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There are two growing demands in primary mathematics education: to deepen
students’ mathematical thinking, and to integrate Computational Thinking (CT)—
the conceptual and algorithmic foundation underpinning artificial intelligence.
However, current pedagogical strategies have proven insufficient in effectively
bridging both demands. To address this persistent gap, we propose an innovative
instructional syntax centered on structured, metacognitive reflection across
three levels: individual, peer-to-peer, and collective. The syntax organizes
argumentation, coloring tasks, creative problem posing, peer interaction, and
clustered collective reflection. Students perform these actions in written
form, creating a traceable record that facilitates systematic analysis and
enables comparisons among peers and across the whole class. This syntax
facilitates dialogical learning, ensuring all students actively participate. We
piloted this instructional syntax in 17 classes with 215 primary students and
examined implementation fidelity using LLM-supported transcript analysis. The
implementation was effective, demonstrating the feasibility of integrating this
syntax into regular classroom practice. To the best of our knowledge, this analysis
represents the first application of Large Language Models (LLMs) and clustering
techniques to understand the implementation of such a dialogic and reflective
instructional approach. The LLM-based analysis of the lesson transcriptions,
focused on the instructional syntax, provides clear guidance for continuous
improvement and scaling the integration of both demands.

KEYWORDS

computational thinking, dialogic intelligence, inner voice, LLMs based analytics,
mathematical discourse, metacognition, primary mathematics education

1 Introduction

The rapid advancement of technology and the growing prevalence of Artificial
Intelligence (AI) in everyday life create a unique and complex landscape for preparing
children for the future. According to the recent Nobel Prize in Economics, the AI revolution
is expected to significantly increase aggregate productivity growth, which, depending on the
calculation method, is estimated to be between 0.68 and 1.3 percentage points per year over
the next decade (Aghion and Bunel, 2024). Thus, traditional educational models, which
often prioritize rote memorization and procedural knowledge, are becoming less relevant
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as AI systems can perform these tasks faster and more accurately.
This shift requires a focus on skills that complement, rather than
compete with, AI, specifically those enabling critical evaluation and
responsible deployment of these powerful tools.

One of the most crucial of these skills is Computational
Thinking (CT). CT is not about learning to code, but rather
about approaching problems in a way that can be understood and
solved by a computer. It involves breaking down complex problems
into smaller, more manageable parts (decomposition), recognizing
patterns in data (pattern recognition), developing step-by-step
instructions to solve the problem (algorithms), and generalizing
solutions for a wider range of similar problems (abstraction) (Wing,
2006). CT is the thought process required to do computational
models of the world (Denning, 2017; Tedre and Denning, 2016).

However, the successful and effective integration of AI into
societal structures represents a profound cognitive and educational
challenge. The increasing use of AI and LLMs presents citizens
with new cognitive challenges. The critical hurdle is cultivating the
analytical judgment needed to assess the reliability and validity of
AI-generated content. Using AI and LLMs without understanding
their internal mechanisms and without developing computational
thinking skills poses several risks, as LLMs exhibit remarkable
generative capabilities but remain vulnerable to complex failures
(Kazlaris et al., 2025; Kargupta et al., 2025). These models
are susceptible to unpredictable hallucinations—outputs that are
fluent yet inaccurate, ungrounded, or inconsistent with source
material. Furthermore, due to their training data and pattern-
matching architecture, LLMs can exhibit functional analogs of
human fallibility, including cognitive biases and illusions (Araya,
2025b), as well as statistical aversions or “phobias” (Araya, 2025a).
This inherent susceptibility to error demands that users develop
sophisticated metacognitive skills to calibrate their trust in AI
suggestions and outputs. Understanding these vulnerabilities is
critical for responsible deployment. By nurturing CT from an early
age, we can empower children to become creators and innovators
in a world increasingly shaped by technology, capable of harnessing
AI’s power while mitigating its inherent risks. This skill set prepares
them not just for careers in STEM but also for a future in which
technology is a fundamental tool across every field.

Several studies and data from international assessments
and competitions highlight weaknesses in the instruction of
mathematical and computational thinking in Indonesian primary
schools. Several studies support the critical need for pedagogical
innovation. We review several of them.

First, let’s consider student Proficiency studies in mathematics.
The Programme for International Student Assessment (PISA) 2018
report revealed that Indonesian students‘ mathematical literacy was
significantly low, with an average score of 379, well below the
OECD average of 489. Indonesia’s PISA 2022 results show declines
across the three domains—mathematics, reading, and science—
relative to earlier assessments. In 2022, mean scores were among
the lowest Indonesia has recorded: mathematics (∼366), reading
(∼359), and science (∼383). These results are similar to those in the
early PISA years (e.g., 2003 for math/reading) and indicate a decline
from achievements in the mid-2010s (OECD PISA 2022 Results
(Volume I and II)—Country Notes: Indonesia) (OECD, 2023).
Although the gap between high and low achievers in mathematics

has narrowed recently, it is mostly because top performers’
scores have dropped, while low performers have shown smaller
changes. In reading and science, however, the distribution didn’t
change much: disadvantage persists. Socioeconomically advantaged
students outperform disadvantaged students in mathematics by
∼34 score points in Indonesia, though this is far less than the
OECD average gap (∼93 points). The influence of socio-economic
status on mathematics performance in Indonesia is smaller than the
OECD average, accounting for approximately 6% of the variability.

Second, we review CT. Between 2019 and 2025, research
on integrating CT into Indonesian mathematics classrooms
has increased, often employing task-based approaches such as
project-based learning (PBL) or Realistic Mathematics Education
(RME). Many studies still remain qualitative and descriptive;
only a few use experimental or intervention designs (Suarsana
et al., 2024); programming tools (e.g., block-based or tangible
devices) are infrequently used; and the literature shows that many
CT implementations are carried out without actual coding tools
(Suarsana et al., 2024). The national curriculum formally includes
CT as a “minimum competency” from elementary through high
school, often embedded in mathematics, science, and informatics
subjects (Suarsana et al., 2024). According to UNICEF’s “Digital
Learning Landscape in Indonesia” (UNICEF, 2021), a major
challenge is the limited adoption of educational technology by
teachers and students, as many are unaware of government digital
learning platforms, and integration into regular teaching is low.
Moreover, unequal digital access (rural/urban, socioeconomic
divides) constrains equitable CT education (SMERU Research
Institute, 2022; UNICEF, 2021). In sum, while CT is endorsed
in policy and increasingly researched, the implementation in
programming-based, creative CT activities remains modest
and uneven in Indonesia, hampered by resource, access, and
capacity gaps.

