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Abstract

While computational thinking (CT) is increasingly vital in K-12 education, teaching it
through text-based coding remains challenging for teachers. To address this gap, this study
presents and evaluates a self-paced professional development (PD) module, “Let’s Code
with GenAl” created for K-12 teachers to enhance text-based coding and CT. Using a one-
group pretest-posttest design, 34 pre-/in-service teachers completed the module in 2025,
engaging with instructional videos and hands-on coding activities using Micro:bit and
MakeCode (v11.3.22), with a GenAl assistant providing explanations and debugging sup-
port. Pre- and post-intervention data were collected using the Teacher Beliefs about Coding
and Computational Thinking (TBaCCT) scale and a coding/CT assessment. Posttest scores
were higher than pretest scores on teaching efficacy and value beliefs (p < 0.001 for both), as
well as in coding self-efficacy (p < 0.001) and CT self-efficacy (p = 0.015). Coding/CT assess-
ment scores were also higher at posttest (p = 0.040). No statistically significant correlations
were found between self-efficacy and performance measures. Overall, the findings offer
preliminary insights into participants’ post-intervention outcomes in a GenAl-supported,
self-paced PD module, including self-efficacy, value beliefs, and coding/CT performance,
while underscoring the need for future controlled studies.
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1. Introduction

Computational thinking (CT) has become a core component of K-12 education, merg-
ing technical skills with broader computational literacy [1]. As ref. [2] notes, CT encom-
passes key skills such as abstraction, problem-solving, pattern recognition, and logical
reasoning that are essential for addressing complex interdisciplinary problems. To fos-
ter this 21st-century competency, K-12 schools have incorporated both unplugged and
plugged activities, including block-based and text-based coding [3]. While block-based
programming provides an accessible entry point for younger learners, text-based coding
supports deeper engagement with syntax and practical problem-solving [4]. However,
the complexity of text-based coding often creates significant barriers to implementation,
leading to teachers’ low confidence, technical anxiety, and diminished self-efficacy in K-12
settings [5]. In addition, insufficient teacher preparation, particularly in self-efficacy and
pedagogical knowledge, remains a major obstacle to integrating coding and CT into K-12
education [6].

In this context, emerging research suggests that Generative Artificial Intelligence
(GenAl) tools, such as ChatGPT (GPT-4, OpenAl) and Copilot (GPT-3, GitHub), can scaf-
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fold programming education by providing immediate code explanations, debugging as-
sistance, and tailored feedback [7,8]. These GenAl-supported tools may help alleviate
the pedagogical challenges of teaching text-based coding by offering highly personalized
learning opportunities [9]. Yet, despite growing interest, the precise role of GenAl as
an interactive scaffold in formal teacher professional development (PD) remains heav-
ily underexplored [10]. This gap highlights the need to examine how GenAl-supported
PD may relate to K-12 teachers’ confidence, value beliefs, and readiness to teach coding
and CT.

To address this issue, this study presents an exploratory pilot evaluation of “Let’s Code
with GenAl"” a novel, self-paced online module for K-12 teachers. The distinct novelty of
this module lies in its programmatic use of GenAl as an on-demand explanatory and de-
bugging scaffold, designed to eliminate technical bottlenecks without requiring continuous
human instructor resources. Methodologically, this exploratory evaluation followed three
major sequential phases: (1) the systematic instructional design and development of the
GenAl-integrated module, (2) the targeted recruitment of 34 K-12 in-service and pre-service
teachers, and (3) a rigorous pretest-posttest assessment tracking changes in participants’ CT
beliefs and skills. Employing a one-group pretest-posttest design, it explores initial changes
in teachers’ self-efficacy, value beliefs, and coding/CT skills to guide future controlled
studies. Importantly, the quantitative analysis revealed significant posttest improvements
across key affective subscales, with statistical significance ranging from p < 0.001 to p = 0.040,
thereby highlighting the potential efficacy of automated scaffolding and strengthening the
study’s empirical contribution to teacher training initiatives.

2. Literature Review
2.1. Evolution of Computational Thinking in K-12 Education

The foundations of CT were initially established by [11]. Subsequently, key CT skills—
such as abstraction, problem-solving, pattern recognition, and logical reasoning—were
further conceptualized by [2,12]. This perspective of CT emphasized the need for a compu-
tational approach to solve cognitive problems [13,14]. Building on the earlier ideas, ref. [15]
introduced CT as a universally applicable skill set, arguing that it represents a fundamental
skill for everyone—not just computer scientists—and is essential for problem-solving in
daily life. Later, ref. [16] clarified the concept as “the mental activity in formulating a
problem to admit a computational solution” (p. 2) and highlighted its broader relevance
beyond computer science. Leveraging these foundational perspectives, CT has become
integral to K-12 education, significantly enhancing learners’ development. Specifically,
ref. [17] framed these computational competencies as vital cognitive tools for school-level
problem solving. Furthermore, ref. [18] articulated how integrated CT practices reinforce
abstract concepts through interactive modeling, moving learners from passive technol-
ogy consumption toward creative engagement. Consistent with this broader educational
value, ref. [19] conducted a systematic review indicating that interdisciplinary CT integra-
tion effectively helps K-12 students navigate domain-specific challenges through robust
structural alignment across disciplines. Recent studies extend CT further to incorporate
creativity, algorithmic thinking, critical thinking, and collaboration [20,21]. Moreover, CT
supports the holistic development of both students and teachers, enabling their personal
and professional growth in democratic societies [22,23].

In K-12 settings, CT has been incorporated through unplugged activities as well as
two forms of plugged activities: block-based coding and text-based coding [3,24]. All three
activities have been utilized in various forms (See Table 1), such as animation, games, and
other educational media, to support CT education [5,25]. However, many believe that
text-based coding is not ideal for K-12 education due to its complex syntax and reliance
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on special characters [5,26]. This perspective has hindered students from gaining the
advantages of text-based coding, including a stronger conceptual understanding of CT and
more authentic programming experiences [4,5].

Table 1. Comparison of unplugged, block-based, and text-based coding activities.

Type Unplugged Activities Block-Based Coding Text-Based Coding
Visual programming utilizin Iraditional programming
" Computational activities Prog & & using text-based code in a
Definition . . code blocks that can be >
without using computers specific language (e.g., Python
assembled
v3.12, Java 8)
Tools Physical objects like puzzles Software platforms like Text editors, Integrated
and toys Scratch and Blockly development environments
Examples

2.2. Professional Development for Computational Thinking

CT education requires that teachers use pedagogical strategies such as contextual-
ization, collaborative learning, and guided programming to support meaningful learning
experiences [27,28]. However, many teachers have limited knowledge of CT and coding,
which hinders their ability to incorporate these topics into classroom practice [29,30]. These
challenges highlight the importance of PD in helping teachers learn to teach CT, particularly
when it involves text-based coding and other unfamiliar computational methods.

