, a self-judgment
of their effective programming learning, may have a strong
positive impact on their acquisition of computational thinking.
Numerous empirical studies have also supported this inference,
many of which have shown a significant relationship between the
programming self-efficacy level of students and the development
of their computational thinking ability. For instance, Chiang et al.
(2022) applied cluster analysis to classify elementary school
students who received STEM online education based on their self-
efficacy from high to low. They found that students with high
self-efficacy perform better in computational thinking and task
value than students with low self-efficacy. Another research on
talented and gifted secondary school students has discovered a
positive and medium correlation between their programming
self-efficacy and computational thinking (Avcu & Ayverdi, 2020).
The programming self-efficacy of students with norm-typical
level also has a significant impact on their computational thinking
performance (Yildiz-Durak et al., 2019). In addition, Martin and
Rimm-Kaufman (2015) proposed that students who have positive
and relatively high self-efficacy are likely to be encouraged to
engage in classroom tasks in terms of motivation, behavior, and
cognition. Nonetheless, no research explores whether the
relationships between students’ programming self-efficacy and
computational thinking are influenced by other cognitive and
behavioral factors of the programming process and the predictive
status among them. Therefore, an in-depth analysis of the
mechanisms by which programming self-efficacy influences
computational thinking is necessary and beneficial.

Cognitive styles as a moderator for programming. Individuals’
cognitive styles can influence their information processing,
including identifying problems, searching and interpreting
information, and generating thoughts, and play a significant role

in the development of computational thinking (Yen & Liao,
2019). Several studies have emphasized the importance of con-
sidering learners’ cognitive characteristics, such as cognitive
styles, when researching technology-related educational matters
(Aciang et al, 2023; Gu et al., 2022). Personal cognitive styles
remain relatively constant, or at least they are less susceptible to
being influenced over time and situation. Cognitive styles refer to
differences in individual preferences for information organiza-
tion, process, and representation, which can usually be manifested
in perception, thinking, decision making, learning, and problem
solving (Yilmaz, 2021). Cognitive style is explained from different
dimensions. The present study used the cognitive style dimen-
sions proposed by Allinson and Hayes (1996) to classify intuitive
learners and analytical learners. Intuitive learners, driven by their
right brain, favor random exploration methods based on sensa-
tion and adopt a global perspective for immediate judgment.
They prefer to view problems comprehensively from a holistic
perspective (Aciang et al., 2023). By contrast, analytical learners,
led by the left brain, tend to make corresponding strategies based
on psychological reasoning and attention to details (Kickul et al.,
2009). They prefer structured methods to solve problems and are
more adaptable to situations that require step-by-step analysis.
Differences in cognitive styles among learners significantly
affect their learning outcome, perception, problem solving, and
decision making (Theodoropoulos et al., 2017). For instance, in a
study on robot classrooms for a Taiwanese secondary school,
analytical students have significantly higher academic perfor-
mance and cognitive engagement than intuitive students, but
their mental load was lower than that of intuitive students
(Aciang et al, 2023). Papert (1980) defined computational
thinking as a procedural thinking process for designing and
executing computer programs. This definition implies that
learners’ cognitive styles and powerful thinking may impact their
learning and thinking ways (Lai et al., 2023). In programming
education, students with different cognitive styles may exhibit
varied learning outcomes, problem-solving strategies, and learn-
ing behavior (Yen & Liao, 2019). Durak and Saritepeci (2018)
pointed out that improving computational thinking skills
becomes easy and sustainable by considering the cognitive styles
of students in instructional design. Overall, understanding the
effect of cognitive styles on the development of computational
thinking and learning strategies in programming can provide
important implications for educators, researchers, and developers.

Self-regulated learning and successful programming learning
Self-regulated learning in programming. Bandura (1992) proposed
that self-efficacy can influence achievement by affecting the self-
regulation of cognitive, motivational, emotional, and decision-
making processes, such as seeking assistance and managing effort.
Zimmerman (2000, p. 14) defined self-regulated learning as “self-
generated thoughts, feelings, and actions that are planned and
cyclically adapted to the attainment of personal goals.” The self-
regulation of cognition and behavior can be achieved through
students’ learning strategies (Ramirez Echeverry et al., 2018). As
the foundation of self-regulated learning, these learning strategies,
including metacognitive and resource management strategies
(Pintrich et al, 1991), refer to psychological operations or
activities carried out to facilitate learning tasks (Ramirez Eche-
verry et al., 2018). With the expansion of programming education
to non-major students, many programming courses have adopted
a self-regulated learning mode. Therefore, in computer pro-
gramming classrooms, more exploration should also be con-
ducted on students’ self-regulated learning strategies.