A study on the Bebras Challenge 2023, an international CT
competition (Fitriyah et al., 2024), found that 87% of Indonesian
participants scored below the minimum proficiency threshold
of 50. This indicates that the vast majority of students lack
fundamental CT skills. On the other hand, research on students’
CT skills in mathematics reveals consistent challenges across grade
levels and contexts. For instance, Rosali and Suryadi (2021) found
that while one eighth-grade student scored 67.48 on a CT test—
classified as “high”—the study still highlighted significant gaps
in core CT components such as abstraction and algorithmic
thinking. Similarly, Permana et al. (2022) emphasized the difficulty
that elementary students face when applying CT strategies in
mathematical problem-solving, despite the use of structured
interventions. Fajri and Yurniwati (2019) further demonstrated
that students’ cognitive styles play a critical role in shaping their CT
and mathematical thinking abilities, suggesting that instructional
approaches must be tailored to individual learning profiles.

A recent adjustment (2023–2024) to the Merdeka Curriculum
reintroduced informatics as a subject in many schools, emphasizing
not only digital literacy but also logical reasoning, computational
thinking, and the distinction between fact/opinion. It focuses on
developing CT skills, fostering logical reasoning for independent
problem-solving (GEM Report UNESCO, 2023). However, it faces
several challenges.
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What about creative thinking? According to the OECD (2024)
PISA Results (Volume III)—Factsheets: Indonesia, Indonesia’s
mean score in creative thinking was 19 points out of 60, well
below the OECD average of 33. Only 31% of Indonesian students
reached the baseline proficiency (Level 3) in creative thinking,
compared to an average of 78% across OECD countries. Only 5%
of Indonesian students are top performers in creative thinking
(Levels 5–6), which is significantly lower than in many peer
countries. According to the OECD report’s “pedagogies conducive
to creativity” section, approximately 18% of schools in Indonesia
offer computer programming classes or activities at least weekly.
Among students,−31% attend them. Despite this, creative thinking
performance remains low, and Indonesia exhibits larger gaps:
many students do not reach the baseline level of creative thinking
proficiency, even with exposure to activities such as programming.

Third, we review teacher Preparedness and Training.
According to a UNESCO paper commissioned for the GEM Report
UNESCO (2023), “Technology in Education in Southeast Asia,”
there is a deficiency in teacher training on the effective utilization of
technology in the classroom. Without these foundational elements,
the transformative potential of this curriculum cannot be fully
realized across the nation’s diverse educational landscape. The
main challenge of the Kurikulum Merdeka has been relying on
teachers’ competencies, requiring them to shift their paradigms
and facilitate students‘ active learning (GEM Report UNESCO,
2023). A survey of 100 teachers in Indonesia (Asian Development
Bank, 2022) revealed that while 70% had access to technology, only
45% felt confident using it as an educational tool. This indicates a
major gap between technological access and the pedagogical skills
needed to leverage it effectively. The same survey found that 85%
of teachers acknowledged they had not received specific training on
how to use technology in education. These data point to a systemic
failure in providing educators with the necessary skills to integrate
CT-based instruction.

A World Bank study (Dini et al., 2024) on teaching practices
in Indonesian primary schools found that teachers scored poorly
on key instructional elements. For example, they scored 2.4 out of
5 for encouraging students to “think critically,” a core component
of CT, and 1.8 out of 5 for providing effective feedback. This data
shows that current teaching methods are not effectively fostering
CT skills.

On the other hand, to achieve the goal of integrating
computational and mathematical thinking, any novel approach
must consider the dynamics of cognitive processes during learning.
Additionally, it should strive to incorporate recent AI developments
that can support it. One fundamental fact is that human cognition is
a complex interplay of two different cognitive systems (Kahneman,
2011; Stanovich et al., 2016), each contributing to how we process
information and solve problems. The dual-process theory posits
two modes of thought: System 1 and System 2. System 1 is fast,
automatic, and intuitive, operating without conscious effort. It’s
the system we use for tasks like recognizing a face or performing
simple arithmetic, such as 2 + 2. Conversely, System 2 is slow,
deliberate, and effortful, requiring conscious attention to solve
complex problems, such as a difficult math equation or a logical
puzzle. This system is what we engage when we are actively
monitoring our thoughts and reasoning through a problem step

by step. The distinction between these two systems provides a
powerful framework for understanding not only human decision-
making but also the behavior of artificial intelligence. Key activities,
such as argumentative writing, problem-solving, and problem-
posing, are not merely tasks; they require reflection on our internal
cognitive processes at work. When we write an argument, we
actively structure our thoughts, identify premises, and formulate
conclusions. Similarly, solving a problem requires us to navigate a
series of steps, and posing a problem involves a deep understanding
of a concept to the point where we can formulate new questions
about it. These activities highlight the dynamic and multifaceted
nature of our mental operations, which are composed of two
distinct systems (Kahneman, 2011; Stanovich and Toplak, 2023).

Interestingly, artificial intelligence (AI) exhibits behaviors that
resemble those of cognitive systems (Fabiano et al., 2025; Joseph,
2025; Bengio, 2004; Guo et al., 2025; Street et al., 2024). While most
AI models today operate on a more structured, algorithmic basis,
some advanced models are beginning to show characteristics of
System 1. They can process vast amounts of data and make rapid,
intuitive-like decisions, sometimes without a transparent step-by-
step reasoning process. This is particularly evident in models that
have a degree of autonomy or can generate novel content. For
instance, a generative AI that creates a piece of art or writes a story
may be applying a System 1-like process, relying on learned patterns
and associations to produce a result that feels fluid and automatic,
rather than a rigid, System 2-like calculation.

A critical aspect of human cognition is the phenomenon of
our inner voice or self-talk (Kross, 2021). This internal monolog is
more than just a running commentary; it is a crucial mechanism
for monitoring and controlling our thought processes (Moser
et al., 2017; Roby and Kidd, 2008). It allows us to review
our ideas, correct errors, and stay on track toward a solution.
This self-monitoring function is a manifestation of System 2
thinking, where we consciously reflect on our cognitive operations.
By “talking to ourselves,” we engage in a feedback loop that
enhances our ability to reason and solve complex problems. This
inner dialogue is a testament to the metacognitive abilities that
are fundamental to advanced human thought. Thus, to foster
argumentation and posing problems, we propose an “embodied
argumentation” strategy (Araya et al., 2025a). This approach
utilizes a hand puppet to facilitate the internalization process
described by Vygotsky (1978) and O’Connor (2020). The process
transforms external social dialogues into internal inner-speech
dialogues. This essential process—moving from social to private
to inner speech—transforms an interpersonal activity into a deep
intrapersonal cognitive skill.

Moreover, the effectiveness of inner speech and embodied
argumentation depends heavily on how teachers orchestrate
classroom dialogue. Monitoring and fostering dialogic interactions
is, therefore, critical, since such exchanges provide the raw
material that students gradually internalize into private and inner
speech. Dialogic pedagogy emphasizes coherence, authorship, and
responsible talk as pathways for deeper reasoning and collective
meaning-making (Lehesvuori et al., 2013, 2023; Alexander,
2020; Lehesvuori and Ametller, 2021). Interaction and dialogic
practices, with the teacher or others, foster the development
of argumentation skills (Kuhn, 2015; Iordanou and Rapanta,
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2021). Thus, situating argumentation within dialogic structures,
teachers create opportunities for students to practice reflection
and perspective-taking, skills that eventually become part of their
inner cognitive toolkit for problem-solving, problem-posing, and
creative inquiry.

