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PREFACE

With technological advancements, the field of computer and
educational technologies education is also gaining increasing
importance. This is causing radical changes especially in
education area.

Not only concepts such as coding, programming, algorithmic
thinking, and computational thinking, but also artificial
intelligence tools and instructional technologies implemented
with artificial intelligence have gained importance this century.

This book, Academic Research in Computer and Educational
Technologies, brings together a series of academic studies
examining these new transformations. The book consists of five
chapters: "Artificial Intelligence in Primary and Secondary
School Education," "Networking in Education Systems for
School Children: A Digital Framework for Connected Learning,"
"An Assessment of ICT Tools Impact on Middle-School
Education: A Secondary Evidence Synthesis," "Computational
Thinking and Coding Education in the Artificial Intelligence
Era," and "Artificial Intelligence and Ethical Issues in
Education."

Each chapter addresses different digital developments,
emphasizing topics such as ICT tools, the place and ethical issues
of artificial intelligence in education, digital frameworks, and the
relationship between computational thinking and artificial
intelligence. It details the opportunities and challenges arising in
the educational technologies process and aims to contribute to the
field.

This book aims to contribute to all researchers, educators and
stakeholders who are trying to contribute to the field of computer
and instructional technologies. We extend our sincere gratitude to
the entire academic community who dedicated their time to the
creation of this book, to all the authors who contributed for their
efforts and productivity, and to the Global Academy Publishing
team.

Assist. Prof. Dr. Nihan ARSLAN NAMLI
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Introduction
Computational Thinking and Coding in the Era of Artificial
Intelligence

The Impact of Digital Transformation on Education

The 21st century is one of the most multifaceted societal changes.
Education is one of the sectors most directly impacted by this
change and central to its trajectory. The rise of advanced
technologies such as artificial intelligence (Al), cloud computing,
augmented reality (AR), virtual reality (VR), and data analytics
have drastically changed the way learning and teaching become
personalized, interactive, and largely location-independent
experiences. Digital transformation is an accelerated process in the
post-pandemic era and it continues to redefine the dimensions of
education. Zhang et al. (2025) emphasise the potential for such
digital technologies to improve online learning experiences and
state that the provision of targeted and personalised learning is
within the scope of Technology Supportive Teaching Approaches
per the National Education Policy (NEP) 2020. Adaptive learning
systems also help to optimize the learning experience and the
lesson delivery by being adaptable to students by addressing their
particular learning needs. But what constitutes digital
transformation is more than the use of technologies; it is a
redefinition of what learning actually means. According to Shafiq
and Jan (2025), while technology such as Al, VR, AR, mobile
learning, gamification etc. hold forth novel pedagogical
pedagogies as potential solutions, a lack of integration into an
integrated pedagogical framework seems likely to lead to
superficial digitalization. Digital literacy and technological
readiness in education institutions are significant determinants of
how well they transform digitally. As Vinh and Nguyen (2025)
emphasize, technology is more important than its “availability” and
should be strategically built into instructional processes. As a
result, digital transformation is transforming education from
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technology-based transformation towards a learner-centered
ecosystem. This change takes away the teacher as a content
knowledge transmitter and becomes a content knowledge designer,
and students from consumers of knowledge to producers of
knowledge. The implication of this is that education gains a
cognitive structure that coincides closely with the computational
thinking (CT) and coding competencies required by the digital age.
Computational Thinking and Coding are Key.

The Importance of Computational Thinking and Coding

The second quarter of the 21st century marks a phase of new
challenges for cognitive competencies and technologies in the
development of the Al and the world, with education, economy and
social processes becoming the central stage, in order to bring in
new cognitive skills to people (Luckin et al., 2022; Holmes et al.,
2023). This revolution requires to view digital tool proficiency but
also to regard computational thinking (CT) and coding skill set as
basic life skills. CT refers to a higher order thinking skill which
allows people to solve complex problems in a systematic fashion,
reason algorithmically, and form knowledge by abstractions
(Wing, 2006; Yadav et al., 2021). In the era of Al, this skill permits
people to adopt technology as not just consumer but as a productive
and critical actor (Brennan & Resnick, 2019; Shute et al., 2022). In
the field of educational research, CT is closely related with
cognitive development theories. In the constructivist learning
perspective as theorized by Papert (1980), learning involves a
process of cyclical active problem-solving, creative production and
reflective thinking. Accordingly, CT is also interlinked in terms of
21st century skills, such as, critical thinking, creativity, data
literacy and ethical consciousness. CT has been noted to aid
learners in reconstructing knowledge, making sense of the learning
processes, and in the development of interdisciplinary thinking
skills (Grover & Pea, 2018; Weintrop et al., 2021). Coding is the
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real application of CT via programming. Coding also gives
students experience with algorithmic processes and develops their
abstract thought skills (Lye & Koh, 2014). In Long and Magerko's
(2020) definition, Al literacy entails capabilities of understanding,
critiquing and responsibly utilizing Al systems. Coding, therefore,
is not just a useful technical skill, it’s also a core skill in Al literacy.
Recent studies show how coding-based instructional approaches
directly inform students’ Al literacy. As an example Wong and
Williams (2024) conducted an experimental study at the secondary
education level that found that Python-based coding activities had
a significant effect on students’ algorithmic thinking and
understanding of Al concepts. Similarly, Echeverria et al. (2024)
found that students’ problem-solving and motivation for learning
were improved by the implementation of an Al-assisted
programming module. The incorporation of Al into education has
been feasible mainly due to personalized learning experiences and
flexible methodologies (Zawacki-Richter et al.,, 2019).
Nevertheless, for this integration to work, students and teachers
have to have CT and coding competencies. Teacher professional
development research has indicated that teachers need assistance
with coding and algorithmic thinking in order to leverage Al
technologies pedagogically (Kong et al., 2022; Donahue, 2025).
Ozbilen et al. (2025) note that while Al learning environments
provide benefits regarding personalized learning, their pedagogical
impact relies on teacher competencies enhancement. In the new
model, students must become knowledge producers and teachers
facilitators who understand technology as we provide pedagogical
scaffolding. Hence, the incorporation of Al, CT, and coding in
education is not only conceptual, but there are multiple educational
dimensions that involve, for instance, instructional design, ethical
considerations, and digital citizenship (Ekundayo & Chaudhry,
2025; Shute et al., 2022). CT and coding in the Al age is seen as
necessary to address the many problems in the digital age. Students
who possess these will be in a position to govern their digital
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domains, discover how to design their way through them and
employ them in productive ways. CT and Al literacy usage in the
classroom will likely be one of the crucial factors to a future set of
learning skills.

Foundations of Computational Thinking and Coding

Amid digital transformations of increasing pace in the 21st century,
artificial intelligence (Al) is radically transforming the character
and operation of educational systems. Al-mediated teaching and
learning processes become a paradigm shift that goes far beyond
the advances of technological innovation — when looked at from
the learning sciences perspective (Tuomi, 2023). Consequently,
this transformation aligns directly with the facilitation of
personalized instruction, enhancing data-driven decision-making
framework capabilities, and overall, learning analytics from the
information and communication technologies viewpoint (Holmes
et al.,, 2023). Tools driven by Al create customized learning
environments by generating dynamic materials, adapting to
students’ learning styles, learning capacity, and cognitive
objectives. Simultaneously, they analyze interaction data to allow
teachers to get instant feedback with learning analytics, to support
formative assessment processes, and to improve instructional
quality through pedagogical decision-support techniques (Johnson
et al., 2025). In this regard, Code.org, Scratch Al Extension, and
Google Teachable Machine are among the effective tools that help
support CT and programming development. These Al-accelerated
coding environments emphasize higher-order thinking capabilities
like algorithmic reasoning, problem-solving, and creativity and
support metacognitive awareness through Al-mediated scaffolding
systems of students (Peng et al., 2025). Additionally, the
widespread availability of Al-based coding environments paved
the way to extend programming education, especially in early
childhood, particularly in primary school programming education,
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via gamification, simulations, and natural language processing
based systems thereby increasing the incentives of students to
learn. Al has also made one of the most dramatic contributions to
the learning process in its ability to track student performance and
discover learning paths. Systems like these — ones that can read a
student’s cognitive processes and model cognitive processes
sensibly — they let us, in terms of learning tendencies — these
kinds of systems are able to tell how students think and
subsequently construct models that are relevant to their preferred
way of learning. This allows teachers to define their pedagogies
much earlier, with more intentionality. The AI cognitive map
function within the learning process helps to objectively analyze
students’ strengths and weaknesses that the Al in learning and
development of self-regulation skills. After all, Al-enabled
education tools represent a data-driven shift in pedagogical
decisionmaking. From libraries of programming to assessment
software, such tools work to fortify the values of personalisation,
objectivity in assessment and fluid teaching methodology.
Artificial intelligence is not part of the literature in the form of a
technology innovation in which pedagogical practices have
transformed, as is the nature of teachers or practices.

