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ABSTRACT

This research aims to develop and evaluate the effectiveness of AI-PINS (Al-based Programming Instruction
Navigation System), a platform for recommending programming lesson plans for primary school teachers in
municipal schools. It is designed within a six-theoretical framework: System Theory (IPOF), Agent Theory,
Experiential & Adaptive Learning, Explainable Al (XAI), Information Theory, and Cognitive Load Theory.
This platform consists of an Al-Agent Core that continuously recognises, analyses, and makes decisions
based on real teaching data. The system applies DKT, CBR, RAG, Reinforcement Learning, and intelligent
recommendation techniques to generate lesson plans that align with OBEC indicators and learner contexts.
The evaluation consists of content validity (IOC > 0.80), evaluation by 15 experts, statistical analysis of the
mean, standard deviation, IOC, and Cronbach’s Alpha > 0.90, and the application of TAM 4.0 to measure
acceptability. The evaluation results indicated that the system is most appropriate (x = 4.67, S.D. = 0.13)
especially in the dimensions of Intelligence Quality and Decision Quality (x = 4.65 and 4.80, respectively).
This is due to the efficiency of ML, NLP, RAG, and the Explainable Decision module, which includes XAl
to explain to users the reasons for recommending learning management plans and selecting activities through
the Dashboard. Regarding the necessity of XAl in the education system, the system also has the potential for
continuous learning through MLOps Monitoring and is user-friendly (x = 4.53), supporting TAM 4.0 factors
in municipal schools. In summary, AI-PINS is a robust, well-evaluated architecture that helps reduce teachers'
workload, supports personalised learning, and has the potential to expand digital learning policies at the
national level.
Keywords: Al-Based Platform, Artificial Intelligence, Learning Management Plan, Primary School
Teacher, Programming Fundamentals
1. INTRODUCTION educational institutions to create learning activities
that yield tangible results, particularly in Computational

Coding education has gained global importance.
Many countries have incorporated coding into their
basic education curricula. The Organization for
Economic Co-operation and Development (OECD)
[ 1] highlights that teaching coding from primary
school helps develop students’ logical and problem
solving skills [2]. Policies in Finland, Singapore, and
the United States have integrated artificial
intelligence (Al) into coding instruction to enhance
teaching effectiveness and promote personalized
learning [3]. This method aligns with the mission of
the National Digital Economy and Society Commission
(NDEC). The NDEC oversees organizations and
individuals in developing and using Al to advance
Thailand and create essential educational resources
for future Al technology development [4]. Thailand
is currently developing a national strategy for
teaching and learning as a foundation for national
development. Strategy 3 focuses on developing and
enhancing human resources [ 5]. It encourages
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Thinking and Debugging Skills [6], [7].

Improving the quality of coding education is
essential for advancing programming. Despite its
importance current teaching systems suffer from
critical limitations and structural problems
particularly due to a shortage of teachers with
expertise in coding and artificial intelligence [7], [8].
As a result educational implementation lacks the
necessary competence. The main issues are: 1)
Teachers often rely on uniform teaching methods,
making it difficult for students to develop skills in
analyzing, and correcting errors. Although the same
curriculum and learning plan are used teaching
approaches differ, leading to unequal outcomes
students with less background may fall behind peers
with stronger preparation. Additionally learning
materials sometimes fail to engage students,
reducing instructional effectiveness [9], [10]. 2)
Learning systems do not account for varying student
abilities. While all students must follow the same
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curriculum, grading and assessment criteria vary
among institutions. Consequently, teachers must
adapt their methods such as using games to address
code errors [11] to foster interest and enjoyment.
When students engage more with coding, learning
challenges decrease, and teachers can more
effectively tailor lesson plans to match student
abilities [12], [13].

An Al-powered platform for recommending
programming lesson plans is being developed for
primary school teachers in municipal schools. This
platform can recommend teaching methods using a
one-size-fits-all lesson plan [14],[15]. However, it
introduces a new format focused on increasing student
achievement. The platform follows a common-core
structure with curriculum-based learning units and
indicators [ 16].The content includes an introduction,
teaching methods, knowledge sheets, activities,
desirable  characteristics, ethics, and specified
evaluation criteria. All this is based on past learning
unit scores. Activity options for different student
levels are added. These begin with writing
algorithms [ 1 7], [1 8] then move to creating
flowcharts [19], [20] and finally programming. All
activities match the indicators listed in the lesson
plan. The platform uses Agentic AI, which is
developed from data sent to the system for
memorization, and recording. Teachers set goals for
what they want Agentic Al to help them achieve.
Agentic Al assists them in meeting those goals or
responding to various situations [21], [22]. The platform
acts as a learning recommendation system to solve
individual teaching problems. CBR recommends
activities that have been effective for students [23],
[24]. RAG is used to retrieve sample worksheets that
match the topic [25] and organize learning paths to
meet scoring criteria. The system records model
improvements to update the knowledge base. In the
future, teachers will use this as a complete automated
programming lesson plan recommendation system
[26], [27].

Despite the increasing use of Artificial
Intelligence in education, existing systems provide
limited support for teachers’ instructional planning,
particularly in primary programming contexts that
require transparency and curriculum alignment.
Most approaches focus on learner-level analytics
while neglecting explainable, context-aware
decision support for teachers. Therefore, this study
aims to develop and evaluate AI-PINS, an Al-based
Programming Instruction Navigation System that
integrates intelligent agents and Explainable Al to
support transparent instructional decision-making
and reduce teacher workload in municipal primary
schools.

2. THEORETICAL ARCHITECTURE
2.1 Al-Based Platform

In recent years, artificial intelligence has
played a crucial role in the development of digital
systems leading to the emergence of so-called Al-
based platforms that use AI as the primary
mechanism for automatically processing analyzing
and generating decision-making outcomes. These
platforms are recognized as the foundation for new
innovations in various fields including the control of
physical systems. This is because Al reduces human
labor, increases the accuracy of situation assessment,
and can learn and develop skills based on the data
received. The world's transformation from a
command-based digital system to one that can learn
and analyze on its own makes Al-based platforms a
truly central technology for developing new
innovations [28], [29].