Metacognition is a reflection and conversation with one’s inner
voice about how one approaches and solves a problem. Surprisingly,
this is also critically important in AI. New Large Language Models
(LLM) are incorporating it, given their greater effectiveness in
reasoning (Bengio, 2004; Didolkar et al., 2025; Araya, 2025a; Guo
et al., 2025). Inner speech saves memory for reasoning. In other
words, it requires less cognitive load. During the reasoning process,
LLMs often reroute themselves through the same intermediate
steps between problems, which increases token usage and latency.
This saturation of the context window reduces exploration capacity.
Therefore, the inner speech strategy proposes a metacognitive
analysis of the model, revisiting traces of previous chains of
reasoning. Thus, the model improves its own future reasoning by
leveraging behaviors from its previous problem-solving attempts.
LLMs learn to evaluate their own ongoing reasoning by writing
and reflecting on the statements they’ve already generated, and
to explore alternative approaches in their responses. For example,
the model learned to insert phrases into their reasoning, such as:
“Wait. That’s a revelatory moment I can point to here” (Ippolito
and Zhang, 2025), or “Wait, but that seems contradictory. Maybe
the better way is to explain through truth tables” (Araya, 2025b).

Finally, pedagogical tools such as the use of color play
a significant role in making complex, abstract concepts more
concrete and accessible. This is particularly powerful in abstract
fields such as mathematics. Color helps students understand
abstract ideas by providing a visual anchor. For example, using
different colors to represent various geometric shapes or to
highlight different parts of an equation can make the information
easier for our System 1 to process, thereby freeing up System 2
for higher-level reasoning. This illustrates how external aids, like
visual cues, can be strategically employed to bridge the gap between
abstract concepts and our cognitive systems, making the learning
process more intuitive and effective (Araya and Isoda, 2023; Araya,
2021a, 2025c; Somsaman et al., 2024). These types of multimodal
teaching strategies, which utilize drawings and colors, such as the
kawung batik motif (Danoebroto et al., 2024), have shown promise
in developing students’ motivation and mathematical thinking.
They foster the recognition of patterns, abstract and analogical
thinking, functional reasoning, and symbolic representation, and
can do so by cultivating diverse dimensions of mathematical
thought in culturally meaningful ways.

The coloring activities in the A/B worksheets promote diverse
CT components, spanning numerical, fractional, spatial, logical,
recursive, inferential, probabilistic, and statistical reasoning, as
well as mathematical and computational modeling, as detailed
in Table 1. These tasks bridge fundamental CT concepts, ranging
from Turing machines with varying instruction sets to Von
Neumann cellular automata (Agüera y Arcas, 2025a,b; Changsri
et al., 2025). By modeling biological entities—such as bacteria
or worms as “Pac-mans” navigating boards via gradient descent
methods (Araya, 2021b, 2023)—the activities provide a rigorous but
playful framework for understanding life phenomena and organic
behavior. This coloring approach attempts to enable primary

TABLE 1 CT components included in the A/B coloring worksheets and illustrative examples.

Components Example

Fractional thinking Paint red two-thirds of balls of each box

Recursive thinking Paint blue all boxes that contain boxes

Spatial thinking Paint yellow all cats under a chair

Logical thinking Paint yellow the smallest chick belonging to the

largest hen

Statistical thinking Paint black all cats above average size

Probabilistic

thinking

Given the cues, paint red the book most probably

contains the card

Inferential thinking Find the appropriate sequence of clues and by

following it infer the object where the card is

hidden, and paint that object red.

Causal thinking In each box, paint each ball the color of the ball in

the position directly above but in the adjacent left

box.

Planning Paint where the ball will land

Mathematical

modeling

Paint in red the path of a worm that starts at the

top left of the board and moves each time to the

adjacent cell with more nutrients, indicated by the

number inside the cell.

Computational

modeling

Paint in red the path of a worm that starts at the

top left of the board and moves each time to the

adjacent cell with more nutrients, indicated by the

number inside the cell.

Pattern recognition Paint the balls in each box with the opposite

pattern of the nearest box

Written

argumentation

Explain with your own words, using a story about

pets.

Problem posing Pose a similar problem, but not exactly the same as

the previous one

Metacognition Using the words typical of your model of your

peer, explain how your peer understands your

sentence

Prompting For each object, select two different colors from

red, yellow, and blue, and paint half of the object

one color and the other half the other color.

Algorithmic

thinking

Select a number between 2, and 4, in each box

choose a color and paint at least that amount of

that color.

students to internalize fundamental computational abstractions
through embodied, visual execution.

While previous studies in Indonesia—such as Rosali and
Suryadi (2021), who examined students’ CT skills in number
pattern lessons during the COVID-19 pandemic, and Permana
et al. (2022), who explored the integration of CT in elementary
mathematics instruction—have identified persistent challenges
in algorithmic reasoning, abstraction, and decomposition,
comparative research across different educational systems provides
valuable contrast. For instance, a cross-cultural investigation by
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Prahmana et al. (2024) revealed that Indonesian and Japanese
students exhibited distinct heuristic strategies when solving
geometry problems, reflecting variations in curricular design and
instructional scaffolding. Furthermore, a systematic literature
review by Fauzi et al. (2024) emphasized that successful integration
of CT occurs more effectively when curricula, teacher professional
development, and assessment systems are cohesively aligned with
CT principles. This juxtaposition highlights two critical gaps in
the Indonesian context: (a) a lack of fine-grained, process-level
data on how teachers scaffold CT during classroom discourse,
and (b) insufficient empirical linkage between teacher–student
interaction patterns and quantifiable CT constructs. These
gaps directly inform the present study’s methodology, which
employs instructional syntax analysis and artificial intelligence
(AI)-based discourse mapping to uncover latent CT structures
embedded in teacher–student communication. By analyzing
classroom talk as computational data, this approach transcends
conventional pre- and post-test measures, offering a dynamic,
process-oriented understanding of CT development within
authentic learning environments.

A key methodological innovation in our work is the use
of AI, and particularly LLMs, to analyze classroom practices
(Urrutia and Araya, 2024; Tapia-Mandiola and Araya, 2024).
Recent studies, such as those by Lehesvuori et al. (2025),
have demonstrated that teacher questions can be automatically
analyzed from classroom transcripts, highlighting the potential of
technology-aided discourse research. Similarly, Xu et al. (2024)
evaluated ChatGPT and GPT−4 for coding classroom discourse
in online mathematics instruction, demonstrating the reliability
of LLMs in handling complex interaction data. There is also
evidence that AI can help estimate the effect of teacher discourse on
student learning outcomes. For example, Schlotterbeck et al. (2020)
found discourse patterns linked to measurable learning gains.
Furthermore, AI can reconstruct teachers’ conceptual networks
directly from transcripts (Caballero et al., 2017). Together, these
advances demonstrate that AI-based analysis provides scalable,
replicable, and in-depth insights into teaching and learning.