Computational Thinking: Definition and Conceptual Framework

This is a new chapter in computational thinking, which is a term
from classical theory. Today, the Al age has witnessed the advent
of increasingly rapid digital transformation, and people are finding
themselves forced to develop the cognitive tools to consume not
only the technology, but the knowledge that is a foundation for
solving problems. Within this context, computational thinking
(CT) has become one of the core learning areas in educational
sciences (Wing, 2006; Grover & Pea, 2018). In Wing’s (2006)
influential description, CT refers not only to solving problems and
creating systems but also to understanding how we might act in
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relation to other humans using basic computer scientific concepts.
This definition is necessary as a reminder to highlight a wide range
of CT from cognitive science to technology. Brennan and Resnick
(2019) go on to describe CT in three interlocking dimensions: ideas
(e.g., algorithms, loops, conditionals), practices (e.g., testing,
debugging, remixing), and perspectives or attitudes (e.g.,
perseverance, creativity, systematic reasoning). Based on this
work, recent studies find that computational thinking (CT) is in line
with metacognition, critical thinking, and creativity (Shute et al.,
2022; Basu et al., 2023). CT is not only a technical undertaking,
but a new way of thinking, mental model which profoundly
changes the way people deal with high degree of problems and
interact with digital systems (Yadav et al., 2021; Weintrop et al.,
2021). CT serves as a bridge between algorithmic reasoning and
human cognition, empowering students to conceptualize, model,
and implement solutions in the age of Al

The Relationship Between Coding and Algorithmic Thinking

Coding is tied to algorithmic thinking. Coding tasks help students
decompose the steps of problem work into an ordered pattern, build
algorithms, and extend them out of analog and computing spaces.
According to Lye and Koh (2014), coding is a “cognitive process
in which abstract algorithmic thinking is transformed into action,”
and in doing so, students reinforce their debugging, solution
generation, and outcome-assessment skills. Research has shown
that coding supports cognitive, as well as affective and social
aspects of learning (Grover & Pea, 2018; Yadav et al., 2021), for
academic performance. Coding promotes patience, persistence and
collaboration in learning, prompting students to demonstrate
cooperative problem-solving behaviors. Block-based
programming environments, such as Scratch and Blockly, can help
younger learners grasp abstract algorithmic constructs in a real-
world manner and play a key role in integrating CT with the
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constructs underlying constructivist learning (Brennan & Resnick,
2019; Shute et al., 2022). When students implement coding, they
transform passive learning into active knowledge construction
through algorithmic reasoning as the logical thinking manifests as
the coding process. This fluid symbiosis of coding and CT gives
students the ability to perform computational analysis, symbolize
solutions and build iterative reasoning or refine their reasoning in
iterative design iterations about the issues faced. So coding could
be seen as a pedagogic device and cognitive scaffold that lets us
translate the understanding from concepts of computational
operations to relevant or expressive learning.

The Place of Computational Thinking and Coding Skills in
Education

CT and coding are now not just in ICT (information and
communication technology) courses in educational contexts but
increasingly viewed as subject-related topics in an interdisciplinary
context (Grover & Pea, 2018; Weintrop et al., 2021). Integrated CT
is both an asset and a purpose of education — to cultivate digital
literacy and to transform the modes of consciousness of learners.
In terms of the same, CT is integrated into the curriculum of
elementary through tertiary education in the United States, Finland,
and South Korea. There have been a great many pedagogical
approaches in the space including problem-based learning,
gamification, and Al-supported learning environments (Holmes et
al., 2023; Bozkurt & Yu, 2025). These are rooted in experiential,
inquiry-based, student-centered learning as well as the emergence
of computational reasoning in learners that is coupled with
creativity and moral consciousness. CT and coding have a dual role
in education as illustrated in the literature. The first is for CT as a
sort of tool — tools for digital literacy and interdisciplinary
learning. To do so, the second one refers to CT as a strategy of CT,
defined by outcome of cognitive competence that governs how
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learners process information and how they interact with it. CT thus
became a must-have component of education in the age of Al (Rao
& Suhasini, 2025; Ekundayo & Chaudhry, 2025) on that
foundation. Thus CT and other coding training are moving from
technical training to be integral for cognitive development and
reflective learning. Connecting the tech students through CT gives
adaptive learners a chance to work on a number of competencies
needed to drive innovation and creatively problem-solve within an
ever-complex digital world.

Al-Supported Education: Tools and Applications

Al-Supported Coding Platforms

Educational Al-supported Applications: Tools & Apps. Al-
Supported Coding Platforms. One of the most crucial Al-
augmented code engines has been a treasure for formative learning
spaces that enable students to code for programming.Today, online
programming platforms like Code.org, Scratch Al, Google
Teachable Machine, and Al for Kids illustrate the union between
coding and knowledge of computational thinking (CT) concepts.
They offer students higher level algorithmic reasoning, better
diagnostic aids, and greater understanding of the algorithm logic of
programming via feedback loops (Johnson et al., 2025). The
Scratch Al Extension, specially, offers students access to artificial
intelligence's (AI) model for working within a block coding
environment and where they can study fundamental knowledge
like machine learning and the recognition of patterns and
representational systems. Next generation coding platforms, that
are not just about educating technical abilities, but about increasing
students’ metacognitive ability/awareness and self-regulation skills
etc. Asynchronous Al-based learning platforms, including Glitter,



enable peer-to-peer learning by facilitating Al-mediated student
collaborative conversations (Peng et al., 2025).

Table 1. Classification of AI-Supported Coding Platforms by

Educational Level

Educational Level Al Platforms Learning Objectives

Preschool (4-6 ScratchJr Al, Kodable Al, Algorithmic reasoning, cause—

years) RoboGarden  Junior, Teachable effect relationships, pattern
Machine recognition

Primary School (7- Scratch Al Extension, Code.org Al Block-based coding, data

11 years)

Labs, Al
MakeCode Al

for Kids, Microsoft

representation, basic machine
learning concepts

Middle School (12—
14 years)

Google Teachable Machine, Machine
Learning for Kids, Snap! with Al,
LEGO Education Spike Prime Al

Model recognition,
classification, data collection
and labeling

High School (15-18
years)

TensorFlow Playground, AI2 App
Inventor (Al Extension), MIT Scratch
with ML Models, Glitter Al Learning

Machine learning with real
data, application development

Higher  Education
(18+ years)

Google Colab, Kaggle Learn,
Deepnote, OpenAl Codex, GitHub
Copilot, Replit Al

Deep learning, natural language
processing, data science, Al-
assisted code generation

Source: Created by the author

Table 1 shows placement of Al-assisted coding platforms across
educational levels as well as their respective learning goals. While
preschool/primary tools such as ScratchJr Al and Code.org Al Labs
also support early algorithmic reasoning, pattern recognition, and
cause—effect thinking with visual and block-based interfaces. Such
platforms introduce Al into play-based practice in an educational
environment, while building cognitive capacity to learn and
enhancing enjoyment, which improves the process. With Machine
Learning for Kids or Teachable Machine, children at their middle
school level are trained on fundamental machine learning concepts,
such as classification data and model creation. These applications
increase critical thought and moral standards by prompting
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conscientious uses of Al products. In secondary schools and
college classrooms, Al-aided coding gravitates towards application
development, deep learning, and data science. Platforms like
TensorFlow Playground, AI2 App Inventor and Google Colab give
students real data access, algorithms optimization or innovative
solutions with generative Al. They cultivate thinking skills in
problem-posing and teaching based on research. More generally,
this table shows as education level progresses, complexity in
cognitive processes and levels of learning increase so, does the
individual learning ability. While much of early education
promotes intuitive, playful learning, higher education follows data-
driven, generative, research-oriented paths. This evolution
demonstrates the role of Al in the construction of a learning
ecosystem that maintains cognitive continuity at every stage of
education.