Empirical evidence in education suggests that
Al-based platforms have been applied to
automatically analyze and evaluate outcomes, such
as coding comprehension/skills, error pattern
analysis, and learning outcome analytics [28]
demonstrating their potential for effective teaching.
Education plays a crucial role in transforming
learning in the 2 1 st century by leveraging Al to
monitor learning, analyze student knowledge and
potentially create personalized learning paths
tailored to student needs using appropriate learning
materials, reducing the burden on teachers, and
supports systematic personalized learning [29].
There is also an Adaptive Learning Al platform that
lets learners use media appropriate to their actual
potential, resulting in shorter learning time, better
achievement, and higher engagement than in
traditional learning. This development shows that an
Al-based platform helps promote access to
information and intelligently design learning paths
for learners [30]. All of this reinforces the idea that Al-
based platforms are the core architecture of the future.

Table 1: Synthesis of AI-Based Platform workflow

Component Content Ref.
Al Engine / Core | Uses Deep Learning, CNN, [28],
Algorithm ResNet, ML Ensemble, [31],

Attention Mechanism, and [29],

Predictive Model to process [30],

data. [32].

Data Processing Stores/processes learning logs, [28],
Pipeline interaction data, and historical [31],
teaching data in real time. 91,

[33],

[34].

Component Content Ref.
Feature Extracts learner characteristics 28],
Extraction such as learning speed, [31],
Module repetition, understanding level, [29],

and coding skill types.
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[30],

[33].

Personalized Recommends personalized [29],
Recommendation | learning paths, adaptive [30],
learning, and a suggestion [32],

engine. [35],

[36].

Decision Support | Helps teachers make decisions [28],
System based on student behaviors data [31],
and exercise results. Strengths [29],

and weaknesses and the next [37],

class period. [38].

Automated Assesses outcomes such as 28],
Assessment understanding/coding skills. [31],
Error Pattern Analysis and [29],

Learning Outcome Analytics. [30],

[37].

Knowledge Analyze student skills, progress, | [31],
Analytics Layer and weaknesses. Big-picture [29],
analytics for teacher dashboards. | [30],

[32],

[33].

UI/UX Front- Dashboard: Single-page student | [28],
End Interface analysis, Learning Analytics [29],
Visualization, Teaching [30],

Suggestion Screen. [32],

[33],

[38].

Cloud Supports web-based platforms, [28],
Integration / online student data processing. [31],
Deployment [29],
(391,

[40].

Workflow Reduce teacher burden with AI- | [28],
Optimization powered learning plan [31],
recommendations, content [30],

prioritization, and teacher [32],

dashboards. [37],

[38].

Predictive Predict student areas where [28],
Analytics students will struggle. [31],
Predicting the success of [29],

exercises, predicting long-term [41],

performance. [37],

[40].

Monitoring & Tracking learning progress, [29],
Tracking System | interaction patterns, [30],
engagement, and weaknesses for | [32],

individual learners. [33],

[38],

[42].

Scalability Supports large numbers of [28],
Architecture students, grades, and teachers. [31],
[40],

[39].

Explainability / Recommendation reasoning [28],
Model (XAI) with attention/ heatmap/ [31],
Transparency explanation to reduce teacher [33],
anxiety. [38].

Intelligent Supports teacher-administrator [29],
Collaboration collaboration, such as viewing [39],
school-wide or class-wide data. [40].
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Component Content Ref.
Automation Performs some of the manual [28],
Workflow tasks. Analysis—Decision— [31],
System Automated Response. [30],

[32],
[37],
[38].

The overall research clearly shows that Al-based
platforms are not just software or tools. They are a
"decision-making  ecosystem"  comprised  of
databases, learning models, and automated situational
responses. As Al advances toward real-time,
federated learning, and explainable Al the
capabilities of these platforms will only increase. This
will create a society where data analysis and decision-
making can be instantaneous, accurate, and
contextually adaptable without always relying on
humans.

2.2 Artificial Intelligence (AI)

Artificial Intelligence (AI) has become a key
innovation in the digital age. Its goal is to enable
computers to think, analyze, make decisions, and
learn like humans by creating perception models and
fostering experiential learning. This continuous
development has led to technological advancements
in expert systems, natural language processing, image
recognition, and various forms of automation.
Numerous studies have shown that Al combines
machine intelligence with human logic, creating new
capabilities that can enhance the quality of life,
economy, and society. This is especially true in recent
times, where machine learning technology has made
remarkable advancements [43], [44].

Most researchers currently believe that deep
learning, which has enabled Al to achieve significant
advances in speed, accuracy, and self-learning, is
unlikely to reverse [45], [46]. Meanwhile, Al is
making strides in aesthetics and artistic creation
across painting, music, literature, and design.
Researchers have found that while Al can rapidly
produce high-quality work, it still lacks the depth of
emotion, life experiences, and unique human
interpretations of meaning. This raises ethical
questions about the true authorship of the work and
the originality of the ideas [47], [48]. Another
important dimension is the development of
computational architectures towards the concept of
the Standard Model of Machine Learning, with
various learning processes such as supervised,
unsupervised, and reinforcement learning working
together as a single system. The goal of this concept
is to create Al that can learn from all dimensions of
human experience, or Panoramic Learning which is
an important development for future Al that has
increased learning capabilities and is more flexible.
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Table 2: Synthesis of Artificial Intelligence workflow

Component Content Ref.
Al Definition Al refers to intelligent systems that | [43],
& Core can process data, mimic human [44],
Concept thinking, analysis, and decision- [49].