In this paper, we address two research questions:

RQ 1. How can an instructional syntax of CT integrated
with mathematics teaching be applied in Indonesian
elementary schools?
RQ 2. What specific patterns, identified through AI analysis
of lesson plans and classroom videos, can be used to pinpoint
activities to increase the effectiveness of students’ CT learning?

2 Methods

The methodology centers on the systematic application and
monitoring of an innovative instructional syntax designed to foster
structured, metacognitive reflection across individual, peer-to-
peer, and collective levels. This framework organizes pedagogical
actions—including argumentation, coloring tasks, problem posing,
and clustered reflection—into traceable written records, enabling
comparative analysis of student participation and dialogical
learning. To address our core research questions, the study piloted
the instructional syntax in 17 primary classrooms. The analysis

assesses the degree of implementation fidelity and the practical
feasibility of integrating this instructional syntax into authentic
primary educational settings, using LLM-supported transcript
analysis for rigorous evaluation.

The methodology has three phases. First, teachers are trained in
the A/B coloring books (Araya, 2024) and the novel instructional
syntax involved. Second, the pilot phase and data collection of
lesson plans, video recordings of the sessions, and student work.
Third, the analysis of the collected data. In this paper, we focus on
the alignment between the proposed syntax and lesson plans based
on actual classroom teaching.

2.1 Phase 1: teacher training

During a three-day in-person training session on 16–18
October 2024, 30 elementary school teachers from three different
districts participated in a workshop led by two of the paper’s
authors. It was held at the SEAMEO Regional Center for Quality
Improvement of Teachers and Education Personnel (QITEP) in
Mathematics. The workshop, titled “Implementation of Unplugged
Computational Thinking Coloring Book in Bahasa Version for
Primary School Teachers,” was designed to improve teacher
competence in line with the mission of the SEAMEO Regional
Center for Quality Improvement of Teachers and Education
Personnel (QITEP) in Mathematics. Participants received hands-on
training in A/B coloring-book activities to learn core CT concepts
and how to teach them effectively. A/B coloring activities offer a
new level of active and open-ended participation. Unlike traditional
textbooks, A/B textbooks encourage active writing, explanation,
coloring, dialogue, and problem posing (Araya, 2025c). Based
on the concept of adversarial collaboration (Kahneman, 2011),
students tackle the problem on page A and then innovate by posing
a problem on page B to their peers (Figure 1), which encourages
precise argumentation, in-depth interactions, and intensive social
learning and development of prosocial skills, attitudes, and trust
in peers (Araya and González, 2025). This strategy fosters creative
inquiry and critical questioning, which is subsequently reviewed by
the entire class. A/B coloring textbooks’ aim is to prepare students
to understand and interact with Artificial Agents.

Teachers sent a total of 385 A/B coloring worksheets from the
three A/B coloring books. By grade level, the number of worksheets
is in Table 2.

The worksheets included activities on numerical thinking
with whole numbers, fractional thinking, logical thinking with
propositions and logical quantifiers, recursive thinking, and
statistical and probabilistic thinking. Each teacher colored the A
sheets according to the instructions and recorded their method in
writing (Figure 2).

They also formulated and wrote on page B a coloring problem
similar to the one on the corresponding page A, which was then
completed by a nearby teacher (Figure 3).

Participants also learned about using hand puppets as a strategy
to stimulate and develop metacognition by externalizing internal
dialogue (Figure 4).

The A/B Coloring Books WorkSheets define the instructional
syntax. This is the WS-Syntax. It is the core of the teaching strategy.
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FIGURE 1

(a) page A, where the student colors following the printed instructions. (b) page B, where the student poses instructions, and then a peer will color
and explain. English translations have been added in red letters to facilitate understanding by readers of the paper.

TABLE 2 Number of worksheets collected from grade levels.

Grade 1st Grade 2nd Grade 3rd Grade 4th Grade 5th Grade 6th Grade Total

Page A 41 21 92 16 5 40 215

Page B 29 15 91 20 2 13 170

Total 70 36 183 36 7 53 385

FIGURE 2

Teachers coloring the worksheets during the workshop.
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FIGURE 3

Participant explaining how they solved the problem posed by her peer.

FIGURE 4

Participant explaining to her hand-puppet.

Basically, the A/B coloring book worksheets provide a precise
structure for the session. It is a novel instructional syntax derived
from the worksheet’s format. Pages come in pairs: A and then B.

Each activity consists of two complementary parts, each one of one
page long. Page A contains an activity with images, painting and
drawing activities, and spaces for student A to write his argument.
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Page B contains the same pictures, but student A uses them to
pose a problem to student B, who responds by writing, drawing,
and coloring.

Page A introduces core AI concepts, such as the deepest
descent algorithm, as well as concepts related to logical, statistical,
probabilistic, spatial, visual, algorithmic, and other forms of
reasoning. It is colored and answered exclusively by student A
featuring handwritten text in which she explains her reasoning
and describes models and conjectures. Page B contains a problem
similar to the one on page A but created and written by student A.
On this page, Student A poses a problem, and Student B responds
by writing explanations and coloring. Thus, once completed, page B
contains a record of the interaction with student B. The interaction
on page B fosters the development of prosocial attitudes and skills,
including collaboration, understanding others, appreciation of a
partner’s ideas, and building trust (Araya and González, 2025). LLM
models can help the teacher analyze the handwritten responses and
images colored by both students. They should assist the teacher
in conducting formative assessment and providing feedback to the
students. They also provide valuable feedback to the teacher for
future lessons.

The novel instructional syntax for a lesson is the WS
instructional syntax provided in the Colorea Ideas A/B books,
which consists of a sequence of 7 stages (Figure 5):

• WS1—Prelude;
• WS2—Page A: Coloring;
• WS3—Page A: Presentation and Discussion;
• WS4—Page B: Coloring;
• WS5—Page B: Presentation and Discussion;
• WS6—Reflection and Closing;
• WS7—Epilog.

In WS1, the teacher presents a motivation for the activity. It is
suggested to do so through an anecdote or personal narrative from
the teacher or some students, which connects to a real-life problem
tailored to the students’ interests and typical life issues.

In WS2, the teacher gives students Sheet A to respond to by
coloring and writing explanations. They ensure that everyone can
read the instructions. They give 5 min to color according to the
instructions and to write explanations when page A asks for them.

In WS3, which lasts approximately 10 min, the teacher begins
by asking who wants to show their results and describe how they
did. Then they call out other students. They place the work on
the board, grouping similar answers into groups or clusters. The
teacher then solicits students’ opinions, prompting them to reflect
on the different responses represented in the different groups or
clusters. The teacher asks for explanations of the main differences
between the clusters. She also asks for aesthetic, linguistic, narrative,
humorous, and other characteristics.