Advantages of Al-Based Instructional Tools

Al-based instructional tools allow individualized learning tailored
to the needs of students by customizing instruction as well as by
monitoring student performance in real-time. Such systems
produce tailor-made content based on learner profiles and offer
flexible teaching methods based on learner patterns of progress
(Kumar, 2025). Al-powered instructional systems increase
scalability to bring new educational practices into a myriad of
contexts (Johnson et al., 2025). Teachers can dynamically observe
students’ performance to design learning activities that optimize
learning outcomes through real-time data analysis. In addition, Al-
driven tools ease teachers’ workloads and increase fairness in
assessment and evaluation. To illustrate this, the recently
developed EvalAssist system supports teachers in defining
assessment criteria and reinforces human—machine collaboration in
the learning process (Ashktorab et al., 2025).
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Al Systems for Monitoring Student Performance

These Al-infused learning systems offer evidence based
methodologies for tracking and modelling students’ cognitive and
affective performance. These systems assess what types of
learners’ strengths and weaknesses are based on behavioral data,
interaction patterns and learning pace derived from interaction
patterns are measured. Al-driven learning management systems,
for instance, can track students’ cognitive load distribution and
offer teachers visual analytic data on cognitive development levels.
These tools offer great promise in dynamically monitoring progress
toward learning and developing motivation. And, as Al facilitated
cognitive offloading support in educational settings also enables
the students to focus on more difficult problems, e.g., on more
complex problem-solving problems. This new approach to Al for
coding and learning management platforms is transformative in
that it is the use of Al. Because they are systems, they don’t just
create skills so the learner has technology literacy — they set the
conditions for the learner to acquire these skillsets — the tools,
resources and context required for him/her to use the learning in
that technology literacy — self-regulation, critical thought and
problem-solving capabilities, among others. As such, Al-enabled
learning environments embody a shift in education—gradually
shifting the paradigm from instructional design to self-directed
instruction, data-driven practices, and improved teacher-teaching
dialogues. As a result, it may be the basis for later building blocks
of the educational models for students’ learning and knowledge.
Experimental studies examining the pedagogical and normative
adaptations of Al in coding platforms still need to be conducted in
a more systematic and in-depth way in order to explore the
educational adaptability and ethical issues surrounding the Al-
backed coding platform, which continues to be a burgeoning theme
with an increasing appetite.
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Artificial Intelligence and Computational Thinking
Integration in Education

From Primary to Higher Education: Integrating Computational
Thinking and Coding

Recent Studies suggest that when students at an early age, have
started systematically developing CT skills it helps them enhance
their higher cognitive ability (Yadav et al., 2023). At the primary
education level, block-based programming tools such as Scratch,
Blockly and Code.org are also in use and higher education for Al-
pushed coding platforms personalize learning experiences and
algorithmic learning with text-based languages such as Python and
JavaScript (Bozkurt & Yu, 2025). The multi-tiered integration
allows students to develop abstraction, pattern recognition and
algorithmic design skills which are accessible to them,
developmentally and cognitively for the students. Connecting CT
and Al resources at various levels of education further reinforces
the interdisciplinary frame of reference associated with teaching
processes. Al supported learning environments in particular, such
as Scratch Al and Machine Learning for Kids, are adaptive
resources that adapt the content for a student’s own learning style
to promote cognitive diversity (Zheng et al., 2024).

Al-Supported Instructional Strategies in STEM Education

Strategies for Instructional Al in STEM Education Integration of
Al and CT is transforming the way instruction is done, especially
in STEM (Science, Technology, Engineering, Mathematics)
education. Instructional strategies based on Al, powered by Al,
create an environment conducive for inquiry that supports students’
abilities in dealing with complex problems, creating simulations
and using data to make policy decisions (Johnson et al., 2025).

13



Such strategies promote the transfer of knowledge and allow
students to participate in higher-order cognition. Examples include
Al-enabled STEM laboratories using sensor observations to
identify patterns of errors in experiments and robotics and
mechatronics learning environments that utilise Al algorithms to
assist engineering design cycles (Kumar, 2025). This shift
transitions STEM education away from “instruction-centred” and
towards “‘experience-centred,” enhancing students’ cognitive
development.

Personalized Learning Models with Al and Computational
Thinking

Personalized learning is one of the areas Al and CT meet at in
education. According to this, Al systems sift through students’
learning data and devise paths to learning tailored to them,
delivering content in ways that suit their learning styles. The
combination of Al and CT is not just a technological breakthrough,
but an aspect of cognitive and pedagogical vision for the future
evolution of educational sciences. This integration enhances skills
for up-to-date knowledge by extending new 2 1st-century skills and
it turns teachers’ pedagogical strategies into data-driven, fluid, and
interactive styles.

Approaches to Coding and Computational Thinking Education
Game-Based Learning and Computational Thinking

Methods for Coding and computational thinking education.
Learning through Game-Based Learning and Computational
Thinking. Such game-based education has the benefit of
encouraging and creating a longer-lasting system for
computational thinking education for students. Gamified learning
environments give students the opportunity to see programming
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concepts in concrete form so that they can build trial-and-error
learning strategies. Students are able to practice algorithmic
thought when using Scratch, LightBot, CodeCombat, or Minecraft
Education Edition (Zheng et al., 2024) among other platforms.

Al-Based Teacher Support Systems

Some new implementations aimed at developing Al-backed
teacher support systems to facilitate the effective teaching of
computational thinking and coding are being developed. Al
microservices-based learning tools model students’ cognitive
competencies and can assist teachers in assessment processes.
ChatGPT, Copilot, Gemini and other tools which utilize algorithms
such as generative Al allow teachers to dynamically use the
language of their students to create instructional materials which
design student activities, along with tasks and formative and
summative assessments (Jain & Kiran, 2025). In this context Al is
more than just a tool; it is a supportive device for teachers and can
help teachers to remove cognitive loads and improve overall
teaching and learning quality. It has yet to take root but now
becomes an essential part of their teaching work. Lastly, game-
based learning, problem-based instruction, project-based learning,
and Al-supported instructional systems are new techniques that
help to combine the cognitive, affective, and metacognitive
components of computational thinking and coding education.
These approaches help cultivate students as well-rounded, creative,
and problem-oriented persons in a 21st-century knowledge-based
society.
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Future Outlook
Technological Trends in Al and Computational Thinking

Al-enhanced learning conditions such as the recent innovations
brought in by Al-supported learning environments, has created a
new breed of technologies which makes such computational
thinking accessible and much more effective. Adaptive learning
systems, generative Al, augmented reality (AR) and learning
analytics enable the design of scalable personalized learning
experiences (Zawacki-Richter et al., 2024). For example,
generative Al tools such as ChatGPT, Gemini, and Copilot analyze
code snippets embedded in programs, give feedback and suggest
novel solutions. Automated code evaluation systems (auto-
grading) and Al-assisted learning assistants encourage student
uniqueness and decrease the teaching load for teachers (Xie et al.,
2025). Taken together, these technology trends make learning
dynamic, student-centred, and interactive. As a result, the curricula
of the future should not only be based on digital learning tool
adoption but also Al-supported cognitive collaboration and
human—machine interaction concepts (Li & Shute, 2023).

Educational Policies and Strategic Recommendations

Educational Policies and Strategic Options. As UNESCO and
OECD argue, policies of education should contribute toward the
sustainable transformation of Al and CT along three interrelated
strategic dimensions: (1) integration of Al & CT literacy in the
curricula, (2) re-definition of teacher professional capabilities and
digital pedagogy leadership, and (3) development of ethical, safe,
and inclusive digital learning environments (UNESCO, 2023;
OECD, 2024). Some governments, such as South Korea, Finland
or Singapore, have adopted reform to the curriculum for Al (and
CT) since the elementary schooling, which put more importance on
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algorithmic thinking and the early development of algorithmic
thinking skills (Kong & Wang, 2024). This paper draws from
international frameworks, like UNESCO’s Al Ethics in Education,
which focus on transparency, privacy, and fairness in teachers’ and
students’ engagement with Al technologies. Subsequent policy
prescriptions should include both digital skill acquisition and the
ethical engagement on Al, and value-based learning that meets the
democratic standards.