Prior research indicates that CT-focused PD can support teachers’ knowledge, peda-
gogical capability, and confidence in teaching CT [28,31]. At the same time, studies also
show a persistent gap between what teachers learn in training and how they implement
it in classrooms [32,33]. This gap suggests that PD must be supported by structures that
enable ongoing, practice-embedded learning to facilitate meaningful classroom transfer.

Regarding these support mechanisms, ref. [31] suggested through empirical classroom
observations that context-specific expert guidance and tailored peer exchanges significantly
facilitate how teachers navigate distinct integration challenges. Further expanding this
focus, ref. [29] demonstrated that PD incorporating active, collaborative practice effectively
addresses teachers’ initial knowledge gaps and technical anxieties by enhancing their
computing self-efficacy. Similarly, ref. [34] utilized a design-based research framework to
confirm that robust CT integration requires a community of practice in which pre- and
in-service teachers co-design context-specific lessons aligned with school resources.

To clearly delineate the operational and pedagogical landscapes of these contemporary
practices, Table 2 contrasts existing teacher PD models across key instructional dimensions.

As illustrated in Table 2, a critical structural limitation persists across contemporary
teacher PD models. While intensive synchronous frameworks [31] and communities of
practice [34] suffer from severe human-resource bottlenecks that limit scalability, standard
independent asynchronous options [29] isolate learners without any interactive feedback
loops. Consequently, the existing literature highlights a persistent operational gap between
achieving institutional reach and providing immediate, personalized scaffolding during
text-based programming tasks.

https://doi.org/10.3390/ai7080277


https://doi.org/10.3390/ai7080277

Al 2026, 7,277

4 of 25

Table 2. Comparative matrix of the proposed module versus state-of-the-art teacher PD models.

Primary Scaffolding Resource/ - .
PD Approach/Model Mechanism Human Cost Scalability Feedback Delivery
Traditional Live instructor ngh (requires Low (constrained by Imr.nedmte but
. . dedicated human . divided (instructor
synchronous tutoring & real-time cohort size and L .
workshops [28,31] - exchan experts & scheduled raphic limits) time is split among
orkshops [28, peer exchanges time) geographic s many)
Long-term So(igzl;frstge ;ﬁg;il;llle%h (requires Very Low (intended  Delayed (relies on
communities of sn A for deep localized scheduled peer
ractice [34] collaborative lesson  institutional networks) reflection cycles)
p seed iteration commitment)
- None to highly
izam:iﬁnous z?éi:ﬁi(;;f;iueres Low (pre-recorded High (accessible delayed (Lacks
ynen o content scales easily) anytime globally) real-time syntax
e-learning [6] code repositories troubleshooting)

2.3. Self-Efficacy and Value Beliefs of Teachers

Another significant barrier to incorporating text-based coding and CT into K-12 edu-
cation is teachers’ low self-efficacy [6]. Self-efficacy, as defined by [35], refers to “people’s
beliefs about their capabilities to produce designated levels of performance that exercise
influence over events that affect their lives” (p. 71). This concept underscores the profound
influence of individuals” perceptions of their capabilities on decision-making processes and
actions. Teachers exhibiting high self-efficacy demonstrate better classroom management,
employ more effective instructional strategies, and provide more personalized learning
assistance [36,37]. In addition to self-efficacy, teachers’ value beliefs are crucial for effec-
tive instruction [38,39], particularly in curriculum development and content selection [40].
Moreover, alignment between teachers’ personal values and organizational goals fosters
greater motivation and instructional quality [41].

In essence, self-efficacy and value beliefs are foundational to teachers” instructional
capabilities [42]. When teachers develop these mindsets, it not only improves instructional
quality but also fosters student engagement and achievement, ultimately creating a recipro-
cal cycle of teacher—student growth [43,44]. Yet, building such robust confidence requires
mastery experiences, targeted feedback, and reduced anxiety during task performance [35].

2.4. Personalized Learning with Generative Artificial Intelligence

Given the requirements for building self-efficacy, the conceptual difficulty of CT, and
the challenges of text-based coding, GenAl has gained attention as a promising support
for teacher PD [9,45]. Specifically, ref. [7] demonstrated that modifying Al-generated code
suggestions can save up to 71% of programming time compared to writing from scratch.
Furthermore, ref. [8] established that integrating customizable Al content and automated
quiz feedback promotes more sustained study engagement, particularly benefiting un-
derperforming learners. Similarly, ref. [46] showed that effective scaffolding depends on
conversational agents providing stepwise guidance and tailored visualizations aligned
with students” educational backgrounds. These capabilities are particularly relevant in
programming contexts, in which support with syntax, troubleshooting, and step-by-step
reasoning can lower barriers to participation.

From a theoretical standpoint, these affordances align with key mechanisms that
support effective teacher PD, including guided practice, timely feedback, and opportunities
for iterative learning [47,48]. This alignment is consistent with Papert’s constructionism,
which posits that learning occurs most deeply when learners actively construct knowledge
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through making and working with tools such as programming languages [11]. In this way,
GenAl can serve as a scaffold, enabling teachers to engage more actively with coding and
CT concepts [49]. However, the educational value of GenAl depends on how it is integrated
into instructional design [50]. Prior research highlights specific risks; ref. [51] noted that
defensive institutional bans driven by integrity concerns are often counterproductive,
especially given the high false-positive rates of current Al detection software. Furthermore,
ref. [52] emphasized that GenAl’s black-box nature and factual hallucinations necessitate
critical data literacy rather than an overreliance on it as an objective reference tool. Similarly,
ref. [53] identified that unregulated commercial deployment without structured policy
guidelines threatens digital equity and risks widening existing student achievement gaps.
These concerns underscore the importance of examining GenAl not as a standalone tool,
but as part of a carefully designed instructional approach.

2.5. Synthesis and Purpose

In summary, the reviewed literature highlights a critical gap: despite the potential
of GenAl tools to personalize learning and support programming education, their use in
K-12 settings remains limited, particularly for text-based coding [9,54]. These pedagogical
and environmental limits are deeply tied to existing instructional barriers. Specifically,
ref. [6] found that a lack of initial teacher education in computer science content and
pedagogy breeds low self-efficacy among elementary generalists. In addition, ref. [27]
reported that inadequate pedagogical preparation leaves educators struggling to manage
the wide ability gaps and differentiation needs that emerge during lessons. Likewise,
ref. [31] confirmed that unsupportive school infrastructure and severe time constraints
result in limited technical resources for practitioners when integrating coding and CT.