WS4: The teacher distributes Sheet B and ensures that everyone
understands they must pose and write a new problem for a
classmate to solve. She explains that it should not be a mere
copy-and-paste of the problem on page A. He gives 10 min. Each
student must write their name and the name of the classmate
to whom the problem is addressed in order to solve it. The
teacher emphasizes the metacognitive process, demonstrating how
to converse with one’s inner voice or voices, reflect on ideas from

different points of view, and consider others’ opinions. A hand
puppet can be used to represent the notion of metacognition and
of conversing with one’s inner voice, using concrete materials.
The teacher demonstrates different distancing strategies using the
inner voice or a puppet, such as having the puppet name the
student, placing the puppet at various angles and distances, and also
imagining multiple inner voices or puppets representing different
characters participating in a conversation. Furthermore, each inner
voice or puppet can, in turn, have its own inner voices, generating
a recursive process. The teacher demonstrates how to converse
with the puppet, how to establish a dialogue by analyzing different
options before writing the problem, and how to do so during and
after writing the posed problem. After writing and reviewing the
posed problem, the students exchange worksheets. The teacher
gives the corresponding pairs 5 min to solve the problem by
coloring and writing explanations.

WS5: The teacher asks each pair of students to compare the
instruction they wrote with their peer’s response. The students
have to determine if they would have performed their instruction
differently on their own. Then, the teacher chooses the problem
posed by a student and the pair’s answer. She asks them to explain
whether the answer matches what the first student thought when
creating the problem, and to what extent different interpretations
emerge. The teacher then asks the rest of the class to share
their reflections and opinions. They repeat the process with
other worksheets.

WS6: The teacher posts all the work on the board. She has
everyone analyzing them. Then she invites everyone to form a
line and go to the front to review the worksheets. Each student
will record the one that impressed them the most, which they
will then discuss. The teacher asks for feedback on the types of
problems posed, creativity, aesthetics, language used, mathematical
and computational thinking, and asks for reflections on peer
interaction and differences in interpretation of instructions.

WS7: The teacher closes the lesson by summarizing what was
done, the types of solutions and problems posed, and concluding
what we have learned in the lesson.

During the training, teachers practiced these activities through
peer teaching and received feedback from facilitators and fellow
teachers. Teachers learned together how to reflect on CT-integrated
mathematics learning and trajectories of reasoning and dialogue
(Schank et al., 2025).

2.2 Phase 2: data collection

Following the workshop, SEAMEO QITEP in Mathematics
invited participating teachers to voluntarily select one of the A/B
worksheet activities from the three A/B Coloring Books and pilot
it following the trained strategy in a single 90-min session in their
classes. 17 teachers responded and carried out the activity between
November and December 2024.

Each teacher had to commit to sending three files to QITEP:

1. The Lesson Plan, a Word document that specified the chosen
worksheet and the actions the teacher would perform in class.

2. The video recording of the class. It was a recording made with
the teacher’s camera or smartphone.

Frontiers in Education 08 frontiersin.org

https://doi.org/10.3389/feduc.2026.1754373
https://www.frontiersin.org/journals/education
https://www.frontiersin.org


Danoebroto et al. 10.3389/feduc.2026.1754373

FIGURE 5

The novel Instructional Syntax of the A/B coloring books. Page A provides the material for the WS2 and WS3 stages. Page B provides problem posing
material for the WS4, WS5, and WS6 stages.

3. The scanned worksheets with the students’ work.

We collected 17 videos of these classes, taught by the 17 teachers
who provided complete information. The videos belong to 17
different elementary schools, and for each one, we collected the
A/B worksheets with the corresponding students’ work (Table 2). In
total, this is the work of 215 students. 56% of the worksheets were
problem-solving (Page A). 44% were problem-posing (Page B).

We also collected and translated the lesson plans written by
each teacher, and compiled them with the videos and worksheets.
From the Lesson Plans (LP), we estimated the sections and
computed the time dedicated to each.

From each Lesson Plan document, which consists of
identification data (date, class, allocation time, and name of
the lesson), objectives, relationship with the curriculum, Learning
Process, Evaluation, Source, and Tools and materials, we isolated
the Learning Process component, which describes the planned
structure for the lesson. We transcribed the videos using
Whisper (Tigros, n.d.) with the batch tool Whisperer, which uses
WhisperCpp and runs on virtually any computer. The transcribed
lessons are saved as .srt files. The learning processes, along with
the corresponding class transcripts, were then uploaded to Gemini.
We used a two-step prompting process to analyze the data and
categorize the lesson plans.

First, we prompted Gemini to align each transcript with its
corresponding Learning Process of the lesson plans:

Prompt 1: “Can you tell me how the srt file aligns with the parts
described in the Learning Process?”

After running this for all 17 pairs of files, we gave Gemini a
second prompt to identify common themes:

Prompt 2: “Take into account all the Learning Process files
provided, can you tell me which are the main stages across them?”.

This process resulted in the identification of three
main stages:

1. Preliminary Activities (or Introduction): This stage focuses on
setting up the learning environment and preparing students
for the lesson. It typically includes:

1. Greeting students and checking their wellbeing
and readiness.

2. Praying (often led by a student).
3. Checking student attendance.
4. Reminders about discipline and its benefits.
5. Apperception activities (linking to prior knowledge or

setting context), sometimes involving songs or questions
about daily experiences.

6. Introducing the lesson’s objectives.

2. Core Activities: This is where the main learning and problem-
solving take place, often structured using a Problem-Based
Learning (PBL) model. Key steps include:

1. Presenting a problem or scenario to students.
2. Students engaging with the problem, observing,

analyzing, and discussing.
3. Working on worksheets (LKPD) individually or

in groups.
4. Teacher guidance and observation of student progress.
5. Presenting and discussing results, with feedback from

other groups and teacher reinforcement.

3. Closing Activities: This stage wraps up the lesson and prepares
students for future learning. Common elements are:

1. Summarizing or reviewing the material learned.
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2. Reflection on the learning experience by students
and teachers.

3. Providing information about the next lesson.
4. Closing with a prayer and/or greetings.

We then prompted Gemini to summarize these stages into 8
main sections of a class, giving more emphasis to the core activities.
The prompt was:

Prompt 3: “Now consider: [8 Sections] and tell me how much
time each transcript (srt files) dedicates to each of these stages.”

2.3 Phase 3: data analysis

2.3.1 Computation of alignment between
WS-Syntax periods and LP periods

With n = 7 sections defined by the novel instructional
syntax in the WorkSheets and m = 8 sections given by the
Learning Process in the Lesson Plan, we compute the degree of
alignment or agreement between these class segmentations. For
each Instructional Syntax WS, we compute the percentage of time
shared with each section of the Lesson Plan LP.

To determine the overlap percentage, we do it by computing the
length of each intersection.

Given the time intervals:

WSi, i ∈ {1,. . .,n} , LPj, j ∈{1,. . .,m}

Where each of them is defined by the timestamps, making the
start and end of the section.