The problem-solving process in computer programming
involves multiple processes similar to self-regulated learning

| (2025)12:1412 | https://doi.org/10.1057/s41599-025-05686-y 3



ARTICLE

Programming

Cognitive
styles

Computational

self-efficacy

Fig. 1 Hypothesized model of all main elements.

stages, from planning to evaluation (Kong & Liu, 2023). Students
who participate in self-regulated learning can self-monitor their
learning, seek help from appropriate sources, strategically select
tasks they feel capable of completing, and actively adapt to
challenges while following feedback (Zimmerman & Schunk,
2011). When programming, it is important for learners to first
understand the problem, identify potential solution processes,
and acquire necessary knowledge. This initial stage is similar to
the planning or pre-thinking stage of self-regulated learning.
Learners should also possess the ability to troubleshoot coding
errors by understanding the underlying issues and identifying
solutions. This problem-solving process aligns with the monitor-
ing or performance stage of self-regulated learning. Throughout
programming, learners should assess their potential solutions,
similar to the evaluation or self-reflection stage of self-regulated
learning (Shin & Song, 2022). Studies on how to improve
students’ programming performance and computational thinking
abilities by supporting their self-regulated learning have already
been conducted (e.g., Gao et al,, 2023; Lee et al., 2018). As such, if
students can apply more metacognitive and resource manage-
ment strategies in their programming learning, they are likely to
excel and attain a higher quality of computational thinking
development. Similarly, students with advanced levels of
computational thinking may be more capable of using self-
regulated learning strategies.

Self-regulated learning and computational thinking. Students with
good self-regulated learning skills are great at setting goals and
managing learning and can effectively and efficiently self-moni-
tor, organize, and evaluate their own learning (Sholihah &
Firdaus, 2023). They continuously adjust strategies based on
monitoring results during the learning process, ultimately form-
ing the optimal solutions (Hong et al., 2021). These skills corre-
spond to important components of computational thinking,
including abstraction, algorithms, and evaluation (Sholihah &
Firdaus, 2023). In addition, Myers (2021) focused on the inter-
section of self-regulated learning and computational thinking and
summarized that the connection between them can support the
development of citizens in preparation for the 21st century. The
definition of computational thinking in computer science edu-
cation supports this statement; it strengthens the importance of
cognitive processes that promote computational thinking educa-
tion, such as self-regulation (Gerosa et al., 2021).

Some empirical studies have also revealed the relationship
between self-regulated learning and computational thinking. For
example, a study on how students solve trigonometric problems
through self-regulated learning has shown that students who
exhibit high levels of self-regulated learning are capable of
completing three to four indicators of computational thinking.

Effort
regulation

thinking

Those with moderate self-regulated learning can complete one to
three indicators, while students with low levels of self-regulated
learning can manage at most one indicator (Sholihah & Firdaus,
2023). Liu et al. (2021) analyzed experimental data from sixth-
grade students in Taiwan. They found that programming self-
regulation is an important variable in predicting problem-solving
ability, and computational thinking is positively correlated with
problem-solving ability. They also concluded that personal traits,
such as learning style and self-regulation ability, can help learners
enhance their computational thinking. Moreover, a cross-
sectional study on Chinese children has shown a positive
correlation between their self-regulation and computational
thinking, and children’s self-regulated learning fully mediates
the relationship between their sequencing ability and computa-
tional thinking (Gao et al, 2023). However, direct evidence
suggesting a connection between self-regulated learning strategies
and computational thinking is little. Little is also known about the
underlying mechanisms between these cognitive abilities.

Previous studies have explained how self-regulation mediates
the relationship between various variables. Individuals need self-
regulation skills to set long-term plan goals, implement strategies,
manage time, prepare for potential events, and persist in tasks
when facing failure (Baumeister & Vohs, 2003). Self-regulation,
therefore, resembles a psychological mechanism associated with
positive outcomes (Morosanova, 2013), capable of altering the
relationship between two correlated factors in favor of positive
outcomes. Cognitive styles, programming self-efficacy, and self-
regulated learning strategies are important predictive factors for
successful programming learning, and the most important
outcome of programming learning is the improvement of
learners’ computational thinking level. Considering these two
facts, this study was conducted to understand whether program-
ming self-efficacy, cognitive style, and self-regulated learning
strategies are related to computational thinking and explore the
possible mediating role of self-regulated learning strategies on the
relationship between programming self-efficacy and computa-
tional thinking.

Research model and hypothesis. Collectively, educational the-
ories and empirical findings from the previously reviewed studies
suggest the hypothesized mediation model of self-regulated
learning strategies on the relationship between programming
self-efficacy and computational thinking. The hypothesized
model is depicted in Fig. 1, and all hypotheses guiding the
research questions are listed below.