In response to these gaps, this study presents an exploratory evaluation focused on
the feasibility of a self-paced GenAl-supported PD module, Let’'s Code with GenAl, for
K-12 teachers learning text-based coding and CT. Rather than seeking definitive causal
conclusions, this study is positioned as an initial step to examine how participation in this
PD experience relates to changes in teachers’ self-efficacy, value beliefs, and coding/CT
performance. Ultimately, this inquiry seeks to provide foundational insights to inform the
design of more rigorous future experimental studies.

3. Conceptual Framework

To guide this exploratory evaluation, this study adopts a conceptual framework
synthesized from existing literature (see Figure 1).

GenAl-Supported
Self-Paced
Learning

Reduction of Mindset Performance
Barriers Enhancement Improvement

Reduced coding

i i Increased
Flexible pacing complexity coding/CT &

- . teaching self- Improved
Debugging Clarified CT efficacy codﬁng/CT
assistance concepts performance

onkdemang ngere_d : Strengthened
explanations upnecea:'gh:i?:tis value beliefs
i

Figure 1. Conceptual framework for text-based coding and CT education in K-12.
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The framework posits that GenAl-supported self-paced learning can provide flexible
pacing, on-demand explanations, and debugging assistance, enabling teachers to revisit
challenging coding and CT concepts as needed [5,55]. This design is consistent with the con-
structionist view of learning, in which understanding develops through active engagement
with content and iterative problem solving [11]. By reducing coding complexity, clarifying
CT concepts, and reducing pedagogical uncertainty, these supports may help mitigate
common barriers to teachers’ engagement with text-based coding [6,28]. As these barriers
are reduced, teachers are expected to experience gains in coding/CT self-efficacy, teaching
self-efficacy, and value beliefs [35,38], which may in turn be associated with improved
coding and CT performance and greater readiness for K-12 instruction [4,31].

This framework provides the conceptual foundation for the present study and informs
the design of the “Let’s Code with GenAl” module (see Appendix A), the research ques-
tions, the selection of outcome measures, the interpretation of findings, and the study’s
implications for teacher PD.

4. Research Questions

This study examines the outcomes of Let’s Code with GenAl, a self-paced, non-credit
online module designed to support K-12 teachers’ learning of coding and CT. Specifically,
it addresses four research questions:

RQ1. What pre- and post-changes were observed in participants’ teaching efficacy and
value beliefs following the intervention?

RQ2. What pre- and post-changes were observed in participants’ coding self-efficacy
and CT self-efficacy following the intervention?

RQ3. What pre- and post-changes were observed in participants’ coding skills and CT
performance following the intervention?

RQ4. To what extent were coding self-efficacy, CT self-efficacy, and coding/CT assess-
ment scores interrelated following the intervention?

By examining these interconnected facets, the research seeks to offer preliminary
insights into how Al-supported learning tools may relate to teacher preparedness in K-12
coding and CT education and may inform future pedagogical design.

5. Methods

This study adopted an exploratory, practice-oriented design with a simple pretest—
posttest structure. Its purpose was to examine initial patterns of change rather than to
establish causal effects. Its primary aim was to assess whether the intervention could be
implemented as intended and to identify preliminary patterns of change prior to under-
taking a more rigorous comparative study. As ref. [56] notes, a feasibility study examines
whether a proposed project can be conducted, whether it is appropriate to proceed, and
how it should be implemented, whereas a pilot study involves carrying out the intended
research, or part of it, on a smaller scale.

5.1. Participants

This study was approved by an Institutional Review Board, and all participants
provided informed consent. A convenience sample of 34 pre- and in-service teachers was
recruited through professional networks, including former students and colleagues in
educational fields, as well as invitations distributed via LinkedIn and email. Recruitment
targeted teachers interested in K-12 education. All participants were required to have
sufficient English proficiency to understand and respond to the English-language study
materials. The participants were recruited between mid-January and mid-April 2025.
Table 3 presents demographic information. Participants represented a range of disciplines,
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including social studies, English, mathematics, science, computer science, information
technology, ethics, Al education, and elementary education.

Table 3. Participant demographics.

Category Subcategory Frequency (n) Percentage (%)
Age (years) 20-29 4 11.8
30-39 17 50.0
4049 9 26.5
50-59 2 5.9
60+ 2 59
Degree Bachelor 9 26.5
Master 20 58.8
Professional 2 59
Doctorate 3 8.8
Gender Female 16 47.1
Male 17 50
Non-binary 1 2.9
Teaching experiences (years) 1-5 8 23.5
6-10 15 441
11-15 5 14.7
16-20 5 14.7
21+ 1 29

5.2. Instruments
5.2.1. The Teacher Beliefs About Coding and Computational Thinking Scale Test

The Teacher Beliefs about Coding and Computational Thinking (TBaCCT) scale [57]
was used to measure participants” beliefs related to coding and CT. The scale was selected
because it aligns with the study’s focus on teachers’ self-efficacy and value beliefs in
response to a GenAl-supported text-based coding module. The validity of the scale was
established using confirmatory factor analysis and structural equation modeling [57]. In
this study, the TBaCCT was administered before and after the learning module to examine
pre—post changes in participants’ self-efficacy and value beliefs.

5.2.2. Coding/Computational Thinking Assessment

To strengthen the validity of the coding/CT assessment, the items were developed
through an explicit alignment process linking each item to the module’s learning objec-
tives, instructional activities, and target CT concepts (see Appendix B). The assessment
sampled foundational concepts such as variables, sequential reasoning, conditional logic,
and loops, with item coverage designed to reflect the progression of content introduced
in the module rather than general programming expertise [4]. Two computing-education
experts reviewed the item set for content relevance, conceptual alignment, clarity, and
appropriateness for the target participants, and their feedback was used to revise the word-
ing and coverage of selected items. In addition, the assessment was informally reviewed
by other computer education professionals to determine whether the items adequately
represented the intended coding/CT domain. Together, these steps provide preliminary
evidence of content validity and alignment for an exploratory measure of module-related
learning gains.

5.3. Procedures

The study was delivered via Canvas (Instructure, Inc., Salt Lake City, UT, USA),
a web-based learning management system, to provide flexible and accessible learning
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materials [58]. Participants who agreed to take part received an email containing a Canvas
link to enroll in the course. Participants without existing Canvas accounts were assisted in
creating one before beginning the module. The asynchronous format allowed participants
to progress at their own pace and revisit the materials as needed, which may support
repeated practice and self-regulated learning [55]. Research comparing synchronous and
asynchronous online learning also suggests that both formats can support similar outcomes
in self-efficacy and academic achievement [59,60].