Future Educational Models with Al and Computational Thinking

Training is an integral part of your life and future models of
education infused with Al and Computational Thinking. From Al
to CT integration in education in their future education will be
hybrid and integration of hybrid learning environments, a future of
hybrid education approaches to the future. These models focus on
individualized learning processes, and learning in this style are
personalized, flexible and lifelong learning, flexible, lifelong
experiences (Anderson et al., 2025). The analytical and algorithmic
aspects of CT are expected to be synergised with Al's data
processing and modeling capacity, which enables students to
advance higher-order cognition skills (Holmes et al., 2023), such
as problem-solving, creative thinking, and critical thinking. From
knowledge transmitter, the teacher is transformed as learning
architect and the mediator of Al (Luckin et al., 2022), students are
active learners who think and produce with data. Therefore, the
integration between Al and CT serves as a platform for a
transformative educational paradigm in the future that redefines
how people are engaged with technology.
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Conclusions and Evaluation
The Role of Al in Computational Thinking and Coding Education

Al technologies enhance instruction across all levels of
computational thinking education and open up some new learning
pathways where learning becomes profound. There is an adaptive,
constructivist, interactive-based method facilitated by the
technological tools, which can be modeled so as to create cognitive
trajectories that represent the progression of students, in addition to
providing flexible, data-driven view to instructional design
(Holmes et al.,, 2023). Recommendations for Educational
Transformation

To realize a lasting uptake of Al-enabled computational thinking
applications, a paradigm shift in education and training at policy,
curriculum, and in-service teacher training levels is essential:

1. Curriculum Integration: Al literacy and CT applications should
be integrated into curriculum across disciplines, not just
information technology courses (Kong & Wang, 2024).

2. Teacher Competencies: Professional development should
enhance teachers’ pedagogical and technical AI competence,
including Al literacy in teacher education.

3. Ethics and Data Security: Systematic awareness-raising
programs related to data privacy and ethical issues in Al-supported
learning environments are critically needed.

4. Research Centers: Research centers with an interdisciplinary
focus in Al education could aid applied pilot programs by higher
education institutions (Anderson et al., 2025).

Such recommendations work to establish a permanent approach to
educational education as opposed to a short-term technology-

18



driven model. All Al-augmented education environments must
promote the never-ending growth of all students and teachers. By
implementing Al technologies in computational education for
coding and coding education to build cognitive, affective and
metacognitive competences, Al tools are not only helping to build
cognitive, affective and metacognitive skills but also allowing 21st-
century competencies such as critical thinking, problem solving,
and creative skills to evolve. Teachers should be facilitators of
learners guiding the learning process not transmitters of
knowledge. They create adaptive, scalable and sustainable learning
environments focused on responsive responsive to society and
technological change that make it possible to produce productive,
artistic and socially conscious individuals with high levels of
thinking and creativity, critical thinking is a part of education in
such integrated approaches.

Research and Implementation Perspectives

With educational researchers, cognitive and social factors of Al
and CT in education are increasingly studied. Educational research
is beginning to focus more in this area in Al and CT integration
research as its cognitive and social aspects. Research in the
literature currently has evidence of evidence from experiments
with the impact of Al-assisted CT education on learning
experiences, students’ motivation and teacher competencies and
students’ motivation to learn from academic achievement in higher
education on the educational achievements received through ACT,
based on Al-mediated CT education is increasing steadily. In terms
of longitudinal studies, it is essential to investigate long-term
cognitive effects of Al-enabled CT education. It is also suggested
that researchers explore how Al can be implemented in a culturally
and economically sustainable way. Educational policies should be
aligned with ethical constraints of Al in learning (Luckin et al.,
2022). This information paves the way towards a strategic plan for
the way going forward to ensure both Al and CT can become
embedded in education. In the end, Al and CT are transformative
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factors shaping the future of coding education. They want to make
learning personalized and cognitively enriched. It is based on not
only the establishment of technology tools but likewise an
integration of pedagogical vision, ethical guidelines and policy
congruence in adapting education systems to such an overhaul.
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Abstract

The integration of Artificial Intelligence (Al) into education
marks a paradigm shift in how learning is designed, delivered,
and assessed. By leveraging machine learning, natural language
processing, and algorithmic intelligence, Al enables personalized
instruction, adaptive feedback, and automated administrative
functions that can significantly enhance accessibility and
learning outcomes. However, these advancements are
accompanied by profound ethical challenges. Issues surrounding
data privacy, algorithmic bias, lack of transparency in “black box”
decision-making, and the erosion of student agency raise critical
questions about fairness, accountability, and educational integrity.
This paper explores the dual-edged nature of Al in education—
its transformative potential and its ethical pitfalls—through
complementary theoretical lenses including Socio-Technical
Systems Theory, the Human-in-the-Loop principle, the
Capability Approach, and Algorithmic Fairness. It argues for the
establishment of robust ethical frameworks emphasizing
inclusivity, transparency, and data protection to ensure
responsible Al integration. Drawing on global policy examples
and institutional practices, the study proposes actionable
measures such as bias audits, informed consent protocols, and Al
literacy initiatives for educators and learners. Ultimately, it calls
for sustained multi-stakeholder dialogue among educators,
technologists, and policymakers to balance innovation with
protection, ensuring that Al serves as an empowering educational
tool that augments—rather than replaces—human judgment and
interaction.

Keywords: Artificial Intelligence, education, ethics, algorithmic
bias, data privacy, inclusivity, transparency, human oversight
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Introduction

The integration of Artificial Intelligence (AI) into educational
settings has emerged as a transformative force, fundamentally
reshaping traditional paradigms of teaching and learning. As a
multifaceted field that encompasses machine learning
applications, natural language processing, and sophisticated
algorithms, Al is designed to perform tasks that typically require
human intelligence, such as logical reasoning and problem-
solving (Akgun & Greenhow, 2022). The rapid advancement of
Al technologies in education has led to the development of
personalized learning experiences, innovative curricula, and
tools that assist educators in various tasks, from crafting feedback
to generating quizzes (Ray & Ray, 2024). For instance, the UAE
Office of Al recently released a guide detailing 100 practical
applications of generative Al in educational contexts,
highlighting its potential to enhance learning outcomes (Practical
Applications and Use Cases of Generative Al, n.d.; Vasile, 2023).
While Al presents numerous opportunities for enhancing
educational accessibility and tailoring learning experiences to
individual needs, it also raises significant ethical concerns that
warrant critical examination. The collection and analysis of vast
amounts of data by Al systems pose risks related to privacy and
data security, particularly concerning sensitive student
information and potential biases embedded within Al algorithms.
These biases can inadvertently lead to discriminatory outcomes,
exacerbating existing inequities in educational opportunities
(Vavekanand, n.d.). Furthermore, the opaque nature of Al
decision-making processes, often referred to as "black box"
models, complicates the ability of educators and students to
understand and validate Al-generated assessments, potentially
undermining trust in educational assessments (OpenAl, 2023).
As educational institutions strive to harness the benefits of Al
while mitigating its ethical pitfalls, it becomes imperative to
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establish robust frameworks that prioritize inclusivity,
transparency, and data protection. This paper seeks to explore the
dual-edged nature of Al in education, examining both its
transformative potential and the ethical challenges it presents. By
addressing these issues through a lens of ethical governance and
stakeholder collaboration, we can work towards an educational
landscape that not only embraces innovation but also safeguards
the rights and well-being of all learners. This exploration will
highlight the necessity of ongoing dialogue among educators,
policymakers, and technology developers to ensure responsible
Al integration in educational settings.

Literature Review
Theoretical Framework & Core Constructs

This study is grounded in multiple complementary theoretical
perspectives that collectively inform an ethical and socio-
technical understanding of Artificial Intelligence (AI) in
education. Socio-Technical Systems Theory frames Al in
education as an interactive system where technological
affordances—such as algorithms and data flows—operate within
complex social contexts comprising teachers, students,
institutions, and policy frameworks. This perspective
underscores that ethical challenges in Al cannot be resolved
through technical adjustments alone but must be understood as
emergent from the interplay between technology and its
institutional environment (Salloum, 2024).