H1. Programming self-efficacy is positively related to meta-
cognitive regulation strategies.

H2. Programming self-efficacy is positively related to effort
regulation strategies.
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H3. Programming self-efficacy is positively related to compu-
tational thinking.

H4. Metacognitive regulation strategies are positively related to
computational thinking.

H5. Effort regulation strategies are positively related to
computational thinking.

H6. Cognitive styles moderate the effects of programming self-
efficacy and self-regulated learning strategies on computational
thinking.

Learners with a higher sense of self-efficacy are better at
regulating effort and executing tasks during the learning process,
achieving excellent achievements (Bandura, 1992). Self-efficacy
can significantly positively predict the use of learning strategies,
including metacognitive regulation, monitoring, self-setting goals,
effort regulation, and time management (Cho & Shen 2013; Heo
et al,, 2022; Wolters & Hussain, 2015). Furthermore, in robot
programming, Baek et al. (2019) found that second-grade
students’ self-efficacy, learning preferences, and intrinsic motiva-
tion significantly affect their coding achievement and computa-
tional thinking. They concluded that self-efficacy is an important
predictor of computational thinking. By analyzing a survey they
conducted on 106 middle school students, Avcu and Ayverdi
(2020) found a positive correlation between programming self-
efficacy and computational thinking. The programming self-
efficacy of gifted students is an important predictor of computa-
tional thinking and explains 31.5% of the total variance in
computational thinking. Given previous research findings, this
study hypothesizes that programming self-efficacy positively
affects self-regulated learning strategies, including metacognitive
self-regulation and effort regulation, as well as computational
thinking (H1, H2, and H3).

A survey on online software education for elementary school
students has shown that participants’ self-regulated learning and
GRIT significantly predict computational thinking, with the
explanatory power reaching 87% of the total (Lee et al., 2018).
Similarly, Gao et al. (2023) revealed that self-regulation is
significantly positively associated with computational thinking.
If children have a higher level of self-regulation, they tend to
perform better in computational thinking tasks. In addition,
according to Allsop (2019), computational thinking is a cognitive
process regulated by individual metacognition. As such, meta-
cognitive self-regulation is considered to significantly affect
computational thinking. Moreover, previous studies have found
that students who use high-level metacognitive and resource
management strategies in computer programming learning
exhibit significantly higher programming performance than those
who use low-level strategies (Bergin et al., 2005). Effort regulation
in resource management strategies is a form of self-management
that refers to students controlling their efforts and attention when
facing uninteresting tasks (Heo et al.,, 2022). This approach is
crucial for the sustained use of metacognitive self-regulation
strategies and academic success (Pintrich et al., 1991). Further-
more, a fundamental assumption of the self-regulated learning
framework lies in its pivotal mediating role, bridging personal
factors, including self-efficacy, with learning outcomes across
diverse fields (Pintrich, 2004). Based on previous research
findings related to self-regulated learning in computer program-
ming, this study hypothesizes that metacognitive self-regulation
and effort regulation positively affect computational thinking (H4
and H5).

Cognitive styles, as another personal characteristic factor in
this study, represent an important predictor of learner interest,
perseverance, and positive performance in tasks (Luse et al,
2013). They influence students” preferences in how they process
information and approach tasks (Chen & Tseng, 2021). When
learners with varying cognitive styles are in the same learning

environment, their perception and processing of information may
differ (Aciang et al., 2023). Previous studies have discovered the
significant  relationships  between cognitive styles and
programming-related  skills (Catherine, 1995; Cunha &
Greathead, 2007). In addition, Sirakaya et al. (2020) found that
STEM attitudes and thinking styles (holistic or analytical)
significantly affect computational thinking skills, with an
explanatory variance of 43%. Most previous studies have focused
on investigating the direct effect of cognitive styles on individual
cognition and behavior of learners. The effect of cognitive styles
on computer programming processes and outcomes must be
investigated from different perspectives. Therefore, this study
hypothesizes that cognitive styles may moderate the relationships
between variables related to computer programming, such as
programming self-efficacy, computational thinking, and self-
regulated learning strategies in the computer programming
process (H6).