Si = [wsi0, wsi1] , i ∈ {1, . . . , n} ,

LPj = [lpi0, lpi1], j ∈ {1, . . . , m}

In the same way, the intersections of those intervals, which we
call from now on as “overlap”, is defined by:

WSi∩LPj=
{[

max
(
wsi0,lpj0

)
, min

(
wsi1,lpj1

)]
if

(
wsi0<lpj1

)∧(lpj0<wsi1)
∅ if not

Thus, the overlap will be well-defined only if the start of one
interval occurs before the end of the other.

Then, if we define the length of each interval I = [I0, I1], as the
duration of it, being the null interval of length 0:

length (I)=
{

I1−I0 if I �=∅

0 if I=∅

We then define the overlap measure:

overlap
(
WSi,LPj

)= length(WSi∩LPj)
length(WSi)

This is the fraction of WSi shared with LPj.
We use the WorkSheets components as the denominator

since the activities of the instructional syntax are defined around
the worksheets.

2.3.2 Clustering of the lessons

Now, each class will have potentially a set of n · m overlaps that
can be defined. However, it’s to be expected that several of those
are empty sets, since the overlap between the first section of one
class segmentation and the last section of the other is expected to
be empty.

Therefore, for each class k ∈ {1, . . . , K} we have an overlap
matrix Ck, defined as:

Ck=

⎛
⎜⎝

overlap(WS1,LP1) · · · overlap(WS1,LPm)
...

. . .
...

overlap(WSn, LP1) · · · overlap(WSn, LPm )

⎞
⎟⎠

This matrix can be flattened and turned into a vector, and those
vectors combined into a new matrix C of K rows (one for each class)
and n · m columns (one for each possible overlap).

We applied two clustering algorithms using this matrix.
First, we applied the AGNES (Agglomerative Nesting) algorithm
(Kaufman and Rousseeuw, 1990). This is a clustering method
that starts with each data point as its own group and merges
the most similar groups iteratively. This process continues until
all elements are grouped together in one cluster. The process is
shown as a dendrogram, a tree diagram where branch heights
represent similarity.

Second, we applied the k-means clustering algorithm with
cluster sizes ranging from 1 to 15. K-means is a simple machine
learning method that groups data into a chosen number of clusters.
It works by placing points into the nearest group center, then
updating those centers iteratively until the groups reach a stable
state. This helps reveal natural patterns or groupings in the data.
By plotting the number of clusters vs. the within-cluster sum of
squares, we obtained a second clustering of the classes.

Using both AGNES and k-means provides two complementary
views of clustering: AGNES reveals the full hierarchy of
group relationships, while k-means highlights compact clusters
around centroids. Combining insights from both methods helps
validate results, yielding more reliable groupings and greater
confidence in the patterns found in the data. The clustering
algorithms can produce slightly different clusters. It’s like having
two observers grouping clouds. They have slightly different
perspectives. However, the commonality across both clusters
provides greater robustness.

3 Results

After prompt 3, Gemini generated the following 8 sections for
Lesson Plans:

• LP1—Preliminary Activities (or Introduction);
• LP2—Core Activities: Presenting a problem or scenario

to students;
• LP3—Core Activities: Students engaging with the problem,

observing, analyzing, and discussing;
• LP4—Core Activities: Working on worksheets (LKPD)

individually or in groups;
• LP5—Core Activities: Teacher guidance and observation of

student progress;
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FIGURE 6

Graph showing times spent in Class 2 in the 7 proposed instructional
syntax stages (WS), the time spent in the 8 Lesson Plans sections (LP),
and the overlap of times between these two categories.

• LP6—Core Activities: Presenting and discussing results, with
feedback from other groups and teacher reinforcement;

• LP7—Closing Activities: Summarizing or reviewing the
material learned, and Reflection on the learning experience by
students and teachers;

• LP8—Closing Activities: Providing information about the
next lesson and/or Closing with a prayer and/or greetings.

The eight sections of the lesson plans can be meaningfully
grouped into four broader stages that align with the instructional
syntax anticipated by one of the authors.

• Stage I: Orientation of the problem (LP1, and LP2) frames
the lesson by preparing students and introducing a central
scenario or problem to spark curiosity.

• Stage II: Guiding student investigations (LP3, LP4, LP5)
encompasses the phase where students actively engage with
the problem through observation, analysis, and worksheet

• Stage III: Developing and presenting results (LP6) focuses
on group presentations, discussions, and feedback, reinforcing
knowledge construction through collaborative sharing and
teacher scaffolding.

• Stage IV: Evaluating the process and outcomes (LP7, and LP8)
emphasizes reflection, review, and closure, helping students
consolidate learning and prepare for subsequent lessons.

Together, these stages define a structured instructional
syntax that supports problem-solving, problem-posing, and
reflective thinking.

We computed the times spent on each stage or section on the
vertical axis. The findings are presented in a graph like Figure 6,
called a Sankey diagram. Each axis starts at the top (the lesson’s
initial time) and ends at the bottom. We use one graph for both
representations. The time effectively spent on each of the 7 WS

stages according to the proposed instructional syntax is represented
on the vertical axis on the right, and the time spent on the LP
sections is represented on the vertical axis on the right.

For example, Figure 6 on the left axis shows that Class 2 spent
all of the time in WS1, WS2, and WS4. This means that, according
to Gemini’s automatic analysis of the class video transcription, this
class did not spend any time in WS3—Page A: Presentation and
Discussion, WS5—Page B: Presentation and Discussion, or WS6—
Reflection and Closing. It only spends time in WS1—Prelude,
WS2—Page A: Coloring, and WS4—Page B: Coloring. Moreover,
the class spent most of the time in WS2. On the other hand, on the
right axis, according to Gemini, after reviewing the transcriptions
of the class video, Figure 6 shows that Class 2 spent most of the
time in LP 3- Students engaging with the problem, LP4- Working
on worksheets, LP5- Teacher guidance, and LP6 Presenting and
discussing results. However, the alignment of these 4 sections is
mainly with coloring page A (WS2).

Moreover, placing the mouse cursor in different positions,
the graph provides a detailed view of the relationship between
the syntax stages and the Lesson Plan sections, showing how
classroom time was distributed across both structures. Specifically,
it illustrates the time allocated to each syntax stage in each Lesson
Plan section and, conversely, how that time was divided among
the syntax stages. This one-to-one correspondence offers a precise
diagnosis of what actually occurred in the lesson compared to what
was both proposed and planned. For example, in Class 2 (Figure 7),
when the mouse cursor is placed on the WS2 syntax stage (left), the
graph highlights its overlap with the different Lesson Plans sections.
On the other hand, when placing the mouse cursor on the Lesson
Plan LP4 (right) the graph highlights its mapping back to the Syntax
Stages. The power of these graphs lies in their ability to reveal, with
clarity and detail, how teaching unfolded in practice, significantly
enhancing our understanding of classroom implementation.