The Human-in-the-Loop Principle, or Human Oversight
Principle, emphasizes that human judgment must remain central
to Al decision-making, particularly in high-stakes educational
contexts such as grading, admissions, or personalized
recommendations. This approach mitigates “black box™ concerns
and aligns with contemporary Al governance frameworks that
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prioritize human accountability and interpretability. This
necessitates ongoing collaboration among stakeholders to
develop ethical guidelines that address the multifaceted
implications of Al in educational settings, ensuring that
technology serves all learners equitably (Al Marzougqi et al., 2024;
Devi et al., 2023).

The Capability Approach, developed by Amartya Sen and
adapted here for education, highlights the importance of
expanding learners’ real freedoms to achieve valued educational
outcomes. Within this lens, equity and accessibility emerge as
normative imperatives guiding the ethical design and deployment
of Al systems. Similarly, Algorithmic Fairness and
Accountability Theory provides the conceptual foundation for
understanding bias, transparency, and auditing mechanisms as
safeguards to protect learner rights and ensure just outcomes
(Yang, 2023; Boxleitner, n.d.).

Finally, the Privacy-Calculus and Data Governance Framework
conceptualizes the trade-offs that students and parents make
when consenting to data collection and use. It also delineates
institutional responsibilities concerning data retention, third-
party sharing, and informed consent. Collectively, these
theoretical lenses converge to support a socio-technical ethical
framework, asserting that the educational, distributive, and
ethical outcomes of Al are co-determined by technological
design, institutional policy, and human practice (Thong et al.,
2023; Alrayes et al., 2024).

Core Constructs and Operational Definitions

To enable conceptual analysis, the study operationalizes its key
constructs as follows. Al Affordances (TECH) refer to the
technological features and capabilities available to users, such as
personalization, automated feedback, and natural language
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processing-based grading. These are measured by the presence or
absence of such features, the degree of automation, and vendor
documentation. Data Practices (DATA) encompass the collection,
retention, sharing, and consent procedures governing educational
data. Indicators include the existence of formal data-use policies,
consent rates, and agreements regarding third-party data sharing
(Sywelem & Mahklouf, 2024; Asrifan et al., 2025).

Algorithmic Transparency (TRANS) denotes the clarity and
explainability of model decisions, measured through the
availability of model documentation, audit reports, and
explainability checklists. Human Oversight (HUMAN) captures
the degree and quality of human intervention in Al-driven
processes, measured by the proportion of Al outputs reviewed by
educators, the number of training hours on Al ethics, and
documented review protocols (Barnes & Hutson, 2024; Dhiman
et al., 2025).

Equity and Accessibility (EQUITY) represent the extent to which
Al tools support diverse learners, including students with special
needs or those from low-resource backgrounds. These are
assessed  through accessibility features, demographic
performance gaps, and device or internet access rates. Student
Agency and Autonomy (AGENCY) reflect learners’ awareness,
control, and ability to contest Al-generated decisions, measured
through awareness surveys, opt-out rates, and contestation
mechanisms (Savandha et al., 2025; Deckker & Sumanasekara,
2025).

Lastly, Educational and Ethical Outcomes (OUTCOME) include
indicators of learning effectiveness, fairness, privacy protection,
and trust. These are operationalized through adjusted learning
performance metrics, misclassification rates across demographic
groups, documented incidents of bias or breaches, and trust
perception surveys. Together, these constructs form an integrated
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framework for assessing the ethical and educational implications
of Al in learning environments (Farooqi, 2025; AlEisaei et al.,
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Figure 1. Conceptual Framework for Al in Education
Source: Created by the authors

Artificial Intelligence and Ethical Issues in Education

To navigate the complexities of Al integration in education
effectively, it is essential to engage in comprehensive teacher
training that emphasizes ethical considerations alongside
technological proficiency. Educators must be equipped not only
with the skills to utilize Al tools but also with the critical
awareness necessary to identify and address ethical dilemmas
that may arise in their application. For instance, fostering a deep
understanding of algorithmic biases can empower teachers to
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advocate for equitable practices and challenge discriminatory
outcomes in Al-driven assessments (Akgun & Greenhow, 2022;
Abimbola et al., 2024). Additionally, the establishment of
interdisciplinary collaborations among educators, ethicists, and
technologists can facilitate the development of ethical guidelines
tailored to the wunique contexts of diverse educational
environments, thereby promoting a more inclusive and
responsible approach to Al in education (OpenAl, 2023). Such
proactive measures can ultimately reinforce the integrity of
educational practices while enhancing the transformative
potential of Al technologies.

Moreover, as educational institutions embrace Al technologies,
there is a pressing need to address the implications of digital
equity and access. While Al can enhance personalized learning
experiences, disparities in access to technology can exacerbate
existing inequalities among students, particularly in under-
resourced communities (Nguyen et al., 2023). This calls for
targeted initiatives that not only provide the necessary
infrastructure but also ensure that all educators receive adequate
training to leverage Al effectively, regardless of their background
or institutional support (Al-Zahrani & Alasmari, 2024). By
prioritizing equitable access to Al tools and fostering an inclusive
environment, educational stakeholders can better harness the
transformative potential of Al while simultaneously working to
diminish the digital divide that threatens to leave some learners
behind. Ultimately, a commitment to equity in Al integration can
empower all students to benefit from the advancements in
educational technology, reinforcing the ethical principles that
underpin responsible Al deployment in classrooms.

Artificial Intelligence is a field that amalgamates Machine
Learning Applications, Natural Language Processing and
Algorithms (Akgun & Greenhow, 2022). It is a sub-branch of
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Computer Science which creates systems capable of performing
tasks typically requiring human capabilities and intelligence.
These tasks include but are not limited to logical reasoning,
problem-solving, interaction etc. Al models in today’s age are
expected to process large amounts of information and data, reach
decisions and act autonomously to a great extent (Donatus &
Okwara, n.d.; Singh & Thakur, 2024).

The field of Artificial Intelligence is swiftly transforming
educational spheres with personalized custom-crafted learning
plans, innovative curriculum and teaching style and provision of
a multitude of skills i.e essay-writing, designing quizzes and
learning outlines, crafting emails for providing feedback to
students, solving academic questions etc. The UAE Office of Al,
Digital Economy and Remote Work released 100 Practical
Applications and Use Cases of Generative Al in April 2023
which provides a guide of specific cases of Al usage for students
(00 Practical Applications and Use Cases of Generative Al, n.d.;
Abimbola et al., 2024). This guide serves as a valuable resource
for educators seeking to leverage Al tools effectively while
navigating the associated ethical considerations. As Al continues
to evolve, ongoing research is essential to address the ethical
implications and ensure that its integration into education
promotes equity and enhances learning experiences for all
students.

Artificial Intelligence is a powerful tool in the process of making
education more accessible and defying the “one glove fits all”
mindset by personalizing assistance according to individual
needs and requirements. Al makes education accessible by
creating educational opportunities for children living in
inaccessible or rural areas or those belonging to low-income
families and even homeschoolers dealing with health issues or
special needs. However, the concept of a “digital divide” is to be
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noted wherein the technical infrastructure (internet,
technological devices) needed for accessing Al aren’t readily
available to many individuals hence a general digital
inaccessibility is the foremost hurdle.

Ethical concerns regarding Al in Education

Artificial Intelligence systems collect, store and analyze large
amounts of data about individuals to refine user experience and
train their AI models (OpenAl, 2023). The data collected may
pertain to private information, learning styles and academic
progress, preferences etc. Ethical problems related to potential
misuse of data and breaches of privacy stem from questions
regarding how this sensitive data is stored and whether the third-
parties contractually agrees to follow data protection regulations
(i.e GDPR).

How Al models are trained and the data that they are trained upon
directly affects the possibility of bias. Al models could, for
instance, be biased towards students with particular traits and
learning styles or those who fit a certain demographic. This leads
to unjust and discriminatory outcomes (i.e misclassification of
students’ abilities and unbalanced educational opportunities) for
underrepresented groups as data sets may use data that is
unrepresentative of diverse learners. Bias can exacerbate existing
harmful stereotypes prevalent in society, tamper with career
guidance and ultimately, cause a consequential disparity in the
overall educational system.