Methods

Context and participants. As mentioned earlier, the key stages of
self-regulated learning for learners correspond to the process of
using computer programming for problem solving. Although the
activities in the programming course in this study were not
intentionally designed to promote certain types of self-regulated
learning strategies, students have ample opportunities to apply
these strategies to programming learning. In addition, during the
review courses, this study further provided scaffolding to better
support students in using computer programming to solve pro-
blems autonomously, as shown in Fig. 2. Students first needed to
analyze programming problems, that is, pre-design and plan. This
section adopted question-prompted scaffolding, and students
need to answer two questions: “What are the key requirements of
the problem to be solved? What programming knowledges are
needed?” Subsequently, students designed programming algo-
rithms and implemented them using Python programming. The
software IDLE (Python 3.10) was provided to students; it sup-
ports providing feedback after running code, facilitating self-
monitoring by students. To support students in their self-
reflection on algorithms, they were provided with an evaluation
scale consisting of three dimensions (i.e., coding completeness,
normativity, and conciseness). The rating scale was divided into
three levels for each dimension, and each level provided specific
explanations for students to understand.

A total of 487 participants were recruited from two high
schools in northern China, including 216 boys and 271 girls.
Their average age was 15.6 years old. They had the same
information technology education background and learned
Python programming for two semesters. Before the experiment,
we conducted an online survey on their cognitive styles and then
identified them as either intuitive or analytical learners. Other
data were also collected using online electronic surveys, achieving
a response rate of 94.4% (distributed: 516, returned: 487).

Measures and instruments. Two data collection instruments
were used to measure the theoretical model in this study. The
measurement scales are outlined below, along with references,
item counts, and the Cronbach’s alphas for the latent variables.

The cognitive styles measurement employed the Cognitive
Style Index (CSI) questionnaire developed by Allinson and Hayes
(1996). This instrument is both psychometrically robust and
convenient for research purposes. Comprising 38 items, the
questionnaire utilized a true-uncertain-false trichotomous
response format. Each “true” response was assigned 2 points,
“uncertain” received 1 point, and “false” garnered 0 point,
yielding a maximum score of 76 points. A reverse scoring
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Fig. 2 Overview of programming problem solving for students.

approach was applied to 17 items, where a “true” response
indicated an analytical orientation. A higher overall score on the
CSI reflects a more analytical and less intuitive cognitive style.
Scores equal to or below the mean or median were categorized as
“intuitive style,” whereas those surpassing the mean were
classified as “analytical style.” The CSI was widely used in many
studies and has shown satisfactory internal consistency reliability
(Cronbach’s alpha =0.84-0.92). In this study, the Cronbach’s
alpha for the measurement reached 0.97. Participants could
complete the task within 10 min.

For another instrument, based on self-regulated learning
theory and existing scales used in related studies, we initially
set up a questionnaire consisting of 23 items and three factors,
namely, programming self-efficacy, self-regulated learning stra-
tegies, and computational thinking. We adopted the 5-point
Likert scale ranging from 1 (strongly disagree) to 5 (strongly
agree) to measure all items in the questionnaire. Among these
factors, programming self-efficacy was measured by six items,
which were from the programming attitude scale developed in the
study of Sun et al. (2022) with junior high school students. The
programming efficacy dimension of this questionnaire was based
on expectancy theory model and applicable to the computer
programming context. Its Cronbach’s reliability value was 0.94.
The measurement for the self-regulated learning strategies of
students was divided into two dimensions: metacognitive
regulation strategies (eight items), and effort regulation strategies
(four items). As a widely used instrument in self-regulated
learning assessment, the Motivated Strategies for Learning
Questionnaire (MSLQ; Pintrich et al., 1991) with satisfactory
internal consistency (Cronbach’s o =0.69-0.79) was adopted to
measure students’ learning strategies in this study. To maintain
consistency with the items in other dimensions of the scale, we
changed the 7-point Likert items used in the original MSLQ to a
5-point Likert items. Given that the MSLQ instrument aims to
measure university students’ use of self-regulated learning
strategies, most of the items had to be adjusted to fit the research
subjects and programming context in the present study. For
example, in the effort regulation dimension of learning strategies,
the item “Even when course materials are dull and uninteresting,
I manage to keep working until I finish” was revised to “Even
when programming is dull and uninteresting, I manage to keep
working until I finish.” The computational thinking measurement
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included five items. These items were adapted from the
Computational Thinking Scale (CTS; Tsai et al.,, 2021), which
had a Cronbach’s reliability estimate of 0.91. The self-reported
scale was rooted in the problem-solving process definition of
computational thinking and independent of any programming
contexts. CTS was designed to assess the computational thinking
dispositions of young children, so only a few items were adopted
for the present study to measure high school students’
computational thinking in a computer programming environ-
ment. For example, the item “I usually think about the relations
between different problems” was applicable to the object of
this study.

Data analysis. This study used the statistical software IBM SPSS
(version 23.0) and SmartPLS (version 3.0) to analyze the collected
data. The specific steps are as follows:

First, to clarify the factors of the original scale with 24 items,
exploratory factor analysis (EFA) was performed using IBM SPSS
23.0. By Stevens’ (1996) criterion, 195 cases were used to perform
EFA. The results are shown in supplementary information. After
eliminating items with factor loadings below 0.50, the final scale
consisted of 23 remaining items.