The learning module, Let’s Code with GenAl, began with a pretest that included the
TBaCCT scale and the coding/CT assessment. Following the pretest, participants engaged
in approximately one hour of self-paced learning focused on text-based coding and CT
concepts, including variables, functions, debugging, and algorithmic thinking. The module
addressed four CT-related concepts drawn from established CT education standards and
organized the content into three levels: basic, intermediate, and advanced [18,19]. The
module was built in MakeCode (Microsoft Corporation, Redmond, WA, USA), an online
platform used to teach Python with the Micro:bit (Micro:bit Educational Foundation,
London, UK) device, which is a pocket-sized programmable hardware platform designed
for educational use [61].

Each section of the module included short instructional videos of approximately
five minutes each. In addition, a Gemini 1.5 model from Google Al Studio (Google
LLC, Mountain View, CA, USA) was integrated into the learning experience. The model
was configured to support K-12 Python learning by refining Micro:bit-specific APIs and
using prompt engineering techniques to assist with coding tasks [62]. The full GenAl
prompt template and operational rules are provided in Appendix C. During the module,
the AI model provided explanations and debugging support when participants encoun-
tered challenges or unfamiliar CT concepts. This design allowed participants to consult
the model while working through the activities, offering on-demand support within the
learning process.

This integration of GenAl may have enabled participants to interact with the Al
model during their learning, providing real-time support and fostering engagement. By
supporting participants as they addressed coding errors and clarified CT concepts through
consultation with the AI model, learners were able to overcome obstacles more effectively
and deepen their understanding of coding and CT (see Figure 2).

;;
il = (1) Consult GenAl for
¢ ~ questions with coding/CT
= .
. o
I v A P,
ﬂ = (2) Refer to the explanation to
understand the codes.

oa - oa - BEEOg

oe

Figure 2. A scene of consulting a GenAl model to solve problems.
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From a methodological standpoint, this design offers distinct upsides over alternative
teacher PD structures (see Table 2 for a comparison with other approaches). While tradi-
tional synchronous or mentorship-based CT training provides human guidance, it faces
severe resource constraints and instructional bottlenecks during text-based coding [29,31].
Standard asynchronous environments likewise lack interactive feedback, exacerbating
learner frustration and low self-efficacy [6]. In contrast, the proposed framework bridges
this gap by embedding an on-demand generative scaffold within a flexible, asynchronous
framework. As noted in emerging literature, this integration leverages GenAl’s capacity
for immediate, contextualized debugging and conceptual support [7,8]. Consequently, this
approach may support self-regulated, practice-embedded learning experiences without
requiring resource-intensive, real-time human intervention.

After completing the learning module, participants completed a posttest to measure
changes in their self-efficacy and beliefs regarding coding and CT concepts. This posttest
included the TBaCCT scale and the coding/CT assessment, enabling researchers to analyze
any differences between pre- and posttest results.

5.4. Data Analysis

Quantitative analyses were conducted to examine pre—post differences across the four
research questions (see Table 4). A paired-samples t-test was used for variables that met the
assumption of normality, as this test is appropriate for comparing mean differences within
the same group across two time points. For variables that did not meet the assumption
of normality, the Wilcoxon signed-rank test was used as a nonparametric alternative. In
addition, correlation analyses were conducted to examine the relationships among selected
variables after the intervention.

Table 4. Research questions, data sources, and data analysis methods.

Research Questions Data Sources Data Analysis Methods

RQ1. What pre- and

post-changes were

observed in participants’ TBaCCT scale test
teaching efficacy and value (self-report survey)
beliefs following the

intervention?

RQ2. What pre- and

post-changes were

observed in participants’ TBaCCT scale test
coding self-efficacy and CT  (self-report survey)
self-efficacy following the

intervention?

RQ3. What pre- and
post-changes were
observed in participants’

Paired-samples t-test

Wilcoxon signed-rank test

coding skills and CT Coding/CT assessment Wilcoxon signed-rank test
performance following the
intervention?
RQ4. To what extent were
gg&}:f%izzlcf_eiicfcy’ T (1) TBaCCT scale test
self-report surve orrelation analysis
> (self-rep y) Correlation analysi

coding/CT assessment
scores interrelated
following the intervention?

(2) Coding/CT assessment
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5.5. Descriptive Statistics

Descriptive statistics were calculated for all primary variables at the pre- and post-
intervention time points (see Table 5). For the 34 participants, each variable was sum-
marized using the minimum, maximum, mean, and standard deviation. Overall, all
survey-based and test-based measures demonstrated directional increases in their mean
scores from pretest to posttest, with coding self-efficacy showing the most substantial
descriptive gain.

Table 5. Descriptive statistics for measures.

Type Variables (Measures) * Time Point N Min Max Mean SD
Coding self-efficacy Pre 34 1.00 6.00  3.5515 1.39572
(8 items) Post 34 200 6.00 4.7794 0.83941
CT self-efficacy Pre 34 225  6.00 42721 1.01199
Survey- (4 items) Post 34 225  6.00  4.5809 1.11076
based Teaching efficacy Pre 34 1.00 6.00  3.5802 1.27901
(11 items) Post 34 236  6.00 4.6016 0.96262
Value beliefs Pre 34 330 6.00 45618 0.68844
(10 items) Post 34 310 6.00 4.8912 0.80429
Coding/CT assessment scores Pre 34 1.00 500  3.8824 1.03762
Testbased (5 jtomg) Post 34 200 500 42059 094643

* Each variable represents the average score of the number of items indicated in parentheses.

5.6. Reliability Check

Internal consistency reliability for each subscale of the TBaCCT instrument was as-
sessed using Cronbach’s alpha, calculated separately for pre- and posttest responses to
reflect the multidimensional structure of the scale. The results indicated excellent reli-
ability for coding self-efficacy (pre & = 0.966, post & = 0.940, 8 items), CT self-efficacy
(pre o = 0.784, post « = 0.803, 4 items), and teaching efficacy (pre a = 0.961, post a = 0.954,
11 items). Value beliefs also showed acceptable to good reliability (pre a = 0.792, post
a = 0.872, 10 items), indicating that all subscales demonstrated adequate internal consis-
tency for further analysis.

5.7. Assessment of Normality Assumption

The Shapiro-Wilk test was used to examine whether the difference scores met the
assumption of normality (see Table 6). Teaching efficacy and value beliefs met the normality
assumption and were analyzed using the paired-samples t-test. In contrast, coding self-
efficacy, CT self-efficacy, and coding/CT assessment scores did not meet the assumption of
normality and were therefore analyzed using the Wilcoxon signed-rank test.