OpenAl suggests against using ChatGpt for assessment purposes;
“It is inadvisable and against our usage policies to rely on Al
models for assessment purposes. Models today are subject to
biases and inaccuracies and they are unable to capture the full
complexity of a student or an educational context. Consequently,
using these models to make decisions about a student is not
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appropriate.” (Educator FAQ | OpenAl Help Center, n.d.). If Al
tools aren’t developed with special care given to accessibility
then students with special needs and disabilities can find them
complex to use instead. Additionally if algorithmic bias is at play,
Al tools are automatically rendered more effective for
mainstream students hence putting these special-needs students
who require individualized attention, at a disadvantage.
SHERPA and AL4ED are examples of European projects that
underline the dire need for developing Al systems that
incorporate accessibility features i.e assistive technology and
varied formats such as speech-to-text and text-to-speech.
Microsoft’s Immersive Reader and Google’s Live Transcribe aid
learners that face reading impairments (i.e students with
dyslexia). Likewise, Al tools like “Aira” and “Seeing AI” assist
visually impaired students in real time by improving
steermanship and reading text (Trubnikov, 2024).

It is a recognized fact that Artificial Intelligence cannot replace
the depth of emotional support and human interaction that a
human teacher can provide. However, Al does boost efficiency
by helping teachers in compiling resources and saving time to
invest in more irreplaceable functions that require direct time
with students such as class discussions, individual attention and
personalized guidance as well as the social development of
students.

Al affects individual’s ability to exercise their agency and
autonomy in making informed choices by themselves. The
feedback that Al gives might not align with the individual’s goals,
interests or even moral values. Many Al systems and Large
Language Models such as Meta’s Llama and OpenAI’s ChatGPT
are “black boxes” which means that their decision making
process is opaque. In other words, while individuals can see
inputs and outputs, they cannot always identify the factors that
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the model considers and the weightage applied to those factors in
bringing about certain decisions or reaching conclusions. Hence,
an individual cannot always validate the model’s outputs.
Opacity of “black box” models can disguise underlying security
vulnerabilities, exacerbate biases and privacy violations.

If a teacher grades assessments with the help of Al and receives
no clear explanation on how a decision for a low grade came
about and what factors were taken into consideration, then this
would dispirit the student and hinder their learning progress.
Hence, educational institutions should aim to provide students
with detailed explanations with their grades or incorporate
educators who audit the resolution-drawing processes of Al
models (CHISEGA-NEGRILA, 2024). From another viewpoint,
the way a teacher identifies areas of growth in assessments is by
gauging how and what a student is thinking when they make a
mistake. When students employ Al tools right off the bat when
facing a difficult problem, they not only lose the opportunity to
systematically work through the problem-solving process
through dissection, analysis and correction of the mistake but it
additionally makes it harder for the teacher to re-instruct the
student or give accurate personalized feedback as constructive
instruction needs to follow up on the thought process that led to
the incorrect or sub-optimal solutions rather than just reinforcing
a plain distinction between “correct” and “incorrect” methods
(Nzoka, 2024).

Furthermore, it is impractical for teachers to view plagiarism
checkers as a trustworthy indicator of Al-generated content.
Recursive paraphrasing method refers to an attempt where a text
is taken (either Al-generated or original) and is paraphrased once
in terms of wording or sentence structure. The text is paraphrased
again and this process may be repeated multiple times making
the text shift a tiny distance away from the original surface
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wording every time whilst retaining the general meaning and
implication. This is an attempt to essentially test how strong
detection systems are against multiple layered transformations
(Rane, 2024; Fitria, 2023). While attempts such as a Recursive
Paraphrasing Method can largely reduce detection rates, text
quality is also slightly degraded hence revealing potential
weaknesses in current Al detection systems. Moreover, it is also
found that watermarked LLMS are nearly defenseless against
spoofing attacks that are aimed at miscategorizing original
human created text as the work of Al (Sadasivan et al., 2023).

A study (Sinha & Kapur, 2021) published in the Review of
Educational Research observes that STEM students are more
successful when learning a new topic if they are involved in
problem-solving and then shift to instruction rather than the other
way around. It is to be noted that students' performance is
positively heightened when the initial problem-solving is crafted
with the concept of “productive failure” under consideration
(Henriksen et al., 2021). Students can benefit more from failure
and making mistakes rather than success (Ofgang, 2021);
however, due to the risk of failure as an unrecoverable end result
rather than a learning opportunity (due to retakes of tests and
assignment revision not being allowed after they are marked),
students are likely to resort to cheating through AI tools
(Henriksen et al., 2021). This view is aided by long-term research
conducted by psychologists and behavioral economists such as
Eric Anderman and Dan Ariely respectively. There is a greater
probability of students resorting to cheating when the class pays
greater attention to extrinsic goals such as grades rather than
intrinsic goals such as learning objectives (Does Remote
Instruction Make Cheating Easier?, n.d.). Students should be
given creative liberty, independence and opportunities to learn by
trial and error without the fear of failure hanging over their head.
Hence, there must be a switch from extrinsic to intrinsic
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motivation. The UMass Amherst EDUC Syllabus Template
explains the concept of academic integrity by stating that
obtaining a just assessment of one’s work is more beneficial in
the long run than the final grade assigned to it and any student
who uses manipulative or unethical ways to obtain a higher grade
which doesn’t mirror their honest work, is failing to understand
the objective of the class (September, 2020; Xie et al., 2023).

Another aspect of transparency that is crucial to be discussed is
the concept of “free labour”. As mentioned previously, Al
research and deployment companies (such as Open Al) collect
vast amounts of data from their users (Streletska et al., 2024). On
the basis of feedback from users in conversations with AI models,
students unknowingly “provide labour” to the developer by
helping to train an Al system for no cost and improving its
algorithms. LLMs store conversations and turn them into training
data hence any material and information provided to LMM
processors can then be incorporated in the model’s training set
and could also be shared without attribution later on (Antoniak,
2023).

Autumm Caines, an Instructional designer at UMich, Dearborn,
presents recommendations to mitigate this labour in a 2022 blog
post. These include using a shared class account and promoting
the use of burner email accounts to reduce personal data
collection (Caines, 2022). Teachers should also be instructed to
not provide a student’s full name and other sensitive educational
specifics as prompts to ChatGpt for drafting emails as this can
potentially be a FERPA violation: disclosing students’
educational specifics without their permission to Al (Saylam et
al., 2023).

Moreover, it is crucial for students to make use of the information
that is disclosed by reviewing the privacy policy of their
frequently used Al tools carefully (Kévari, 2025). Some of the
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prominent features of the privacy policy of ChatGpt, an Al tool
that employs Natural Language Processing technique to respond
to user generated prompts, involves the sharing of data with

“third party vendors, law enforcement, affiliated and other users”.

This can also be reinforced by teachers by reading over the
privacy policy with their students in class and letting them know
that it isn’t a compulsion to use Al tools if they do not feel at ease
with their data being collected and/or shared as disclosed in the
policy (Cotton et al., 2023).

Another ethical concern arises from the frequent factual
inaccuracy of Al models. To compensate for gaps in knowledge
in case of a lack of training data to extract information and
provide responses to users, Al models like ChatGpt attempt to
provide a response to the best of its ability instead of an error
message or an alert about a computation failure (Ryan, n.d.). For
example, some of the citations provided in the citation lists
generated by ChatGPT aren’t real articles.

ChatGPT (abbreviated from Generative Pretrained Transformer)
and similar language models processes the conversation at hand,
forms a probability for all the words in its vocabulary database
and then selects one as the likely next word. Hence, it doesn’t
contain facts; rather, can make a fairly decent guess at what word
should come next. It doesn’t aim to write valid responses, just
responses that are plausible and in the case that it fails, ChatGpt
simply produces a statement and then dismisses it. Hence,
ChatGPT can be viewed as a valuable asset in situations where
factual validity isn’t important as much. (Analysis: ChatGPT Is
Great at What It’s Designed to Do. You’re Just Using It Wrong,
2023)

Each of the ethical issues highlighted can broadly be linked to the
spheres of human rights, educational quality and inclusivity in
educational opportunities and hence, are critical to address. Bias
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and prejudice violates equal right to education and can fuel
already prevalent inequalities and marginalization as well as
reducing the validity of assessment. Risks of privacy and data
protection breaches can damage the trust of learners and threaten
an institute’s integrity and even expose vulnerable groups to
exploitation. The violations of personal autonomy and agency
restricts freedom of thought while the gaps in algorithmic
transparency impairs the feedback loop for learners.