Second, confirmatory factor analysis (CFA) was conducted to
evaluate the construct validity and discriminant validity of
programming self-efficacy, metacognitive self-regulation strate-
gies, effort regulation strategies, and computational thinking. In
addition, we calculated item loadings, average variance extracted
(AVE), and composite reliability (CR) to estimate the convergent
validity. The validity and reliability of the measurement model
were assessed by estimating the values of composite reliability and
average variance explained. Additionally, discriminant validity
was evaluated through Pearson’s correlation analysis among all
factors.

Third, to answer RQI, this study performed the partial least
squares—structural equation modeling (PLS-SEM) analysis using
maximum likelihood estimation to test the first five hypotheses.
This analysis focuses on making predictions and was appropriate
for a small sample size (Hair et al., 2011). In addition, PLS-SEM
was considered appropriate for this research because the
proposed model was supported by theoretical knowledge that
was still in the developmental stage. We performed bootstrap
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Table 1 Construct reliability and convergent validity.
Construct Questionnaire items Outer loading Cronbach's alpha rho-A Composite reliability Average variance
Indicator extracted
Programming self-efficacy PS1 0.84 0.91 0.91 0.93 0.69
PS2 0.87
PS3 0.87
PS4 0.82
PS5 0.84
PS6 0.74
Metacognitive self- MS1 0.77 0.89 089 091 0.56
regulation MS2 0.72
MS3 0.73
MS4 0.77
MS5 0.73
MS6 0.74
MS7 0.74
MS8 0.77
Effort regulation ER1 0.82 0.86 086 0.90 0.70
ER2 0.85
ER3 0.84
ER4 0.84
Computational thinking CT1 0.87 0.89 0.89 0.92 0.70
CT2 0.82
CT3 0.80
CT4 0.82
CT5 0.87
PS programming self-efficacy, MS metacognitive self-regulation, ER effort regulation, CT computational thinking.

Table 2 Correlation of constructs and square root of AVE.

Mean SD PS MS ER CcT
PS 3.04 0.88 0.83
MS 3.20 0.74 0.53*** 0.75
ER 3.68 0.74 0.47** 0.46*** 0.84
CT 2.84 0.97 0.55%** 0.56*** 0.72%** 0.84

PS programming self-efficacy, MS metacognitive self-regulation, ER effort regulation, CT
computational thinking.
***p<0.001.

estimation with 5,000 samples using bias-corrected percentile
method and presented the results at the 95% confidence level
(Cheung, 2007). To answer RQ2, multi-group analysis in SEM
was performed to examine the moderation effects of cognitive
styles (ie., intuitive vs. analytical students) on the effects of
programming self-efficacy and self-regulated learning strategies
on computational thinking.

Results

Reliability and validity. The outer model consisted of four
variables, namely, programming self-efficacy (PS), metacognitive
self-regulation (MS), effort regulation (ER), and computational
thinking (CT). For the reliability and validity of the measurement
model, outer loadings, Cronbach’s alpha, rho-A, CR, and AVE
values were examined. As shown in Table 1, the outer loadings of
all items were 0.72-0.87 and sufficiently high on their corre-
sponding constructs. Moreover, the Cronbach’s alpha values
ranged between 0.86 and 0.91, surpassing the 0.7 threshold for
ensuring internal consistency (Fornell & Larcker, 1981). Con-
struct reliability values ranged between 0.90 and 0.93, meeting the
reliability standard (Nunnally & Bernstein, 1994). The rho-A
values for all constructs (0.86-0.91) also exceeded the suggested
value of 0.70 (Hair et al., 2011). In addition, AVE values all
surpassed 0.56, surpassing the threshold of 0.50 (Bagozzi et al.,

1991). Accordingly, meeting all the recommended criteria indi-
cates sufficient evidence of the item's reliability, internal con-
sistency, and convergent validity of the measurement model.

To assess discriminant validity, we used Fornell and Larcker’s
criteria (1981) to determine how much a concept and its
indicators differed from another concept and its indicators. As
their criteria suggested, the correlations shared between items in
any two constructs and the square root of the average variance of
constructs should be compared. In Table 2, the values of inter-
construct correlations were below in the same column, and the
values of square root of average variance were shown in bold font
and parentheses on the diagonals. For each construct, the
correlation coefficients with other constructs were lower than
all square root of the AVE values, showing the discriminant
validity of the measurement.

Hypothesis testing. The path coefficients among the latent
variables were assessed for statistical significance. The findings
regarding the first five hypotheses of the two groups, intuitive
students (N=153) and analytical students (N=139), were
compared.