making to solve problems with
reason and logic.
Machine Used to learn learner behavior, [50],
Learning analyze programming [45],
(ML) fundamentals, and create [51],
personalized learning profiles for [52].
lesson planning.
Deep Learning | Used to analyze patterns from [45],
(DL) large amounts of data, such as [53],
repeated errors, programming [54].
weaknesses, and learning log data.
Neural Help process complex data, such [45],
Network as exercise order, scores, progress, | [53],
Structures and predict learning outcomes. [55].
Natural Used to automatically summarize [50],
Language sample worksheets. Interpret [51],
Processing student programming tasks, [56].
(NLP) provide automated feedback, and
generate recommendations for
teachers.
Knowledge Provides rationale for teacher [43],
Representation | recommendations, such as [46],
& Reasoning identifying common errors, [53].
solutions, and appropriate
instructional activity sequences.
Standard Models utilize the concept of [45],
Model of integrating supervised, [55],
Machine unsupervised, and sequential [52].
Learning learning to create more accurate
recommendation models.
Al Creativity Generates worksheets, code [47],
& Generative samples, debugging explanations, [48]
Al and communicates with teachers in
contextualized learning contexts.
Human-AlI Provides rationale for [48],
Trust & recommendations, ensuring [45]
Transparency teachers' confidence, such as "Why
(XAI) is this activity recommended?" or
"What topic does this group of
students have difficulty with?".
Al Provides the core structure for [49],
Development designing AI-PINS systems, such [571,
Framework & | as the student assessment module. [58].
Decision Lesson Plan Recommendation
Support Module and Learning Dashboard.
Future AI-PINS aims to provide [46],
Generation Al | explainable Al to help teachers [551,
(AGI/XAI) clearly understand the rationale [52].
and reduce anxiety about using Al
in the classroom.

In short, Al today is moving beyond traditional

command-based capabilities into an era of intelligent,
self-aware systems that think, analyze, and adapt.
This technological trend is not simply a
programmatic development, but a shift in human
perspectives on "intelligence" and the coexistence
between humans and machines. Al is therefore not
just a technology, but a new phenomenon in the

development of human knowledge and civilization in
this century.

Although Artificial Intelligence has been widely
applied in educational systems, prior research
remains limited in its support for teachers’
instructional planning and decision-making. Most Al-
based studies emphasize learner-level analytics,
automated assessment, or content personalization,
while offering minimal consideration of pedagogical
reasoning and classroom constraints. Furthermore,
many systems operate as black-box models, offering
limited explainability, undermining teachers’ trust
and practical adoption. These limitations are
particularly evident in primary school contexts,
where instructional decisions must align with
curriculum standards, institutional policies, and
diverse learner needs. As a result, existing Al
research does not yet offer a comprehensive,
explainable framework that effectively supports
teachers in real instructional environments.

To address these gaps, this study proposes the
AI-PINS framework as an explainable and context-
aware Al system for instructional planning. AI-PINS
positions Al as a decision-support agent for teachers
rather than a purely predictive tool, integrating
Intelligent Agent Theory, Deep Knowledge Tracing,
Case-Based Reasoning, and Retrieval-Augmented
Generation within an IPOF architecture. By
embedding Explainable AI mechanisms, the
framework enables transparent reasoning behind
instructional recommendations, enhancing teacher
confidence and usability. Consequently, AI-PINS is
essential for reducing teacher workload, supporting
adaptive programming instruction, and ensuring
alignment with learner diversity, curriculum
indicators, and municipal school contexts.

2.3 Learning Management Plan

Developing a Learning Management Plan for
the Programming Fundamentals course is a crucial
component in guiding the teaching direction, lesson
content, and learning activities to systematically
develop students' programming skills. Literature
studies show that programming fundamentals are
challenging due to the complexity of logical
concepts, programming language structure, and the
need for both theoretical and practical
understanding. Therefore, a good Learning
Management Plan should establish a systematic
sequence of learning units, teaching activities, and
assessments to reduce cognitive anxiety and increase
the chances of learning success [59]. It also helps
students gain a clearer understanding of the program
structure, which is an important approach in a
Learning Management Plan to ensure sequential
learning and maximum meaning for students [60].
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In developing countries, structural technological
issues and students' knowledge bases have been found
to significantly impact course success. Therefore,
project-based learning support and blended learning
approaches are recommended to provide students
with space for continuous skill development [61].
Furthermore, coding instruction should be linked to
Computational Thinking (CT) skills through a Learning
Management Plan that clearly defines which activities
promote these skills. Decomposition, pattern
recognition, and algorithm design are used to ensure
that programming instruction is not limited to syntax
but also linked to logical problem-solving [62]. In
terms of specific teaching methods, online Python
exercises are designed with a progressive level of
difficulty, and an automated, real-time feedback
system that allows students to track their progress,
and build confidence in programming [63]. Turtle
graphics is also proposed to visualize code, help
summarize programming briefs and provide
motivation [64]. Games have been tested to teach basic
coding and encourage participation in problem-solving
which should be incorporated into lesson plans to
accommodate the diversity of learners in
Programming Fundamentals [65].

Table 3: Synthesis of Learning Management Plan workflow

Component Content Ref.
Alignment to | The plan must align with the [66],
Curriculum curriculum, indicators, objectives, [67],

key points, activity content, and [68],
expected learning outcomes. [69].
Learning Match learning outcomes with [70],
Outcomes appropriate content, tasks, and [67],
Design activities using the RAG + DKT [71],
model — Help teachers select lesson | [72].
plans that meet their goals.
Content Automatically prioritizes content. [66],

Structuring Based on the difficulty of [73],

Programming Fundamentals and the | [68],
student's learning history. [72].
Learning Analyzes the appropriate activity [73],

Sequence sequence, such as Exercise — [69],

Mapping Debug — Project — Reflection. [74],
[75].
Instructional Al recommends teaching strategies, [70],
Strategy such as Debug-first, Example-based, | [76],
Planning and Step-by-Step, based on learner [77],
error data. [78].
Learner Need | Uses learning history, strengths and [71],
Analysis weaknesses, and activity [76],
participation behavior to analyze [78],
learner levels and create [72].
recommended teaching plans.
Task & Recommends appropriate activities, [73],
Activity such as programming problems that [71],
Design align with Student Profile + [77],
Question Base (CBR). [78].
Assessment The system uses Learning Analytics | [67],
& Evaluation | + DKT to assess understanding by [71],
topic and notify teachers via a [77],
dashboard.

[79],

[75].
Component Content Ref.
Outcome- The system can automatically match | [70],
Based Learning Outcomes — Content — [67],
Planning Activities using RAG. [71],
(OBE) [75].
Feedback- Analyze results and automatically [76],
Improve adjust the recommendation plan [79],
Cycle (Adaptive Al Plan). [80].
Technology AI-PINS is a 100% digital platform [76],
Enhanced using a dashboard, recommendation | [77].
Learning Al and an analytical engine.
Critical & Design Al selects coding and [81],
Analytical debugging activities that practice [77],
Skills Design | high-level analytical thinking [74].