Proposed solutions

Individuals hold full control over their data and have the right to
full disclosure on whether their data is being employed in
purposes other than education i.e commercialization, profiling
or observation. Moreover, strict data security protocols need to
be implemented in order to prevent breaches and exploitation of
sensitive information (Hong et al., 2022).

In the context of eliminating bias in Al models, thorough audits
of data sets, which are used to train these models, are required to
ensure diversity and inclusivity. Moreover, before deployment of
Al models, algorithmic fairness should be implemented in order
to identify and rectify potential biases (“Navigating the Ethical
Challenges of Artificial Intelligence in Higher Education: An
Analysis of Seven Global Al Ethics Policies,” 2023). Another
solution could be that the data that the Al models are trained upon,
is made representative of the diversity of people that use it i.e
kids with special needs. The Digital Education Action Plan
released by the European Commission and AgileEDU, an
European Union funded project, highlight the significance of
using representative training data in order to minimize bias by
implementing algorithms after carrying out routine audits and
addressing any prejudices that arise (Barnes & Hutson, 2024).
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Safeguarding student data should be prioritized with immediate
effect. Firstly, a general adherence to data protection laws is
essential i.e Children’s Online Privacy Protection Act (COPPA)
and General Data Protection Regulation (GDPR) (Bibi, 2024).
Schools should reinforce the data rights of students and inform
them as well as their parents about what data is collected, how it
is used and who can access it (including any contracts with third
party providers) (Leta & Vancea, 2023). Informed explicit
consent should be required for any form of data collection, robust
data security measures should be implemented and there should
be transparency regarding data retention and deletion policies.
For instance, the AL4T project strives to ensure that educational
Al tools are transparent for teachers and students alike (Hong et
al., 2022).

A necessary shift from rigid traditional mindsets

Al should also not trigger job displacement rather be a reminder
to upskill staff to ensure that alongside new advancements in Al
and their integration in the educational sphere, a well-equipped
staff smoothly transitions to co-exist with them. Traditional
teacher mindsets revolving around the notion that Al is inherently
bad and should be disallowed are nothing but counter-intuitive
(Mishara, 2024). The Lower Merion School District,
Pennsylvania elaborates: “Rather than ban this technology, which
students would still be able to access off campus or on their
personal networks and devices, we are choosing to view this as
an opportunity to learn and grow” (LMSD’s Approach to
ChatGPT, n.d.).

A similar take is provided by William Swartout, chief science
officer for the Institute for Creative Technologies at the USC
Viterbi School of Engineering: “Rather than banning generative
Al from the classroom, we need to rethink the educational
process and consider how generative Al might be used to
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improve education, much like we did years ago for mathematics
education when cheap calculators became available”. Swartout
proceeds to suggest ways to use Al to improve critical thinking
skills of students i.e asking them to analyze texts produced by
generative Al and critically evaluate the facts and arguments
presented. Schools can ensure a balance between traditional
teaching approaches and Al tools. For example, expanding on
Swartout’s stance, digital media literacy should be a curriculum
course to help students to discern credible information on the
internet. For example, Computer Science students can be
encouraged to identify ways to revise ChatGpt generated code to
minimize errors and give a more efficient or less redundant
output. However for this curriculum addition to be implemented,
attempts to bridge the digital divide should also be carried out
simultaneously such as free device provision schemes to the
underprivileged.

Indeed by preventing children from essential skill development
about how to work hand-in-hand with Al whilst also sharpening
critical thinking and soft skills, teachers are neglecting the
inevitable integration of Al and automation in the future
workforce. Instead of being viewed as a “root of all evil”
destructive force, Al should be responsibly and purposefully used
in aiding learning experiences and educational goals. The Center
for Democracy and Technology reported in October that 81% of
parents believe that guidance on children’s responsible usage of
generative Al for school and within school rules would be
valuable. As a matter of fact, 72% of students also agreed that
this guidance would be helpful for them (Nzoka, 2024;
Zainuddin, 2024; OFF TASK EdTech Threats to Student Privacy
and Equity in the Age of Al, 2023).

To integrate Al responsibly in a school environment, it is crucial
to establish and communicate to all stakeholders, clear
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comprehensive policies that address each of the ethical issues
brought forward, as well as raising awareness amongst staff and
teachers and prioritizing data protection and security. To
summarize, Al implementation should give priority to inclusivity,
privacy-conscious practices and awareness in order to enhance
and polish the learning experience for all students.

Ethical frameworks

A UNESCO Global Survey of more than 450 universities and
schools made it apparent that less than 10% had institutional
policies or formal assistance regarding using generative Al
(UNESCO, 2023). While some universities, such as University
of Reading (Data Protection and Al, 2025) and University of
Portsmouth (Using Al at University, 2024) have released guides
using technology responsibly and transparently and have focused
on data protection breaches caused by Al, there is generally a
need for a common and universal set of principles pertaining to
ethical design and implementation of Al in education.

UNESCO released the first global standard on Al ethics in
November 2021. Moreover, educators and researchers have
started to brainstorm various ways to encourage and practice
ethical use of generative Al in classrooms (Dwivedi, 2023).
These ethical standards can ensure aforementioned practices like
algorithmic transparency, data reliability assurance, human
intervention, privacy and data protection policies through impact
assessment as well as consultation with stakeholders. It is vital to
understand that all Al decision making processes must rely on
human approval processes and an extent of human intervention.

By organizing ethical committees and supervisory bodies that
oversee the adherence to the code of conduct, ethical governance
can be ensured. Only when this is implemented can Al serve to
be a consultative and advisory agent that augments rather than

42



“replaces” educators. In the Al Principles and Beliefs Statement
of Peninsula School District, Washington, this concept is
reinforced. “Our perspective on Al in education is comparable to
using a GPS: it serves as a supportive guide while still leaving
ultimate control with the user, whether the educator or the
student.” A parallel viewpoint is presented by USC Rossier Dean
Pedro Noguera: “We must ensure that such technologies are
employed to augment human capabilities, not to replace them, to
preserve the inherently relational and emotional aspects of
teaching and learning”.

Additional measures

Apart from ethical frameworks and guidelines, awareness and
education about Al literacy should be promoted through
curriculum integration, media literacy, professional development
webinars for teachers etc. An example is provided in Argentina’s
Framework for the Regulation of the Development and Use of Al
Article 26 states that “Al training and education will be promoted
for professionals, researchers, and students, in order to develop
the skills and competencies necessary to understand, use and
develop Al systems in an ethical and responsible manner.”

Educators need to think over which Al tools they will explicitly
advocate as an educational institution and the privacy or safety
concerns that each tool presents and whether that concern should
lead to a restricted use or prohibition from a particular tool. A
way to set boundaries is a level policy to Al usage that can be
altered according to the nature of the assessment (Partovi &
Yongpradit, 2024). A lenient permissive approach can be
employed wherein students are allowed to use Al tools freely in
their assignment without any restrictions. However, even if a
permissive approach is employed, is it important for the teacher
to address plagiarism risks and stress upon core values that
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should not be compromised such as work integrity, responsibility,
honesty etc.

Instead of stressing upon extrinsic motivators i.e grade-point-
averages, academic integrity should be explained in a more
student-centered way. A middle-ground approach (level two) can
be applied where Al usage is allowed for specific parts or
processes within the assignment. It is up to the teacher to select
what these parts are i.e brainstorming, drafting, or grammar-
checking is allowed however the main content, conclusions
drawn and reflections must be the student’s original work. Level
three could be a completely restrictive approach where Al tools
are strictly prohibited. For this form of prohibitive approach,
assignments could additionally be redesigned. Instead of
assignments that test skills easily replicable by Al, creative
multimodal learning activities can be organized. Asking students
to make a movie or animation (via Canva, Powtoon, Inshot),
record a podcast (via Anchor, Audacity), design a timeline (via
Sutori, Timeline), compile a visual mind map (via Padlet,
Pinterest) or build a website (via Wix, Google sites, Sway) could
be one of many diverse assignment ideas.