The results concerning intuitive students are depicted in Fig. 3.
All five hypotheses were accepted at p<0.001 and p<0.01.
Programming self-efficacy had a positive significant effect on
metacognitive self-regulation (8 =0.55, t=8.97), effort regula-
tion (B =0.62, t=13.32), and computational thinking (= 0.20,
t = 3.39); thus, H1, H2, and H3 were supported. In addition, self-
regulated learning strategies including metacognitive self-
regulation (8 =0.27, t=3.68) and effort regulation (8= 0.50,
t=6.41), had positive influences on computational thinking;
consequently, H4 and H5 were also supported. The variances
explained in the sub-sample consisting of intuitive students were
30.2% for metacognitive self-regulation, 37.8% for effort regula-
tion, and 71.4% for computational thinking.

The hypothesis testing results reported differences between the
intuitive and analytical students. Compared with the intuitive
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adjusted R?=30.2%

Programming

Metacognitive
self-regulation

Computational

self-efficacy

Effort
regulation

thinking

adjusted R>=71.4%
0.50***

adjusted R?=37.8%

Fig. 3 Hypothesis testing results: intuitive students (N =153). ***p < 0.001, **p < 0.01.

adjusted R?=29.0%

Programming
self-efficacy

Metacognitive
self-regulation
Effort
regulation

0.15%

Computational
thinking

adjusted R?=44.5%

0.55***

adjusted R?=12.4%

Fig. 4 Hypothesis testing results: analytical students (N =139). ***p < 0.001, *p < 0.05.

Tested relationship Intuitive group (N =153)

Table 3 Comparisons of direct and indirect effects of the variables.

Analytical group (N =139)

Total Direct effects Indirect effects Total Direct effects Indirect effects
effects effects

H1: PS>MS 0.55*** 0.55*** 0.54*** 0.54***

H2: PS—ER 0.62*** 0.62*** 0.36*** 0.36"**

H3: PS»CT 0.66*** 0.20** 0.46*** 0.41*** 0.13 0.28***

H4: MS—CT 0.27*** 0.27*** 0.15* 0.15*

H5: ER—-CT 0.50*** 0.50*** 0.55*** 0.55***

***p<0.001

PS programming self-efficacy, MS metacognitive self-regulation, ER effort regulation, CT computational thinking.

students, only four hypotheses were accepted with analytical
students at p<0.001 and p<0.05 (Fig. 4). Programming self-
efficacy significantly affected metacognitive self-regulation
(8=0.54, t=28.68) and effort regulation (8=0.36, t=23.92)
and computational thinking; as a result, H1 and H2 were
supported. Furthermore, the effects of metacognitive self-
regulation (8 =0.15, t=2.30) and effort regulation (f=0.55,
t=5.88) on computational thinking were statistically significant;
therefore, H4 and H5 were supported. However, no significant
relationship between programming self-efficacy and computa-
tional thinking was found; hence, H3 was not supported. In the
sub-sample consisting of analytical students, 29.0% variance in
metacognitive self-regulation, 12.4% in effort regulation, and
44.5% in computational thinking were explained.

The direct and indirect effects of each variable in the two
groups were shown in Table 3. For the hypothesis testing, the
direct effects of programming self-efficacy on computational
thinking were not found in the analytical group. However, the
indirect effects of programming self-efficacy on computational
thinking through metacognitive self-regulation and effort regula-
tion were statistically significant at p <0.001.

Multi-group analysis. To test the moderating effects of cognitive
styles on the effects of programming self-efficacy and learning
strategies on computational thinking, multi-group analysis
(MGA) was performed to examine whether the differences were
significant for the two groups (i.e., intuitive students and analy-
tical students). The MGA results are shown in Table 4. For total
effects and total indirect effects (i.e., PS—CT), significant differ-
ences were found for intuitive and analytical students. Moreover,
significant differences were observed between the two groups for
PS—ER in direct effects. By contrast, the differences were not
significant for the effects of self-regulated learning strategies on
computational in the two groups. Accordingly, the relationship
between programming self-efficacy and computational thinking
was moderated by students’ cognitive styles; H6 was partially
supported.