Table 6. Normality tests for the difference in pre- and post-intervention scores.

Shapiro-Wilk

Variable Statistic df Sig.

Coding self-efficacy 0.885 34 0.002
CT self-efficacy 0.889 34 0.002
Teaching efficacy 0.946 34 0.092
Value beliefs 0.971 34 0.476
Coding/CT assessment score 0.828 34 <0.001

Outliers were retained in the dataset (see Figure 3) because there was no evidence that
they resulted from measurement errors or data-entry mistakes. Their inclusion allowed the
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analysis to preserve the full variability of the data. In addition, the use of non-parametric
tests for variables that violated the normality assumption reduced the influence of outliers
on the analysis.

6.00
24
o
4.00 30
o
32
% o
200 [
00 % % %
—200
8
o
-4.00
Coding_self_efiicacy CT_self_efficacy Teaching_efficacy Value_beliefs Coding & CT Test

Figure 3. Box plot showing retained outliers in difference scores.

6. Results

The results present pre—post differences in participants’ teaching efficacy, value be-
liefs, coding self-efficacy, CT self-efficacy, and coding/CT assessment scores, as well as
relationships among these measures. Statistical analyses included the paired-samples t-test,
Wilcoxon signed-rank tests, and correlation analyses.

6.1. Observed Changes in Teacher Efficacy and Value Beliefs

A paired-samples t-test was conducted using participants’ pre- and posttest scores on
the teaching efficacy and value beliefs subscales of the TBaCCT scale. The results showed
statistically significant increases in teaching efficacy (t = 7.653, p < 0.001) and value beliefs
(t =3.730, p < 0.001) following participation in the module (See Table 7).

Table 7. Paired-samples f-tests for teaching efficacy and value beliefs.

Paired Differences Significance
95% Confidence
Mean SD Stls/[f:;or Interval Difference S i?lrelfl-p S;Zg-p
Variable Lower Upper t df
Teaching 1 o138 077820 013346 074985  1.29290 7.653 33 <0.001  <0.001
efficacy
‘t};alizfes 0.32941 0.51495 0.08831 0.14974 0.50908 3.730 33 <0.001 <0.001

The effect sizes, as measured by Cohen’s d, were 1.312 for teaching efficacy and 0.640
for value beliefs, indicating large and medium effects, respectively (See Table 8). Notably,
the lower bound of the 95% confidence interval for teaching efficacy (d = 0.846) remained
well within the large effect range, whereas the interval for value beliefs indicated a more
moderate shift. Hedges’ correction estimates further confirmed these robust magnitude
patterns across both measures.
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Table 8. Paired-samples t-test effect sizes for teaching efficacy and value beliefs.
95% Confidence Interval
Standardizer * Point Estimate °
Variable Effect Size Lower Upper
Teaching efficacy Cohen’s d 0.77820 1.312 0.846 1.768
Hedges 0.79646 1.282 0.827 1.727
correction
Value beliefs Cohen’s d 0.51495 0.640 0.266 1.005
Hedges 0.52703 0.625 0.260 0.982
correction
* The denominator used in estimating the effect sizes. Cohen’s d uses the sample standard deviation of the mean
difference. Hedges’ correction uses the sample standard deviation of the mean difference, plus a correction factor.
6.2. Observed Changes in Coding and CT Self-Efficacy
Wilcoxon signed-rank tests were conducted using participants’ pre- and posttest scores
on the coding self-efficacy and CT self-efficacy subscales of the TBaCCT scale. The results
indicated statistically significant pre—post increases in both coding self-efficacy and CT
self-efficacy (see Tables 9 and 10).
Table 9. Wilcoxon signed-rank test result of coding self-efficacy.
Category N Mean Rank  Sum of Ranks VA p (2-Tailed) r (Effect Size) *
Negative ranks ! 0 0.00 0.00 - - -
Positive ranks 2 32 16.50 528.00 - - -
Ties 3 2 - - - - -
Total 34 - - —4.939 <0.001 —0.847
! Post_coding self-efficacy < Pre_coding self-efficacy; 2 Post_coding self-efficacy > Pre_coding self-efficacy;
3 Post_coding self-efficacy = Pre_coding self-efficacy; * Based on negative ranks; * The negative sign of Cohen’s r
indicates the direction of ranking, signifying an increase in coding self-efficacy scores.
Table 10. Wilcoxon signed-rank test result of CT self-efficacy.
Category N Mean Rank  Sum of Ranks z4 p (2-Tailed) r (Effect Size) *
Negative ranks ! 6 12.00 72.00 - - -
Positive ranks 2 19 13.32 253.00 - - -
Ties 3 9 - - - - -
Total 34 - - —2.443 0.015 —0.419

1 Post CT self-efficacy < Pre_CT self-efficacy; 2 Post_ CT self-efficacy > Pre_CT self-efficacy; 3 Post_CT self-
efficacy = Pre_CT self-efficacy; 4 Based on negative ranks; * The negative sign of Cohen’s r indicates the direction
of ranking, signifying an increase in CT Self-efficacy scores.

Coding self-efficacy increased from pretest to posttest (Z = —4.939, p < 0.001), with
32 of 34 participants showing gains. The effect size was large (r = —0.847). Crucially, the
rank distribution in Table 9 highlights a uniform upward shift, with a vast majority of the
sample exhibiting positive ranks (32 participants, 94.1%), while the remaining showed ties
(2 participants, 5.9%) and zero negative ranks (0 participants, 0.0%) were recorded.

CT self-efficacy also improved significantly (Z = —2.443, p = 0.015), with 19 participants
showing higher posttest scores and a moderate effect size (r = —0.419). In contrast to
coding self-efficacy, the ranks for CT self-efficacy (Table 10) were more widely distributed
across the sample; while around half achieved positive ranks (19 participants, 55.9%), a
notable portion of the sample exhibited either ties (9 participants, 26.5%) or negative ranks
(6 participants, 17.6%), accounting for the relatively lower magnitude of the resulting
effect size.

https:/ /doi.org/10.3390/ai7080277


https://doi.org/10.3390/ai7080277

Al 2026, 7,277

13 of 25

6.3. Observed Changes in Coding/CT Assessment Scores

Wilcoxon signed-rank tests were conducted to compare participants’ pre- and posttest
scores on the coding/CT assessment. The results indicated a statistically significant pre—
post increase in assessment scores (Z = —2.054, p = 0.040), with 11 of 34 participants showing
higher posttest scores (see Table 11). The effect size was moderate (r = —0.352). From a
structural standpoint, the rank distribution in Table 11 reveals that more than half of the
sample exhibited ties (19 participants, 55.9%), indicating no change in their pre- and post-
intervention test scores. Among the remaining participants, around one-third demonstrated
positive ranks (11 participants, 32.4%), while a small minority showed negative ranks
(4 participants, 11.8%). This unique structural distribution, particularly the high prevalence
of tied scores, accounts for the more conservative moderate effect size observed in contrast
to the affective self-efficacy measures.