After running the first clustering algorithm, the Agglomerative
Nesting algorithm, we obtained the dendrogram shown in Figure 8.
This is a tree-like diagram that visually represents a hierarchy of
clusters. It shows that classes 1 and 3 are very similar, in terms of
the time spent on the WS instructional syntax stages, the time spent
on the lesson plans sections, and the corresponding overlaps. This
is illustrated in Figure 9. It shows that these classes spent most of
their time in WS1, WS2, WS4, and WS6, with the majority in WS2.
Furthermore, the distribution of LPs is similar, with both classes
following a sequential pattern from LP1 to LP8, unlike in other
classes. Furthermore, the correspondence between WS2 and LPs,
as well as WS3 and LPs, is similar in both classes.

From Figure 8, we see that classes such as class 10 are very
similar to classes 0A and 0B, which were taught by experienced
teachers in this WS using A/B coloring books. This is surprising,
given the very short training time for teachers, and indicates that it
is a strategy that is not difficult to adopt and implement in classes.
If we want to define only four clusters from the dendrogram, then
the four clusters are defined by the four colors in Figure 9.

The first cluster is formed by classes 1, 2, 7, 2, 4, 12, 8, 16, 17, 8,
11, 14, 20, and 16. Cluster 2 contains only class 5, cluster 3 contains
only class 15, and cluster 4 contains class 10 and the two expert
classes 0B and 0A.

Figure 10 shows that the times dedicated to the proposed
instructional syntax stages and to the time dedicated to the lesson
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FIGURE 7

(a) The graph shows in dark blue the distribution of the time spent in
the syntax stages WS2 on the Lesson Plan sections. In this case LP3,
LP4, LP5 and LP6. (b) The graph shows the distribution of time spent
on Lesson Plan 4 (LP4) on the syntax stages WS. In this case, mainly
from WS2.

plan sections are similar, as well as the overlaps between stages and
sections in these three classes. It is interesting to note that the time
spent on WS4 is reflected in the number of page B worksheets with
students’ work. For example, from class 10, we collected 9 pages.

Then we applied the second clustering algorithm, k-means.
We compute clusters using k-means for clusters of size 1 to 15,
and by plotting the number of clusters vs. the within-cluster sum
of squares (Figure 11). It is desirable to have a small number of
clusters. However, if we cluster classes into a small number, the
difference between classes within the clusters may be too high. If
we consider more clusters, the differences between classes within
the clusters diminish.

We chose 4 clusters for our clustering because, beyond that
number, we observe a slight but significant decrease in the slope of
the curve in Figure 11, indicating that the benefit of using a larger
number of clusters is significantly less each time. The results shown
in Figure 12 differ slightly from those obtained using this method.
However, classes 1 and 3 are grouped together again.

4 Discussion

The core of the proposed instructional syntax is structured
metacognitive reflection at three levels (individual, peer, and
collective). This directly addresses the need to enhance students’
metacognitive skills and their mathematical and computational
thinking in an integrated way. This study provides compelling
evidence of both the feasibility and promise of introducing the
novel A/B Coloring Book instructional syntax in Indonesian
elementary schools. A total of 17 pilot lessons conducted in
17 schools with 215 students generated an exceptionally rich

FIGURE 8

The dendrogram shows a hierarchy of clusters of the classes. The
y-axis typically rep-resents the distance at which clusters merge.
Lower height means closer, more similar. Thus, Classes 1 and 3 are
the most similar.

dataset, including detailed lesson plans, video recordings, and
student worksheets. These authentic materials allowed us to analyze
classroom practices with high granularity. The diversity of schools,
grade levels, and teaching styles strengthens the external validity of
our findings, demonstrating that the syntax can be implemented
under real-world conditions.

The study successfully operationalized a wide array of
CT components through the A/B coloring worksheets, which
served as the primary vehicle for student engagement and deep
understanding. These components span a cognitive spectrum
from basic whole numbers and fractional thinking to more
advanced logical, recursive, inferential, and algorithmic reasoning.
As detailed in Table 1, students engaged in tasks such as fractional
reasoning, spatial relations, and recursive containment, as well
as statistical and probabilistic thinking (e.g., identifying likely
outcomes based on cues) and causal thinking (e.g., executing
rules based on relative spatial positions). Notably, the activities
incorporated both mathematical and computational modeling,
requiring students to simulate biological behaviors—such as worms
or “Pac-Man–like” agents navigating boards via gradient descent.
This approach bridges the fundamental abstractions of Turing
machine thinking, such as algorithmic and recursive thinking, to
von Neumann thinking with cellular automata, allowing primary
students to internalize complex logic through active, embodied, and
visual execution.

The inclusion of agent-based modeling, following the von
Neumann framework (Agüera y Arcas, 2025a; Araya, 2021b, 2022),
represents a powerful component of CT explicitly aligned with
mathematical and computational modeling (Table 1). By modeling
organisms as digital agents performing simple local computations
that generate emergent behaviors, students acquire the conceptual
tools and way of thinking to develop a deep understanding of
complex phenomena in biological and social systems. The LLM-
supported transcript analysis confirmed that this instructional
syntax—which integrates written argumentation, problem posing,
prompting, and metacognition—creates a traceable record of
classroom implementation. Results indicate that even sophisticated
CT components, such as recursive reasoning and agent-based
computational models, can be effectively integrated into primary
mathematics through this reflective instructional syntax.

Regarding RQ1, our data confirm that the computationally
integrated syntax is implementable even after minimal training.
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FIGURE 9

Segregation in 4 clusters.

FIGURE 10

Graph showing times spent in Class 10 and the model classes 0A and 0B in the 7 intended instructional syntax stages (WS), the time spent in the 8
Lesson Plans sections (LP), and the overlap of times between these two categories.

While adoption varied, several teachers reproduced sequences
very similar to those modeled by expert practitioners, suggesting
that the syntax is intuitive and adaptable. Others showed partial
implementation, particularly by omitting reflective components,
underscoring areas for future professional development.
Nevertheless, the overall consistency of implementation across
diverse contexts supports the claim that this syntax can be
applied broadly.

Regarding RQ2, our AI-based analysis, powered by Gemini,
allowed us to detect precise patterns of overlap between the
instructional syntax stages and the sections of the teachers’ lesson
plans. This capacity to compute and visualize alignment is a
methodological breakthrough. Figures such as Figure 7 exemplify
this novelty: on the left, the distribution of time from the syntax
stage WS2 across multiple Lesson Plan sections is shown, while
on the right, the distribution of Lesson Plan 4 (LP4) is traced

back across the syntax stages. This novel dual representation
makes visible the one-to-one correspondences between planned
structures and enacted classroom practices. It reveals exactly how
teachers interpreted the proposed syntax, where they converged
with or diverged from it, and how much time was invested in
each stage.

These findings directly address the research questions by
demonstrating both the feasibility of implementing the proposed
syntax and the utility of AI in identifying actionable patterns to
improve CT instruction.