(HOTs).

Adaptive A plan that automatically adjusts [82],
Teaching based on real-time student data. [76],
Plan [83],

[69].

Overall, it can be seen that an effective Learning
Management Plan for Programming Fundamentals in
the current era should be based on four key
foundations: (1) hierarchical lesson structure to
reduce cognitive load; (2) the use of proven teaching
strategies; (3) continuous monitoring and evaluation
systems that allow learners to develop according to
their individual abilities; and (4) a flexible learning
context that allows learning through images, games,
or creative activity formats. This literature therefore
provides an important theoretical basis for the
development and design of basic programming lesson
plans at the elementary, secondary, and tertiary levels
that are aligned with digital learning skills and can be
concretely extended to intelligent recommendation
systems in the future.

2.4 Primary School Teacher

Primary school teachers play a crucial role in
laying the foundation for 21st-century knowledge and
skills, particularly in programming fundamentals that
underpin computational thinking and logical
problem-solving. The transformation of education in
the digital age means that teachers' roles are no longer
limited to content delivery, but also serve as learning
designers, creating safe, fun, challenging, and easily
understood learning contexts for primary school
students who are still developing basic skills.

Instructing programming in primary school
should begin with Scratch, a programming platform
that connects abstract concepts to concrete forms,
helping students understand loops and command
structure. Primary school teachers must be able to
connect programming fundamentals with games.
Teachers must help students gradually progress from
memorizing, understanding, applying, analyzing,

229



Journal of Theoretical and Applied Information Technology
15 March 2026. Vol.104. No.5

d

N

© Little Lion Scientific

-;l'\lll

ISSN: 1992-8645

www jatit.org

E-ISSN: 1817-3195 |

evaluating, and creating code, adapting them to simple
tasks or solving increasingly complex problems
incrementally [84]. Teachers must design learning
experiences that encourage trial and error without
fear of failure [85]. Digital twins, or simulated
environments for programming experimentation, have
been shown to increase student engagement and reduce
anxiety, fostering confidence and improved code
debugging skills. The motivational dimension of
coding activities helps students gain confidence and
positive attitudes, which are the main drivers for
primary school students to open their minds to
learning programming. Finally, the use of blended
learning for teaching Programming Fundamentals
enables teachers to design flexible activities that better
accommodate students' diverse backgrounds, making
it especially suitable for primary school students [86].

Table 4: Synthesis of Primary School Teacher workflow

Component Content Ref.
Social & Teachers need to have emotional [871,
Emotional and social skills to understand the [88].
Competence | context of their learners and use

Dashboard data to help analyze

problems.
Professional Positive attitudes toward [89],
Attitude & technology/innovation are key [871,
Ethical factors in AI-PINS (Technology [90],
Orientation Adoption) adoption. [91]
Meaningful Teachers emphasize meaningful [92],
& Learner- learning, aligned with the AI-PINS | [93],
Centered Personalized Learning Path [94].
Pedagogy module.
Child Teachers need to understand child [87],
Development | development and use Dashboard [95],
& data to interpret behavior and [88],
Psychology learning outcomes. [96].
Knowledge
Ability to Supporting learner differences, [951,
Teach linked to the recommendation [96]
Students system. AI-PINS Individualized

Plan.
Digital Technology competence is a key [92],
Literacy & foundation for using the AI-PINS [971,
Web 2.0 platform. [98].
Integration
Continuous Teachers must continuously [89],
Professional | develop their technological and [991,
Development | teaching capabilities for lifelong [94].
(CPD) learning.
Teaching Teachers can use Learning [100],
Practice & Analytics data to analyze class [99],
Field performance and systematically [101],
Experience adjust their plans. [98].
Pedagogical The ability to design lesson plans, [99],
Mastery analyze students, and evaluate [101].

learning outcomes is well-suited to

the AI-PINS automated lesson

plan recommendation system.
Early Career | New teachers have a high [102],
Challenges workload and lack experience. The | [103].

AI-PINS system helps reduce

workload and analyze data. and

generate recommendations.

Component Content Ref.
Teacher School context differences [104],
Workforce influence the design of the Al- [91].
Structure & PINS system to support multiple
Educational contexts.

Context

In summary, the research indicates that Primary
School Teachers in the context of Programming
Fundamentals must be activity designers, motivating
coaches, creative learning path facilitators, and
builders of the foundations of logical thinking and
confidence as they step into the digital world. The use
of games, music, art, Digital Twins, and Blended
Learning becomes an important tools that enable
primary school children to access programming
naturally, enjoyably, and continuously develop.

2.5 Programming Fundamentals

Programming Fundamentals is considered the
most fundamental subject in the computer science
and software engineering disciplines. It serves as the
foundation for learning programming and
developing algorithmic skills. Its goal is to provide
students with an understanding of command
structure, variables, data types, conditions, loops,
functions, and logical problem-solving concepts. A
literature review revealed that the key aspects of
Programming Fundamentals extend beyond teaching
language structure to developing computational
thinking concepts, formative assessment, and the use
of technology to support learning in real classrooms
[105]. Tt is integrated into basic programming
courses, aiming to teach students to think like
problem solvers, break problems down, create
algorithms, and translate them into logical code. It
also provides students with a visual understanding of
program operation and variable value changes,
alleviating anxiety in students without a basic
understanding and increasing their motivation to
learn [106].