Table 11. Wilcoxon signed-rank test result of coding/CT assessment score.

Category

N Mean Rank Sum of Ranks z4 p (2-Tailed) r (Effect Size) *

Negative ranks 1
Positive ranks 2
Ties 3

Total

4 6.50 26.00 - - -
11 8.55 94.00 - - -
19 - - - - -
34 - - —2.054 0.040 —0.352

1 Post_coding/CT assessment score < Pre_coding/CT assessment score; 2 Post_coding/CT assessment score >
Pre_coding/CT assessment score; 3 Post_coding/CT assessment score = Pre_coding/CT assessment score; 4 Based
on negative ranks; * The negative sign of Cohen’s r indicates the direction of ranking, signifying an increase in
coding/CT assessment scores.

6.4. Post-Intervention Relationships Among Measures

Correlation analyses were conducted using participants” post-intervention coding
self-efficacy scores, CT self-efficacy scores, and coding/CT assessment scores to examine
the interrelationships among affective and performance measures (see Table 12). Interest-
ingly, the resulting correlation matrix in Table 12 reveals an entirely decoupled pattern
between the two subjective self-efficacy constructs and the objective, test-based perfor-
mance measure, with both Pearson correlation coefficients trending near zero and failing to
reach statistical significance (v = —0.038, p = 0.832 for coding self-efficacy and assessment
scores; ¥ = —0.053, p = 0.767 for CT self-efficacy and assessment scores). In contrast, the
relationship between the two affective measures—coding self-efficacy and CT self-efficacy—
demonstrated a moderate positive directional trend (r = 0.333) that closely approached the
empirical threshold of significance (p = 0.054), although it ultimately remained statistically
non-significant under the conventional criterion of « = 0.05.

Table 12. Correlation analysis of coding self-efficacy, CT self-efficacy, and coding/CT assessment
scores.

Coding CT Coding/CT

Statistic Self-Efficacy Self-Efficacy Assessment Scores

Coding self-efficacy

r 1 0.333 —0.038
p (2-tailed) - 0.054 0.832
N 34 34 34

CT self-efficacy

r 0.333 1 —0.053
p (2-tailed) 0.054 - 0.767
N 34 34 34

Coding/CT

assessment scores

r —0.038 —0.053 1

p (2-tailed) 0.832 0.767 -
N 34 34 34
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7. Discussions

This study reports preliminary pre—post differences observed among participants who
completed a GenAl-supported PD module for K-12 teachers.

7.1. Interpreting Shifts in Teacher Self-Efficacy and Value Beliefs (RQ1, RQ2)

Across the TBaCCT subscales, participants showed higher posttest scores in coding
self-efficacy, CT self-efficacy, teaching efficacy, and value beliefs. These positive trends
align with prior literature establishing that structured PD for CT is often associated with
increases in educator confidence [28,31]. Specifically, these patterns corroborate prior
findings that interactive modules offering timely explanations, individualized support,
and self-paced tasks can foster positive psychological outcomes [45,63]. In teacher PD,
fostering such self-efficacy is a critical prerequisite; an educator’s belief in their own
capability plays a central role in their persistence when facing technical setbacks and their
ultimate willingness to adopt unfamiliar technologies in the classroom [6,35]. Therefore,
tracking these psychological dimensions provides vital insight into whether a module can
lower the initial dispositional barriers that historically hindered curriculum integration [5].
Crucially, while traditional frameworks suggest that such affective shifts are primarily
observed within intensive, human-led coaching or long-term design communities [29,34],
our exploratory pilot highlights a preliminary connection between an automated, GenAl-
supported learning environment and similar positive shifts in teacher beliefs.

This on-demand scaffolding—focusing primarily on real-time debugging and trou-
bleshooting assistance—may have played a supportive role in minimizing the technical
uncertainties that typically challenge teachers in conventional asynchronous formats [6].
Furthermore, the observed increase in value beliefs mirrors broader educational frame-
works within which early mastery-like experiences in training often relate to a teacher’s
openness to future classroom implementation [31,38]. While the present single-group
design does not allow causal attribution to the GenAI component alone, these exploratory
data provide empirical baseline evidence that supports emerging literature on the role of
interactive Al scaffolds in lowering early dispositional barriers to text-based coding [7,8].

7.2. Exploring the Association Between Self-Efficacy and Performance Gains (RQ3, RQ4)

Although both self-efficacy and performance scores increased, posttest correlation
analyses showed no statistically significant correlations among these measures, indicating
that affective confidence and conceptual skill acquisition did not necessarily develop in
tandem. This divergence directly corroborates the foundational perspective that self-efficacy
reflects perceived capability under specific conditions rather than objective performance
outcomes [35]. In the context of technology-mediated PD, this pattern highlights a critical
phenomenon: immediate automated feedback can relate to initial increases in learners’
comfort levels, yet actual text-based coding competence typically requires longitudinal,
repeated application to fully solidify [21].

This descriptive mismatch presents an interesting contrast to some traditional,
instructor-led CT interventions in which skill gains and confidence often exhibit parallel
trajectories due to real-time human monitoring and iterative correction [28,31]. In our
self-paced module, the high number of tied performance scores suggests that, although
the GenAl scaffold may have reduced initial anxiety and increased motivation, the short
duration of the pilot was not sufficient for participants to internalize complex syntax and
computational thinking logic. Consequently, these findings suggest that GenAl may sup-
port prompt confidence-building and reduce early bottlenecks, but it should be evaluated
within a broader, iterative learning sequence that includes extended practice, reflective
code-writing, and delayed post-testing to capture genuine competence transfer [21,35].
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7.3. Theoretical and Practical Contributions

To clarify the broader impact of this exploratory pilot, these baseline trends offer
distinct contributions that extend existing computing education and PD frameworks. First,
this study contributes a novel theoretical perspective on scaffolding by positioning an
automated, GenAl-supported environment as an on-demand alternative for real-time
human expert mediation [7,8]. While prior literature frames text-based computing PD
as an inherently resource-intensive endeavor [29,34], our findings suggest the viability
of low-resource, asynchronous frameworks to support early affective readiness. Second,
by empirically capturing the early decoupling between initial confidence building and
delayed conceptual mastery [21,35], this study provides a vital architectural caveat to
the AIED field. It theoretically underscores that reducing psychological bottlenecks does
not automatically parallel immediate cognitive internalization. Ultimately, these insights
provide a sustainable empirical and practical foundation for researchers and district leaders
seeking to design multi-layered, scalable learning sequences that balance affective support
with rigorous skill transfer.