Discussion

Discussion for findings. Educational research on predicting
students’ computational thinking has generated practical sig-
nificance that guides teaching designs in programming education.
This study explored the effects of programming self-efficacy and
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Table 4 MGA results.
Tested relationship Intuitive group (N=151)
vs. Analytical group
(N=114)
Abs. diff P value
Total effects PS—CT 0.25 0.002
Direct effects PS—MS 0.01 0.904
PS—ER 0.26 0.008
PS—CT 0.07 0.460
MS—CT 0.13 0.198
ER—CT —0.05 0.693
Total indirect PS—CT 0.18 0.021
effects
Special indirect PS—>MS—CT 0.07 0.207
effects PS—ER—CT 0n 0.203
PS programming self-efficacy, MS metacognitive self-regulation, ER effort regulation, CT
computational thinking.

learning strategies on computational thinking from a self-
regulated learning perspective. It also investigated if this rela-
tionship was moderated by students’ cognitive styles by com-
paring the intuitive and analytical students.

The findings indicate that programming self-efficacy positively
affects self-regulated learning strategies, including metacognitive
self-regulation and effort regulation, for both intuitive and
analytical groups. This result is consistent with previous research
findings about the effect of programming self-efficacy on
metacognitive self-regulation learning strategies (Wolters &
Hussain, 2015). Previous studies have concluded that learners
with higher beliefs in task interest and utility value are more
inclined to employ strategies for monitoring and controlling their
cognitive process (Bergin et al., 2005). In addition, the results of
Heo et al. (2022) are further reinforced by our research, which
demonstrates the impact of programming self-efficacy on effort
regulation. Self-efficacy emphasizes the importance of the
individual’s perceived belief in their ability to organize and
execute something, which can lead to engagement or disengage-
ment from an activity or action (Bandura, 1992). According to
Bandura (1997), individuals with a high level of self-efficacy view
difficult tasks as challenges to face, set challenging goals for
themselves, and maintain a firm commitment to achieving these
goals. When encountering obstacles, they quickly regain their
confidence and only increase the necessary effort to participate in
the learning process. This behavior resonates with learning
computer programming. For example, students who classify
themselves as having high self-efficacy in computer programming
are willing to participate in programming learning, work hard
when faced with difficult programming tasks, and adjust their
learning strategies in a timely manner to achieve pre-set goals
during this process (Roman-Gonzalez et al., 2018). Therefore, the
present study verified the impact of programming self-efficacy on
learning strategies as self-regulated behavior.

The findings of this study also confirm the direct and indirect
effects of programming self-efficacy on the computational
thinking of students with different cognitive styles. This
conclusion confirms the findings of the previous studies (Avcu
& Ayverdi, 2020; Baek et al., 2019; Yildiz-Durak et al., 2019). In
the present study, programming self-efficacy is only directly
related to computational thinking in intuitive students. Aciang
et al. (2023) explained that people with high intuition tend to
focus on the present and the specific information obtained from
their perceptions and often pay attention to patterns when
collecting information. Generally, programming tasks are pattern

based, and intuitive students tend to perform well based on
cognitive style expectations. However, the direct effects of
programming self-efficacy on computational thinking are not
observed in the analytical students. Instead, in the analytical
group, programming self-efficacy indirectly affects computational
thinking through self-regulated learning strategies. Intuitive
learners who focus on current perception make decisions based
on emotions and rely on their belief in their ability to accomplish
something (Gorla, 2015). By contrast, analytical learners who are
good at thinking and analyzing often use logical reasoning
processes to draw conclusions (Theodoropoulos et al., 2017).
Even if they have a high sense of programming self-efficacy, they
need to adjust their cognitive strategies to achieve better learning
achievements and improve their computational thinking abilities.

In terms of self-regulated learning strategies, the effects of
metacognitive self-regulation and effort regulation on computa-
tional thinking are found in both groups. This result is consistent
with the findings that students who use high levels of self-
regulated learning strategies perform statistically better than
students with lower levels of these strategies (e.g., Bergin et al.,
2005; Gao et al., 2023). The execution of computer programming
tasks involves the learning of complex concepts that require
cognitive efforts, whether it is in class learning or after class
practice. For this reason, self-regulated learning strategies have
become crucial in computer programming. Additionally, this
study recognized the indirect effects of programming self-efficacy
on computational thinking through self-regulated learning
strategies, including effort regulation and metacognitive self-
regulation. This finding supports Heo et al.’s (2023) and Zhang
et al.’s (2023) results that self-efficacy indirectly affects cognitive
outcomes through self-regulated learning strategies.

Last, this study used MGA to examine whether students’
cognitive styles moderate the effects of programming self-efficacy
and self-regulated learning strategies on computational thinking.
Statistical differences exist between the intuitive and analytical
students, specifically, the effects of programming self-efficacy on
effort regulation and computational thinking, which align with
the research findings of Chen and Tseng (2021) and Sirakaya
et al. (2020). Variables, such as programming self-efficacy,
metacognitive self-regulation, or effort regulation, affect compu-
tational thinking, and the effects may differ given learners’
cognitive styles. Therefore, educators and scholars should apply
tailored instructional strategies and provide distinct support for
students with different cognitive styles.