Currently, learning analytics and machine
learning are being used to predict the risk of course
failure, enabling instructors to design timely,
individualized support. This learning model allows
the curriculum to address differences among learners
and reduce dropout rates in foundational subjects
[107]. thereby making Programming Fundamentals
more likely to serve as a platform for practicing
logical thinking, problem-solving, and deep digital
competencies within the context of 2 1 st-century
skills.
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Table 5: Synthesis of Programming Fundamentals workflow Component Content Ref.
IDE for PF The concept of reducing [123],
Component Content Ref. S . .
Algoriglmic The basic step-by-step thinking [108] (C-SOLVIS) cognitive load is the basis of the [118].
Thinking methodology that AI-PINS uses [109], ggs[}ﬁ(ogorzthe AI-PINS Teacher
Loe?srs:ssef;?ﬁerrls thinking paths H (1)2}’ Visual Tutor A conceptual framework for AI- | [109],
recomrien dationgs ' System PINS visualization (showing [112],
Computational | The core of learner analysis, [111], (CGRAPHIC) execution and error patterns). Hgg}’
Thinking (CT) | used to create CT-based [109], — -
recommendation models [112] Human Used to reduce the cognitive [123],
’ [ 13]’ Cognitive load between teachers and [118].
Debugging & | Used in AI-PINS's Debug [108], Factors gg”r‘flfvve"‘f(‘): popaee
Error Handling | Recommendation module to [114]. D ghb a4 g
automatically identify errors. - - as1board, -
Problem Key data that AI-PINS uses to [115] Multiparadigm U§ed mn r'e(%o'mmendatlons to [125],
Decomposition | identify learners' weaknesses in [116], Awareness tailor activities to leamers. H }2}’
cach skill unit. H i;}’ Industry Skill AI-PINS uses this data to [121],
Block — Text | AI-PINS helps teachers design [109] Alignment re_commend act.iv.ities a}igned [126].
Transition teaching paths from Scratch — [119], W&;getﬁzer;ew digital skills
Python/C. [113], g -
[105]. . .
Pedagogy for | Uses AI-PINS to automatically [112], The literature overview concludes that
PF (CT-first) | generate lesson plans tailored to | [120]. Programming Fundamentals in the current era is not
}ziﬁﬁﬁﬁﬁgﬁﬁ ;ﬁ‘lﬁng just about teaching grammar and programming
style. commands, but rather about designing a learning
Self- The starting point for Learning [113], environment that supports computational thinking,
assessment & | Analytics and the automatic [121]. learning reflection, self-evaluation, and the use of
ieedb_“k ged_bagkt medeth Sli)};l\nl\és. TGl Al/Analytics to support learner progress in the same
Aizlglt?fs in D:Zifb 021:21 :1: d 1;3 . rfo-rman e [122]’ direction: creating learners with a foundation in
PF Prediction. systems thinking, able to work with real code,
analyze errors, and confidently develop programs in
real situations.
3. THEORETICAL METHODLOGY

System Architecture of AI-PINS
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Figure 1: Figure 1: System Architecture : AI-PINS (Al-based Programming Instruction Navigation System)
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As shown in Figure 1, the AI-PINS architecture
is an integrated Al-based framework designed to
support programming lesson plan recommendations
for primary school teachers in municipal school
contexts. The architecture consists of four
interconnected modules: (1) the Theory Layer,
which provides the conceptual foundations including
system theory, intelligent agent theory, learning
theory, explainable Al, information theory, and
cognitive load theory; (2) the System Development
Layer, which operationalizes these theories through
the AI Agent Core, data management, and intelligent
algorithms; (3) the Research Outcome Layer, which
delivers practical outputs such as learning analytics
dashboards and instructional recommendations; and
(4) the Evaluation Dimension, which systematically
assesses system quality, intelligence quality,
decision quality, learning quality, and user
acceptance. All modules are connected through a
continuous feedback loop, enabling adaptive
learning, model refinement, and sustained system
improvement based on real instructional data. These
modules comprise:

3.1 Theory
This theory is the conceptual foundation for the

development of the AI-PINS platform. Six main
theoretical foundations are:
3.1.1 System Theory

System Theory (IPOF Model): Systems
theory  underpins AI-PINS’s interconnected
approach. The IPOF (Input—Process—Output—
Feedback) model structures input from learning
outcomes and teacher data. It processes with the Al
Agent Core, outputs lesson plan recommendations,
and refines through feedback. [127]. The IPOF
framework is essential for system learning and
ongoing development.
3.1.2 Intelligent Agent Theory

Agent Theory (Perceive—Decide—Act—Learn
Cycle) is a theory of Al-agents that can make
decisions and learn by themselves. It has a cycle
consisting of Perceive—Decide—Act—Learn steps,
enabling the system to perceive, analyze, make
decisions, and learn from actual use cases to
continuously improve the quality of
recommendations. Research on agent-based learning
systems in K—12 indicates that intelligent agents can
effectively support learning and teaching tasks [128],
[129]. This cycle is implemented in the Al-agent core
of the AI-PINS system to recognize learning
situations, analyze, make decisions, and propose
appropriate practices for the school context. It
automatically and rationally recommends teaching

that adapts to real classroom data and time constraints
in the class schedule.
3.1.3 Learning Theory
Learning Theory (Experiential and Adaptive

Learning) determines the recommendations of AI-PINS,
using the concept of learning from experience.
(Experiential Learning) and Adaptive Learning to
simulate teacher and student learning in a real-world
context appropriate to the development of primary
school children. This enables AI-PINS to efficiently
create lesson plans that meet their needs. This aligns
with research on Knowledge Tracing and Deep
Knowledge Tracing, which found that they can track
student development and more accurately analyze
understanding [130], [131] leading to deeper
learning, promoting computational thinking skills, and
enabling teachers to systematically reflect on their
teaching (Reflective Practice).
3.1.4 Explainable AI Theory

Explainable Al Theory (XAI/RL) enables Al-
PINS to provide evidence for its recommendations. For
example, it can explain why one lesson plan was
chosen over another. Reasons could include lower-
than-standard pre-test scores or student responses
that indicate the need to review concepts. Research
shows that Explainable Al for Education increases
teachers' transparency, confidence, and acceptance of
Al in teaching [132], [133]. Meanwhile, the technique
Reinforcement learning enables the system to
accumulate real-world performance data to improve the
quality of instruction in subsequent rounds [134], [135]
making AI-PINS a system that is both explainable and
transparent and continuously adapts to real data.
3.1.5 Information Theory

The AI-PINS data management system
ensures maximum efficiency and consistency in data
quality management. The system must filter large
volumes of data from student scores, past
performance, lesson plans, and skill-training
activities, so the AI module processes only data that
informs decision-making. This is crucial for
designing dashboards that reduce cognitive load and
enhance teachers' understanding. Research on
Visualization Literacy and Dashboards for Teachers
indicates that good design can reduce cognitive load
and enhance teachers' data analysis capabilities
[136].
3.1.6 Cognitive Load Theory

The AI-PINS teacher experience design is
based on Sweller's cognitive load reduction
principles to reduce the system's memory and time-
consuming workload for data analysis. This allows
the dashboard and interface to be easily understood,
with data displayed visually, graphs, and immediate
analytical statistics. Research on Learning Analytics
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Dashboards indicates that well-designed
visualizations facilitate faster decision-making and
effectively reduce cognitive load [137], [138].