8. Limitations and Future Research

This study has several limitations that should be considered when interpreting the
findings. First, reliance on convenience sampling, the English-language proficiency require-
ment, and the absence of a control group limit the generalizability of the results beyond the
current participant pool. Due to this single-group structure, observed changes cannot be
definitively isolated from confounding factors such as the self-paced format of the module,
which may have influenced participants’ pacing and engagement, as well as the short dura-
tion of the training, participants’ initial motivation levels, prior knowledge, maturation, or
testing effects. Second, the relatively small sample size may have reduced the statistical
power needed to detect meaningful correlations between self-efficacy and performance
gains. Third, participants’ interactions with the GenAl tools could not be fully standardized;
the frequency, type, and depth of prompt usage likely varied across individuals. These
variations may have shaped how participants experienced the GenAl-supported module
and, in turn, influenced their learning processes and outcomes. Fourth, the study examined
only immediate pre- and post-intervention changes, providing no evidence regarding the
long-term retention of coding and CT skills. Finally, although the five-item assessment
aligned with the module’s objectives, it may not have been sensitive enough to capture
nuanced learning gains, which could explain the high number of tied scores.

To address these limitations, future research should employ larger, more diverse
samples and incorporate control groups to better isolate the unique contributions of GenAl-
supported learning relative to other instructional approaches. Longitudinal follow-up
studies are also necessary to determine whether improvements in self-efficacy, value be-
liefs, and coding/CT performance are sustained over time. Crucially, future evaluations
should assess whether teachers can successfully transfer these skills into authentic class-
room practices and independently design coding activities for their students. In addition,
follow-up studies should incorporate usage tracking and participant surveys to investigate
how different GenAl models, prompt-design strategies, and levels of scaffolded support
influence teachers’ learning experiences and outcomes in text-based coding and CT [62].

9. Conclusions

This exploratory study found that participation in the GenAl-supported, self-paced
online module, Let’s Code with GenAl, was associated with higher posttest scores in coding
self-efficacy, CT self-efficacy, teaching efficacy, value beliefs, and text-based coding/CT per-
formance among K-12 teachers. These findings point to the potential value of Al-supported
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learning experiences for teacher learning, although the study design does not allow the
effects of GenAl to be separated from other module features, such as its self-paced and asyn-
chronous format. The lack of correlations among self-efficacy measures and performance
scores suggests that confidence and skill development may not always progress in tandem.
Given the small sample size, the limited sensitivity of the coding/CT assessment, and the
large number of unchanged scores, the observed performance gains should be viewed as
preliminary rather than as evidence of substantial skill development. Moreover, future PD
programs may benefit from combining confidence-building activities, such as on-demand
GenAl scaffolding, with authentic coding tasks, iterative feedback, and learning pathways
responsive to teachers’ prior knowledge. Embedding these supports within sustained
professional learning contexts may help strengthen both teacher confidence and coding/CT
competence over time.
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Abbreviations

The following abbreviations are used in this manuscript:

CT Computational thinking

PD Professional development

TBaCCT Teacher Beliefs about Coding and Computational Thinking
GenAl Generative Artificial Intelligence

Appendix A

Let’s Code with GenAl (Online Text-Based Coding Learning Module with GenAl Facilitation)

1.  Lesson objectives: Participants will be able to write and run simple codes with the
assistance of GenAl by using six fundamental coding and computational thinking (CT)
concepts, including (1) functions, (2) debugging, (3) variables, and three algorithmic
statements: (4) sequence, (5) loop, and (6) condition.

2. Target audience: K-12 teachers with basic digital literacy skills, including the
ability to access the required LMS system. They are not expected to have any
programming skills.

3. Materials and resources: Laptop (with Chrome web browser), GenAl prompt (with
Micro:bit API for MakeCode Platform), Google Account

4. Session flow (50-60 min in total)

a. Pretest (10 min):

i. Participants take part in the pretest for (10 min for 38 items in total)
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Coding/CT assessment (5 items)

Variable

Sequential statement
Conditional statement
Loop statement

e an oPp

Combination of variable, conditional statement, and loop state-
ment

Teacher Beliefs about Coding and Computational Thinking (TBaCCT)
(33 items)

a. Section 1: Coding self-efficacy (8 items)
b. Section 2: CT self-efficacy (4 items)

c.  Section 3: Teaching efficacy (11 items)
d. Section 4: Value beliefs (10 items)

b. Main activity (3040 min):

1.

ii.

Computational concept exploration (10 min): Use Canvas (LMS)/

MakeCode to introduce and demonstrate basic coding concepts with

corresponding scenarios according to the degree of difficulty:

1.

Function: A named block of code that performs a specific task (e.g.,
show me number 1). MakeCode’s Micro:bit requires basic.forever
(_function_slot_) to continuously execute inserted functions, which
must be understood before proceeding.

Debugging: The process of identifying and removing errors, or
bugs, from a computer program. Left alignment and typos are the
primary issues that GenAl can help address.

Variables: Storage for data (e.g., x = “Earth”, change x to “Moon.”)
Sequential statements: Letting instructions happen one after the
other, in order (e.g., say “hi”—wait 1 s and then say “bye.”)

Loop statements: Repeat a set of instructions (e.g., play a short
sound effect, 3 times).

Conditional statements: Making choices (e.g., If variable x reaches
5, say “hello!”)

Problem-solving with Code Creation activity (10 min): Participants are

asked to solve Missions by consulting GenAl without seeking help from

human instructors.

1.

2.

Mission 1: Design codes to develop a countdown program

a. Objective: Participants design a fully functional program that
incorporates concepts related to function, variable, sequential
statement, and loop statement.

b. Description: Participants need to design codes that show num-
bers 1 to 5 and then show the word “Happy” on the screen.
This activity is designed to help learners understand how func-
tions, variables, sequences, and loop statements work. If they
succeed, they can proceed to the next mission.

Mission 2: Create a program that responds to tilting action

a. Objective: Participants design a fully functional program that
incorporates functions, variables, sequential statements, and
conditional statements.
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b.  Description: Participants need to design codes that show the
visual effect according to the scenario below.

i.  Tilt Micro:bit to the left, and then “—1” shows up in order
from “—" to “1” on the screen.

ii. Tilt Micro:bit to the right, and then “1” shows up on the
screen. Tilting action can be activated with a mouse click
on either side of the virtual Micro:bit device on the screen
of the MakeCode platform. This activity is designed to
help learners understand how statements of function, vari-
ables, sequences, and conditions work. If they succeed,
they can proceed to the next mission.