Implications. Unlike previous research on computer program-
ming education, this study expands the focus of programming
education beyond computational thinking training to include
programming efficacy and self-regulated learning. It also identi-
fies the relationships between the cognitive styles of learners and
the key elements of the programming learning process. In addi-
tion, this study provides insights for educators and researchers
who are committed to helping students achieve success in pro-
gramming learning.

First, this study confirms that programming self-efficacy has a
significant positive effect on students’ self-regulated learning
strategies and computational thinking. When students have a
high sense of self-efficacy in programming, they believe that they
can complete programming tasks and are likely to achieve
positive learning outcomes (Lee et al., 2023). Teaching design
should consider promoting high programming self-efficacy of
students engaged in computer programming, perhaps by making
them believe they can complete tasks that are considered difficult.
Teachers can provide students with suitable scaffolding to
support their problem-solving in programming, such as guiding
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their thinking and providing positive feedback. In addition, the
difficulty of programming tasks should gradually increase to
adapt to student skill development and prevent any negative
effect on programming self-efficacy.

Second, this study provides theoretical evidence for the
relationship between self-regulated learning in computer program-
ming and computational thinking. The results indicate that
metacognitive self-regulation strategies and effort regulation
strategies have significant positive effects on students’ computa-
tional thinking. Teachers should take corresponding actions to
encourage learners to engage in these self-regulation processes and
promote their computational thinking. For example, metacognitive
practice includes planning, evaluation, and monitoring, which can
be seen as regulating the triggering and execution control of
cognitive activities (Allsop, 2019). Therefore, providing learners
with continuous and timely feedback can facilitate self-monitoring
of learning progress and performance and set appropriate learning
goals for subsequent tasks ($en, 2023). Educators can model these
self-regulated learning strategies for students in a programming
environment or guide them to learn how to use these strategies
independently during programming.

Third, this study confirms that when explaining the effect of
students’ programming self-efficacy on computational thinking
from a self-regulation perspective, their cognitive style must be
considered. Although this study does not find a direct relation-
ship between programming self-efficacy and computational
thinking among analytical students, this relationship is mediated
by self-regulated learning strategies. Analytical students with
programming confidence can improve their computational
thinking performance by understanding how to effectively use
metacognitive self-regulation and effort regulation strategies.
Compared with intuitive learners, analytical learners have more
confidence in evaluating, planning, and coordinating resources,
but they lack confidence in discovering and identifying new
opportunities (Aciang et al., 2023). Hence, educators can design
targeted programming activities based on the cognitive style of
students to provide easy and sustainable learning of computa-
tional thinking.

Conclusion

This study aims to understand how students’ programming self-
efficacy directly affects their computational thinking and indir-
ectly affects it through self-regulated learning strategies. Based on
the analysis results of path analysis and MGA, all six hypotheses
proposed in this study are well supported. Programming self-
efficacy and self-regulated learning strategies are the main pre-
dictors of computational thinking, but no direct relationship is
found between programming self-efficacy and computational
thinking for analytical students. The results of path analysis also
reveal that programming self-efficacy affects self-regulated
learning strategies. An additional important finding is the mod-
eration effect of students’ cognitive styles on the relationships
among these constructs. The positive findings of this preliminary
investigation are beneficial for studying the factors that affect
computational thinking and programming success and provide
recommendations for further research.

This study also has limitations. First, the sample size of this
study is relatively small and only from China. Comrey and Lee
(2013) concluded that a relatively small sample size of SEM
analysis may lower accuracy in parameter estimation. With a
broader sample size, additional evidence can be gathered to fur-
ther support the findings and further generalize these conclusions
across different countries and cultures. Another limitation of this
study is that the measures only involve self-reporting. However,
self-reported data may be disrupted by external influences such as

10

social pressure and personal beliefs (Chan, 2009). Utilizing
multiple sources of data and other types of measures, including
observations, interviews, and think-aloud protocols, may help
further explain the nature of the relationships among program-
ming self-efficacy, self-regulated learning, and computational
thinking.

Despite these limitations, the results of this study provide
insights into this important topic. This study emphasizes the
deepest layers of individual thinking, namely, the cognitive styles
and self-efficacy of learners, and focuses on self-regulated learn-
ing involved in the programming process. Previous studies have
focused mainly on what students gain from computer program-
ming (e.g., programming performance or skill improvement),
whereas our study focuses on how students gain. In the future, the
theoretical framework elucidated in this study holds promise to
serve as a strong basis for predicting or elucidating student per-
formance in computer programming. It also offers novel per-
spectives on the evolution of computational thinking in related
instruction.
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