3.2 System Development Dimension

AI-PINS uses Data Management & Integration
to collect and process historical student and teacher
data. This data is then fed into the AI Agent Core,
which utilizes various Al techniques, including Deep
Knowledge Tracing (DKT) [130] Case-Based
Reasoning (CBR), Natural Language Processing (NLP),
Retrieval-Augmented Generation (LLM+RAG) [131]
Recommender System, and Reinforcement Learning
[134], [135]. The system's results are presented through
a Dashboard for Learning Analytics and Instructional
Recommendations for Teachers, which reports overall
results and recommends programming lesson plans
based on student learning outcomes from post-teaching
records [138]. The process consists of three main
steps:
3.2.1 Data Management & Integration

This process collects and integrates data from
multiple sources, such as past scores, lesson plans,
and learning outcome indicators. All data is stored in
a central data warechouse to ensure readiness for
processing [138]. Data security is ensured through
encryption and access control (RBAC/ABAC) in this
process.
3.2.2 AI Agent Core

The decision-making center of the system to
generate and recommend lesson plans [128], [138].
It incorporates key techniques: (1) Deep Knowledge
Tracing (DKT), which analyzes learner progress
over time to track learning; (2 ) Case-Based
Reasoning (CBR), which uses similar cases to
provide recommendations to analyze similar cases;
(3) Natural Language Processing (NLP), which
analyzes text to understand the teacher's language;
(4) Retrieval-Augmented Generation (RAG/LLM),
which extracts real data to support the model's
response generation; (5) Recommender System,
which prioritizes appropriateness of activities and
learning materials; and (6) Reinforcement Learning
(RL), which improves decision-making based on
rewards and post-teaching recordings. For adjusting
strategies based on learning outcomes [134], [135].
3.2.3 System Outputs

The system's outputs are divided into two
main parts: (1) Dashboard for Learning Analytics,
which provides an overview of the learning
outcomes of each student group [137], [138]. (2)
Instructional Recommendations for Teachers, which
recommends lesson plans, teaching activities, and
teaching materials. Both parts work in conjunction
with the XAl module to allow the system to select

lesson plans for teachers and verify the source of
recommendations [132], [133].
3.2.4 Feedback & Optimization

The system uses Active Learning and MLOps
Monitoring to enable continuous learning and model
improvement based on user feedback. This enables
the system to learn from actual use, improve
accuracy, and adapt to the context of use [137],
[138].
3.2.5 User & Environment

This links the AI-PINS system to the actual
work environment in municipal schools. There are 3
main user groups: (1) teachers, using AI-PINS
Dashboard to analyze learning results and adjust
learning management plans via XAI to enable
teachers to understand and adjust teaching in
accordance with the curriculum [127], [128], [129].
(2) educational supervisors, acting as learning
facilitators between teachers and policy (Advisory
Layer), using AI-PINS to analyze teaching quality
and provide strategic advice (Supervisors) [130],
[131]. (3) educational administrators, acting as
policy level users (Strategic Level), using AI-PINS
Decision Support System (DSS) to analyze and
process overall school data to support administrators'
decision-making in line with municipal education
policies [132], [133]. (3) educational administrators,
acting as policy level users (Strategic Level), using
AI-PINS Decision Support System (DSS) to analyze
and process overall school data to support
administrators' decision-making in line with
municipal education policies.

3.3 Research Outcomes Dimension
3.3.1 Technical Outcomes

The system's performance is evaluated using
technical indicators, including Accuracy, Precision,
Recall, and F1 - score, to measure the model's
accuracy, performance, and stability [139]. This
model's ability to predict and guide learning is
validated through cross-validation and Confusion
Matrix Analysis.
3.3.2 Application Outcomes

The system can be applied in real classrooms,
producing results in the form of lesson plans,
automated assessments, and policy decision support
systems (DSS) to assist teachers in planning learning
activities and administrators in formulating
educational policies [140], [141], [142].
3.3.3 Practical and Policy Outcomes

The most important outcome of the research is
the practical application of the system in Bang Yai
Municipality. The AI-RTRO system has significantly
improved security efficiency in the municipality.
Automatic object and event detection enables faster
responses to situations. The system also reduces the
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workload of officials who manually review CCTV
footage, a time-consuming task that can easily lead to
missed details. Furthermore, the data and statistics
generated by the system help facilitate more efficient
planning and policy decision-making. Community
impact is another key outcome. An effective object
detection system improves public safety and
increases public confidence. The system also
promotes a positive image of the municipality in its
management of modern technology. Furthermore, the
success of the system development allows Bang Yai
Municipality to serve as a model for other local
administrative organizations interested in developing
similar systems. Based on the experience in
developing and implementing the system, the
researchers have summarized several key policy
recommendations, including guidelines for the
appropriate and effective use of artificial intelligence
in public organizations, taking into account both
opportunities and challenges; security and privacy
measures that must be considered when using Al
systems related to citizen data; and policies for
developing Al personnel in public organizations to
ensure sustainable system development and
maintenance. These recommendations are not only
beneficial to Bang Yai Municipality but also to the
broader community. But it can still be applied to other
agencies.

3.4 Evaluation Dimension

This quantitative and qualitative evaluation
examines the model's validity and stability. The
evaluation tools include:
3.4.1 Quantitative Evaluation

This examines the validity, reliability, and
statistical appropriateness of the model.
3.4.1.1 Appropriateness

The appropriateness of the conceptual
framework is measured using a 5 -point Likert scale
to assess the appropriateness of each component.
The data were then analyzed to determine the mean
(x) and standard deviation (SD) to summarize the
quantitative data [143].
3.4.1.2 Content Validity

Content validity is examined by at least five
experts to calculate the Index of Conformity (IOC)
for each question. This measures the appropriateness
and reliability of the system, ensuring that the content

is accurate and meets the objectives [144], [145].