3. Mission 3: Create a program that includes four out of the five
computational concepts: function, variable, sequence, condition,
and loop.

a. Objective: Participants design a fully functional program that
incorporates functions, variables, sequential statements, con-
ditional statements, and loop statements.

b.  Description: Demonstrate and explain a program that utilizes
four out of the five CT concepts presented in the module. This
will comprehensively cover all the concepts addressed during
the session. Whether they succeed or not, they can go over to
the posttest.

C. Posttest (10 min):
i Participants take part in the posttest (10 min for 38 items in total)
1. Coding/CT quiz (5 items)
2. Teacher Beliefs about Coding and Computational Thinking (TBaCCT)

a. Section 1: Coding self-efficacy (8 items)
b.  Section 2: CT self-efficacy (4 items)
c.  Section 3: Teaching efficacy (11 items)
d. Section 4: Value beliefs (10 items)

' basic.forever(other_function )

- Used to monitor and operate
inside the bracket

eq.

def play_this():

basic.show_string("H")

6 o0H

basic.show_string("l")
basic.forever(play_this)

o®Emm X QL

Figure A1. Example of function blocks in MakeCode Python environment.
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Def: The process of
identifying and
removing errors, bugs,
or problems from a
computer program

- Left alignment v

Figure A2. Example of debugging code with GenAl support.

Def: A named space that
stores a specific data.

It can change according to
the flow of codes.

eq.
k=1
k=2

basic.show_number(k)

% > -

B8 Microsoft | @ microbit

Q

<
C®E m X

B8 Microsoft | @ micro:bit

-
<

6o0

O ®E I X QE

@ Pyt

Figure A3. Example of variable initialization and modification.

Def: A instruction that
allows a block of code
executed in order, one
after another

€.9.
basic.show _number(1)
basic.show_number(2)

Figure A4. Example of sequential code execution flow.

Def: Instruction that allows a block of code
to be executed repeatedly based on a
specified amount of time

eq.

def display_message():
basic.show_string("V")
basic.clear_screen()
basic.pause(500)

for i in range(5):

display_message()

o

ommXQiL MDD

v “

basic.showing_string(“Hello! ")

basic. show_number(k)
K =2
basic. show_number(k)

Flickering exactly 5 times with 0.5s intervals

0o20H

OC®mmX Qk

# <

basic.pause

6 for 1 in range(5):

display_message()

Figure A5. Example of loop statements repeating instruction blocks.
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oo | @i

Def: Instruction that allows a block of
code to make decisions.

Also known as an "if statement"

eq.

def on_forever():
if input.button_is_pressed(Button.A):
basic.show_string("A")
elif input.button_is_pressed(Button.B):
basic.show_string("B")
else:
basic.clear_screen()
basic.forever(on_forever)

Figure A8. Example of visual response for tilting action in Mission 2.

Appendix B
Coding and Computational Thinking Assessment
Q1. Variable

- focus: understanding of variables as named storage locations in a program

Box A1. Assessment item on variable concept.

A variable is a named location in a program that stores a value. Once a variable is defined, its value
remains fixed throughout the program’s execution.
[ ] True [ ] False

Q2. Sequential statement
- focus: understanding of the execution order of sequential statements

Box A2. Assessment item on sequential statement concept.

In the following code, print(“First line”) executes before print(“Second line”).

print(“Second line”)
print(“First line”)

[ ] True [ ] False

Q3. Conditional statement

- focus: understanding of conditional logic and program output
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Box A3. Assessment item on conditional statement concept.

What message will the following code print as output?

if 10 < 5:

print(“It is cold”)
else:

print(“It is hot”)

[ 1 (No output) [ ] Itiscold
[ ] Itishot [ ] Itiscold
Itis hot

Q4. Loop statement
- focus: understanding of repeated execution in a loop structure

Box A4. Assessment item on loop statement concept.

for i in range(3):
print(“Hello”)
[ 11 [ 12 [ 13 [ 14

Q5. Integrated Concepts
- focus: understanding of the integrated use of variables, conditional logic, and loops

Box A5. Assessment item on integrated CT concepts.

What will be printed as output by the following code?
total =0
for number in range(5):
if number > 2:
total += number
print(total)
[ 15 [ 17 [ 19 [ 111

Appendix C
GenAl Prompt Template and Operational Rules

1.  Scope of Use: This scope was included to keep the model focused on the exact
learning domain and to prevent irrelevant or off-topic responses.

- Respond only to questions related to MakeCode Python programming for Mi-
cro:bit.

- Stay within the scope of the provided coding materials and learning tasks.

- If the requested content is not included in the provided materials, state that no
relevant information is available.

2. API-Based Context: This API-based constraint was included to ensure that the Al re-
sponses matched the actual programming environment and remained
technically reliable.

- Use only the supplied MakeCode API context, including selected commands
from basic, input, music, led, and radio.

- Do not introduce unsupported parameters, undocumented syntax, or external
Python functionality.

- Keep responses aligned with the programming environment used in the module.

3. Response Constraints: These response constraints were included to reduce unsup-
ported or speculative outputs and to keep the Al support instructionally appropriate.

- Do not import additional modules.
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- Do not introduce general Python features not supported in the provided Make-
Code context.

- Do not mention functions, parameters, or programming features not included in
the supplied API material.

- Keep example code simple unless more complexity is explicitly requested.

- If the topic is outside the available API scope, do not speculate.

4.  Code-Generation Rules: These code-generation rules were included to promote code
validity, avoid unnecessary complexity, and improve consistency across examples.

- Generate only MakeCode-compatible Python code for Micro:bit.

- Avoid invalid enum operations.

- Avoid overly complex structures unless explicitly requested.

- Provide no more than two examples unless more are specifically requested.
- Prefer examples that work in the MakeCode emulator whenever possible.

5. Explanatory Rules: These explanatory rules were included to make the generated
examples easier to understand and to preserve the documented behavior of specific
MakeCode events.

- Place comments above any example code.

- Explain the logic of each example concisely after the code.

- Forlogo pressed or long-pressed events, note that the effect occurs when the logo
is released.

6.  Instructional Purpose: This overarching purpose was included to frame the Al as a
bounded instructional scaffold rather than a free-form code generator.

- These rules were intended to constrain the model’s behavior, ensure consistency
with the target programming environment, and improve reproducibility of the
GenAl-supported learning experience.

- The GenAlI tool functioned as a structured instructional aid for explanation and
debugging within a bounded API context rather than as an unrestricted code-
generation system.
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