To the best of our knowledge, such visual information
is a new device to present what is happening in classroom
practices. This type of graph is not only descriptive but also
diagnostic, as it pinpoints how a class unfolded in practice
compared to both the teacher’s plan and the proposed
syntax. It has great potential for teacher training. By showing

Frontiers in Education 13 frontiersin.org

https://doi.org/10.3389/feduc.2026.1754373
https://www.frontiersin.org/journals/education
https://www.frontiersin.org


Danoebroto et al. 10.3389/feduc.2026.1754373

teachers precisely how their timing and sequencing map
onto an intended model, trainers can provide targeted,
evidence-based feedback. Furthermore, the clustering analysis
revealed that even with limited preparation, some teachers’
classes resembled expert implementations, highlighting the
approach’s accessibility.

The integration of AI into classroom analysis enables the
precise identification of instructional patterns and gaps, offering
teachers actionable insights to improve computational thinking

FIGURE 11

Sum of the squares of the differences within clusters as a function of
the number of clusters.

instruction. By transforming classroom discourse into visual
representations, AI facilitates intuitive understanding of teaching
dynamics. These visualizations can help educators reflect on
their practice, recognize missed opportunities for dialogic
engagement, and adjust lesson flow accordingly. Moreover,
this AI-driven feedback can support formative assessment
and professional development by highlighting strengths and
areas for growth. This approach can empower teachers to
refine their pedagogical strategies, fostering deeper student
reasoning and more effective implementation of computational
thinking frameworks.

The joint application of Large Language Models (LLMs)
with unsupervised clustering algorithms (Altamirano et al.,
2022) to classroom transcriptions offers a paradigm shift in
educational analysis. This computational approach provides
novel tools for understanding the actual mechanics of
classroom instruction. By analyzing dialogue at a scale and
high degree of granularity, the methodology functions as a
microscope for exploring the “dark matter” of the classroom.
These are the subtle, high-frequency, and often overlooked
patterns of interaction that drive pedagogical efficacy. This
innovative combination allows researchers to move beyond
surface-level observations to identify core mechanisms
of teaching.

FIGURE 12

Graph showing times spent in Class 2 to Class 6 in the 7 proposed instructional syntax stages (WS), the time spent in the 8 Lesson Plans sections (LP),
and the overlap of times between these two categories. Colors represent different clusters according to the k-means clustering algorithm with k = 4
clusters.
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The broader contribution of this work lies in combining a
novel pedagogy, an instructional syntax that fosters reflection
both individually and in collaboration with peers and the whole
class, with AI-powered analysis of authentic classroom data. By
applying Gemini Reasoner to full class transcripts, we reduce the
risks of bias, inconsistency, fatigue, or subjective interpretation
inherent in human coding. This approach makes the analysis
scalable, replicable, and more objective. It also allows researchers
to identify fine-grained patterns of practice across large datasets,
opening the door to comparative studies across schools, regions,
and even countries.

However, this study has several important limitations that
are potential sources of error and noise. First, it relies on
transcription of classroom sessions. As a result, a significant
amount of visual and auditory information is missing, limiting
our ability to capture precisely what actually occurred in the
classroom. Second, the transcripts do not include diarization,
meaning they do not distinguish between speakers. This constrains
the analysis of dialogues and particularly the contributions made
by students. Third, LLMs themselves still have limitations in
fully understanding the nature of classroom transcripts. Although
their comprehension is improving rapidly, errors persist, and
results are highly dependent on the quality of the prompts.
Future work will focus on improving prompt engineering to
enhance accuracy. Fourth, the video recordings were collected
using teachers’ smartphones, a practical, low-cost, and independent
approach that requires no additional personnel. This is critical
because specialized audio technical teams are not available in
schools. However, the audio quality is not ideal, affecting the
accuracy of the transcription. Despite these limitations, our
method already provides an automatic, highly granular description
of classroom activity, offering a valuable input for assessing
feasibility and identifying critical aspects of practice that can
be improved.

Future work should build upon this initial study by expanding
the number of classes and schools, thereby deepening both
statistical and qualitative insights. Equally crucial is our parallel
effort to analyze student worksheets, which capture reasoning,
creativity, and clarity of problem posing. Linking teacher
implementation data to student outcomes will enable us to
assess the comprehensive pedagogical impact of the A/B syntax.
A larger sample will allow us to examine variability more
comprehensively and to refine the syntax based on diverse
contexts of practice. Equally important is our ongoing study
of students’ worksheets, which capture not only their coloring
but also their written explanations and the problems they
pose for their peers. This data offers a unique window
into children’s reasoning processes, creativity, and clarity of
formulation. In particular, we are examining how problem
posing evolves as students generate tasks for classmates and
how peers can interpret and respond effectively. This analysis
will allow us to determine whether the method enhances
precision, expressiveness, and creativity in mathematical and
computational thinking.

As articulated in our research questions, this study critically
examines the feasibility of implementing the proposed instructional
syntax for teaching CT. This investigation is non-trivial, as the
syntax necessitates a fundamental shift in pedagogical strategies,

moving away from traditional instruction toward structured, multi-
level metacognitive reflection. While the current work focuses
on classroom dynamics and student output, a subsequent study
in preparation specifically addresses teacher perceptions to better
understand the professional transition required. Looking forward,
we intend to conduct a Randomized Controlled Trial (RCT) to
rigorously quantify effect sizes across the diverse CT components
identified, using third parties’ performance measures (Duflo et al.,
2007; Pellegrini et al., 2021; Cheung and Slavin, 2016). This
experimental design will follow established RCT methodology in
mathematics education, as we have already successfully measured
learning gains following a year-long intervention in primary
mathematics education (Araya et al., 2025b) and another semester-
long intervention comprising 1 or 2 weekly mathematics activities
(Araya and Diaz, 2020). A cornerstone of such rigorous evaluation
is the precise measurement of implementation fidelity. Without
high fidelity, determining true effect sizes becomes impossible, as
execution variance can mask the intervention’s efficacy. Therefore,
this study lays the groundwork by utilizing LLM-supported analysis
to establish a baseline for how faithfully the syntax is enacted in
authentic primary settings.

In sum, this study answers both research questions
affirmatively. The syntax can be applied in real classrooms,
and AI-based tools can effectively identify some of the patterns
that matter for student learning. At the same time, it introduces a
methodological innovation—visual overlap graphs—that offers a
level of transparency into classroom practice never before achieved.
These contributions position the A/B Coloring Book syntax,
combined with AI-supported analysis, as a powerful, scalable
strategy for advancing CT and mathematics instruction worldwide.

Despite the considerable challenge of integrating mathematical
thinking and computational thinking in primary education, our
study found that it is feasible to implement classroom instruction
that simultaneously integrates these domains. Moreover, the
instructional syntax we propose can help teach, reflect, and develop
an initial understanding of fundamental computational thinking
concepts that support connections across core computational
and biological, social, and psychological concepts, such as
cellular automata, spatial navigation, and recursion. The pilot
implementation shows that young learners can engage with
complex reasoning and that reflective, dialogic instruction can
bridge disciplinary boundaries, preparing students for integrative,
real-world problem-solving and problem-posing.
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