3.4.1.3 Statistical Reliability & Validation

Advanced statistics are used to analyze and
verify the quality of the instrument, including
reliability using Cronbach's Alpha (> 0.90), factor
analysis (CFA) to confirm that the theoretically
designed evaluation dimensions are consistent with
the actual statistical data, and key performance

indicators (KPIs) to assess the overall quality of the
system [145], [146], [147].
3.4.2 Qualitative Evaluation

This is used to verify and confirm the system's
appropriateness, reliability, and practicality. It consists
of:
3.4.2.1 Expert Opinions & Recommendations

This examines the appropriateness, accuracy,
and completeness of the system. Data was collected
through in-depth interviews for thematic summary
and focus group discussions for coding and
categorization, and then provided feedback for
improvement before the system was implemented
[148], [149].
3.4.2.2 Usability/Acceptance

Used to assess the system's ease of use,
understandability, and level of acceptance. Data was
collected through a usability test using the TAM 4.0
model, along with observations or post-system
interviews [146], [150] to improve and confirm the
system's completeness.

4. RESULT

The AI-PINS conceptual framework evaluation
was designed under the concept of Evaluation
Dimensions for the Conceptual Framework of Al
Agent-Based Intelligent System Development,
covering five main dimensions: (1) System Quality,
(2) Intelligence Quality, (3) Decision Quality, (4)
Learning Quality, and (5) User & Environment
Quality. This evaluation aimed to evaluate a
programming instructional management system for
elementary school teachers. The evaluation consisted of:

4.1 System Quality

This system measures the efficiency,
stability, security, and technical suitability of the Al-
PINS system. It is used to verify the consistency and
reliability of indicators such as processing speed,
historical database connectivity, and dashboard
display capabilities [151], [152], [153]. This
evaluation assesses the completeness of the system
structure and its ability to function under the
designed conditions. It supports effective operation
in real-world environments, including the appropriate
integration of the IPOF module and the Al Agent
Core.

4.2 Intelligence Quality

This focuses on model performance and
reliability. and the intelligence of Al agents
(Perceive—Decide—Act—Learn) in analyzing data and
providing accurate recommendations using CBR,
KT, and RAG. To achieve an Explainable Al (XAI)
system that can explain the reasons for
recommendations, it must support ML and NLP
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techniques appropriate to the real-world context and
continuously adapt to new data [154], [155], [156],
[157].

schools, leading to sustained acceptance and
confidence among teachers who use the system.

The results of the framework suitability
assessment by 15 experts are shown in Table 6.
4.3 Decision Quality

The reasoning behind decisions generated or Table 6: Results of the framework suitability

recommended by AI must be explainable and

assessment by experts

Validat§q. This measures the accuracy, .tr.ansparetllcy, Assessment list Mean | S.D. | Opinions
and ability to support the system's decision-making, 1. System Quality 472 | 0.16 | Excellent
such as recommending lesson plans, sequencin -
. & .. P . 4 8 1.1 The structure according | 4.80 0.41 Excellent
learning paths, and providing analytical feedback to the IPOF model is
using the Explainable Decision Module, which complete and coherent.
demonstrates the reasons for decisions, and Rule- 1.2 The system 4.67 | 049 | Excellent
based Validation, which logically validates architecture design can
dations to ensure teachers understand the support data and
recommen - . . . operations. In real-world
system's decisions. This includes generating environments
outcomes that are logical and appropriate to the real 1.3 The system is flexible | 4.67 | 049 | Excellent
context [151], [155], [157], [158]. and scalable to
accommodate new needs.
1.4 The integration of 4.73 0.46 | Excellent
4.4 Learning Quality basic theo ign i
) » ry and design is
Emphasizes the system's ability to learn from consistent.
data and experiences (Feedback Loop/Experiential 2. Intelligence Quality 4.65 | 023 | Excellent
Leammg) to ?Ol_ltlnuousb’ 1mp.rove perfomance from 2.1 The AI agent has the 4.73 0.46 Excellent
feedback. This includes applying the MLOps process ability to perceive,
and quality checks to ensure the system can analyze, decide, and act
: . : (Perceive—Decide—Act—
continuously develop and adapt its learning. Al- Leam) efficiently
\ . . . .
PINS's  learning 'assessn}enF includes developmg 2.2 The Al system uses a 4.60 0.51 Excellent
students' computational thinking (CT) and debugging variety of techniques
skills, as well as designing lesson plans that align with (ML, NLP, RAG, XAI)
the OBEC curriculum's Learning Outcomes (LOs) gﬁfl’;‘;i’gately for its
and satisfaction measurement [152], [153], [156]. 3 3 The Al leamns and 260 | 051 | Excollent
adapts continuously from
4.5 User & Environment Quality new data and feedback.
Measures the system's usability and 2.4 The Al Core d.esign'is 4.67 0.49 Excellent
understandability. (Understandability) and user $$§$§2§lc;$p]hesi with
accepte?nce leve}s measured s.at.1sfact1on w1th. t.he 3. Decision Quality 280 | 017 | Excellent
system's responsiveness to municipal school policies
3.1 The system's 4.87 0.35 Excellent
and contexts. The Technology Acceptance Model decisions are aceurate
(TAM 4.0) framework was used to measure 1) PU Reliable and explainable.
(Perceived Benefits), displaying a dashboard 3.2 The decision support 467 | 049 | Excellent
summarizing learning plans and student scores; 2) SYSteHGIiS transparent and
. traceable.
PEOU (Ease of Use), case of use’. 3) TR (Trust, 3.3 The decision outputs are 487 | 0.35 | Excellent
Accuracy, Transparency, and Security); and 4) BI consistent with actual user
(Biometrics), continuity of use and recommended for needs and problems,
continued use in the next semester. Interviews 4. Learning Quality 4.67 | 0.44 | Excellent
with educational supervisors and gdmlmstrators were 4.1 The system can learn | 4.67 | 049 | Excellent
also conducted to analyze readiness for practical experientially and adapt
implementation [151], [153], [154], [158]. to the environment.
The evaluation of the five dimensions of the ?'2 TI}‘l‘? ?I ?g‘lﬂg lteamz 467 | 049 | Excellent
TOmMm historical data an
developed conceptual framework demons.trated that feedback to improve
the AI-PINS framework is comprehensive across accuracy and efficiency.
technical, pedagogical, and policy aspects for 4.3 Thesystemuses MLOps | 4.67 | 0.49 | Excellent
practical application. This clearly impacts the for inspection to improve
application of AI-PINS in municipal school contexts performance quality.
X X L 5. User & Environment 4.53 0.39 Excellent
The framework effectively links theoretical Quality

constructs to practical applications in municipal

e
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Mean | S.D.
4.53 0.52

Assessment list
5.1 The system is
designed to be
appropriate for actual
user use.
5.2 The system is easily
accessible, secure, and
convenient to use.
5.3 The system is
designed with user
acceptance in mind
according to the TAM
model.

Opinions
Excellent

4.60 0.51 Excellent

447 High

Overall Summary 4.67 0.13 | Excellent

From Table 6, the results of the evaluation of
the appropriateness of the AI-PINS (Al-based
Programming  Instruction = Navigation  System)
conceptual framework by 15 experts, covering 5 main
dimensions, found that the overall appropriateness
was at the highest level (¥ = 4.67, S.D.=0.13)
indicating the completeness of the structure
according to the IPOF model and the ability to
integrate basic theories with the Al system
architecture perfectly. The system can support real
data processing, is flexible and scalable to support
new needs. The dimensions of intellectual quality
and decision-making of AI-PINS were evaluated at
the highest level (X = 4.65 and 4.80 respectively)
because the system can process with ML, NLP, RAG
and XAI techniques efficiently and reason through
the Explainable Decision module which is consistent
with the findings in the literature of Zaid M. Altukhi
(2024/2025) [159] who stated that educational Al
systems should have an explainable mechanism to
reduce the ambiguity of the results. In addition, the
evaluation results indicated that the system has the
potential for continuous learning and development
through the MLOps Monitoring process, consistent
with the guidelines. Subhankar Maity's Human-
Centric XAI (2024) [160] focuses on users learning
from the system's reasoning and its suitability for users
and the environment (X = 4.53). Experts found that
the system is safe, easy to use, and consistent with
technology acceptance factors in educational
institutions, especially when it can be easily
explained, as proposed by Sachini Gunasekara
(2025) [161]. As aresult, the AI-PINS conceptual
framework is strong in both theory and practice and
meets the design needs of modern educational Al
systems that must be transparent, explainable,
reliable, and support practical application in primary
schools. It is also consistent with the TAM 4.0 model
regarding Perceived Usefulness and Ease of Use,
indicating a high level of technology acceptance in the
context of municipal schools.

Unlike prior Al-based educational studies
that primarily focus on learner-level prediction and
content personalization, this research advances Al
toward an explainable, teacher-centered decision-
support framework. While earlier systems often
operate as black-box analytics tools, AI-PINS
explicitly integrates Explainable AI to support
transparent instructional planning. Furthermore,
most existing research is situated in higher education
or generic online environments, whereas this study
is grounded in the real context of municipal primary
schools. By embedding Deep Knowledge Tracing,
Case-Based Reasoning, and Retrieval-Augmented
Generation within an IPOF architecture, AI-PINS
bridges the gap between data-driven intelligence and
pedagogically accountable classroom practice.

5. DISCUSSION AND CONCLUSION

The evaluation of the AI-PINS (Al-based
Programming Instruction Navigation System)
framework by 15 experts found it to be the most
appropriate (x = 4.67, SD = 0.13, IOC = 0.95) ,
reflecting theoretical completeness and structural
consistency. And the potential for application in the
context of municipal schools, especially the Decision
Quality dimension, which received the highest score
(x = 4.80), indicating the transparency and ability to
explain the reasons for decisions through the
Explainable Decision and Rule-Based Validation
modules, consistent with the results of the literature
review indicating that Al systems that can provide
explainable reasoning can increase user confidence
and acceptance in teaching programs [132][162]. The
System Quality (X = 4.72) and Intelligence Quality (X
= 4.65) dimensions reflect the stability of the
architecture and the learning potential of Al-Agents
through the Perceive—Decide—Act-Learn cycle,
including ML, RAG, and XAI techniques, which is
consistent with research that found that Generative Al
has the potential to accelerate learning Python and
reduce the gap for learners with different
backgrounds. Learning Quality (X = 4.67) and User
& Environment Quality (X = 4.53) are consistent with
the TAM 4.0 conceptual framework that emphasizes
usability and ease of use [163]. The evaluation results
for each item ranged from 4.53 to 4.87 (SD 0.35-0.52)
except for item 5.3 which was at a high level. The
overall evaluation results confirm that the AI-PINS
conceptual framework has a high level of content
validity (IOC > 0.90) and is ready for development
into a prototype for actual use, reflecting a balanced
integration between Al intelligence, learning design,
and user-friendliness, which is in line with the OECD
Education 2030 policy guidelines and DEPA's digital
education strategy that promotes the use of Al to
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enhance the quality of learning for teachers and
students in the 21st century.

This study aimed to develop and evaluate
the AI-PINS framework as an Al-based instructional
decision-support system for programming education
in municipal primary schools. The findings
demonstrate that AI-PINS successfully integrates
intelligent-agent mechanisms, explainable Al, and
learning analytics to support transparent, context-
aware instructional planning, achieving high expert-
evaluated appropriateness across system,
intelligence, and decision-quality dimensions. The
framework effectively addresses teacher workload
reduction and alignment with curriculum indicators,
confirming its practical relevance. However, this
research is limited by its reliance on expert-based
evaluation and a specific municipal school context,
which may constrain generalizability. Potential
threats to validity include contextual dependency,
limited longitudinal classroom deployment, and
reliance on historical data quality. Future studies
should therefore validate the framework through
large-scale implementation and long-term analysis of
learning outcomes.
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