Conclusion

In conclusion, a balance between protecting students and
innovation is required. This balance can only be reached by
developing ethical frameworks and policies that promote ethical
integration of Al in education whilst raising awareness.
Regulation and implementation of policies for the ethical use of
Al in education requires an interdisciplinary or multi-stakeholder
approach. The European Al Alliance is one organization that is
venturing into this approach. It is not a matter only concerning
tech experts but rather open discussions and collaboration
between educators, psychologists, sociologists and legal experts.
It is imperative for continuous improvement, to take frequent
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feedback from the various stakeholders and review the ever-
evolving needs of the educational community and ensure that
present Al assistance complies with changing laws and
technological advancements.

The integration of Artificial Intelligence (Al) into educational
settings presents a complex interplay of opportunities and ethical
challenges that necessitate careful consideration and action.
While AT has the potential to revolutionize personalized learning,
enhance educational accessibility, and streamline administrative
tasks for educators, it simultaneously raises significant concerns
regarding privacy, data security, algorithmic bias, and the overall
integrity of educational assessments. As institutions navigate the
dual-edged nature of Al, it becomes crucial to establish robust
ethical frameworks that prioritize inclusivity, transparency, and
the protection of student data. Engaging in ongoing dialogue
among educators, policymakers, and technology developers is
essential for fostering a responsible approach to Al integration in
education. By addressing these ethical implications and
implementing comprehensive policies, we can work towards an
educational landscape that not only embraces technological
innovation but also safeguards the rights and well-being of all
learners, ensuring equitable access to quality education in an
increasingly digital world.
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Networking in Education Systems for School
Children: A Digital Framework for Connected
Learning

1. Introduction

Over the last few years, the school education sector has been
undergoing rapid changes with the rise of digital technologies
and the increased demand for connectivity. School children are
the traditional classroom and are no longer the only place where
they learn. Instead, learning environments are turning into
networked ecosystems in which students, teachers, and resources
are interconnected through a digital infrastructure. The purpose
of this chapter is to present a digital framework for connected
learning that places networking at the core of education systems
for school-aged children. This framework thus envisages
networking as a means of raising collaboration, access, and
engagement of different learners while at the same time
respecting the systemic goals of equity, scalability, and
sustainability.

By focusing on the network aspect, the chapter illustrates how
educational systems can transform from nodes that are isolated
(individual classrooms) to integrated structures where
information, pedagogy, and learners are connected in a dynamic
way. Research in network-based education reveals that such
connectivity has the potential to be a catalyst for a complete
pedagogical rethink, sharing of resources, and system-level
innovation (Jones, 2015). Besides that, as schooling ecosystems
become more complex, infrastructure, policy, and pedagogy need
to co-evolve if they are to facilitate meaningful connectivity
rather than just digital access.

Networks have grown very complicated and fast in recent years
driven by cloud services, mobile access, 10T, and ultra-scale data
centres. At the same time, Al methods, especially machine
learning (ML), deep learning (DL), and reinforcement learning
(RL) have improved because of large amounts of data, high levels
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of computation and good algorithms (Altschuler et al., 2018).
This has created a new area: the use of Al to run, improve, protect
and control networks. As one review states, Al in the field of
networking is no longer a side project, but a main way to improve
efficiency, speed and strength (Schulze, 2025). The benefits are
clear: traffic prediction, self-modifying routing, real-time
anomaly detection, and more. But the move from traditional
heuristics to learning-based control brings new problems from
data needs to generalisation, safety, understanding and
implementation issues.

The need to embed Al into networks stems from several sources.
Networks are getting busier and less predictable. Traffic patterns
change quickly, functions are created on demand and SLAs
require low latency and high reliability. One provider study
found that more than half of data-centre decision-makers expect
Al workloads to take over inter-connect traffic in the years to
come (Ciena, 2025).

At the same time, networks are more and more instrumented:
telemetry, logs, flow records, streams of user-behaviour data all
offer rich sources of learning data. The ready availability of data
and the advances made in ML methods suggest that network
tasks can be reconsidered as data-driven rather than handcrafted.
Early surveys of this area highlight this change: while earlier
network management was rule-based or heuristic, the increase in
ML in networking is attributed to the explosion of data, the
increase in ML algorithms and the increase in compute capacity
(Barrett & Jones, 2018). One survey goes as far as to call the
application of ML in networking a systematic trend across many
sub-areas of network operation. (Li et al., 2018).

The purpose of this chapter is to take a look at earlier research
on Al in networking, identify major themes, evaluate
advantages/disadvantages and highlight key gaps that are still
there.
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1.1 Networking Role in School Education

Networking, deliberately connecting learners, teachers, digital
tools, and content within and across school systems, brings
different advantages to school education. Actually, networks
provide the way for students to work together: networked
environments, by connecting students outside the geographical
boundaries of a single classroom, encourage peer interaction,
group projects, and knowledge sharing (Levis, 2011). By this
transition from solitary instruction to networked collaboration,
students can become more engaged and have their perspectives
broadened.

Secondly, digital networks facilitate feedback that can take place
any time as well as the access to resources that can dynamically
change: teachers may use digital platforms to get connected to
students’ work, share resources, keep track of progress and make
changes in their instruction accordingly. Such adaptability is
intensified in networked systems (Mukhlis et al., 2024).

Third, networking is in agreement with learning theories adopted
in the digital age: for instance, the theory of connectivism
highlights the fact that knowledge is in networks and learning is
a process of creating and going through links between different
nodes of information (Mukhlis et al., 2024). Thus, networked
structures in schools allow kids not only to be engaged with
information, peers, and teachers but also to do so in a way that is
not fixed and one-directional, but rather fluid and interactive.

Furthermore, researchers prove that teachers’ professional
networks influence pedagogical innovations as well: the
cooperation of teachers when they are networked—sharing
practices, reflecting collectively—empowers them to use
technology in an innovative way and change their teaching (The
Asia-Pacific Education Researcher, 2021). Hence, networking in
education does not mean simply putting devices or internet
connections in place; it is about the interconnections within and
between systems that are created in order to make learning more
effective for school children.
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1.2 Digital Framework for Connected Learning in Schools
The creation of a digital framework for connected learning across
the school district implies the connection of the network
infrastructure, educational tools, and systemic practices to make
a whole system that interacts with each other. This framework
comprises the three main layers:

Network and connectivity infrastructure (e.g., wired/wireless
LAN:Ss, inter-school links, cloud access),

Digital learning platforms and resources (e.g., learning
management systems, collaborative tools, digital libraries), and

Organisational and pedagogical practices that use networking
to improve teaching-learning processes.

Children in a well-designed connected learning environment are
not limited only to content but also to the peer networks, teacher
networks and external resources — hence the transition from
isolated classrooms to connected communities of practice.The
idea of networked learning highlights this change: “learning as a
process of forming and traversing connections between
information, people and artefacts” (Postdigital Science &
Education Editorial Collective, 2021, p. 329). Operationalising
such a framework for school children involves keeping the
network available for every student, managing and maintaining
the devices, and supporting teachers with professional
development in network-enabled pedagogy. Besides that, the
framework must be very equally vigilant, i.e., making sure that
the children living in poorly resourced schools due to limited
bandwidth or a lack of devices are not left behind.

1.3 Networking and the Holistic Development of School
Children

While academic success is still valued, the networked schooling
model understands that digitally connecting students is a way to
support their holistic growth which includes cognitive,
emotional, social and digital literacies. Through the use of digital
networks, peer-to-peer collaboration can be facilitated, inter-
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school projects as well as digital communities can be enabled,
networking thus removes the social interaction barrier imposed
by geography, learner autonomy is enhanced and 21st-century
skills such as communication, critical thinking and self-
regulation are developed. For example, research on networked
learning environments in a secondary school revealed that the
factors which influence the critical thinking skills development
most are the ones that involve the mutuality of student
interactions in a network.

Moreover, holistic education research points out that school
environments should be able to support not only the physical
growth of children but also their social and emotional aspects.

2. Transition of Communication Networks and the AI Era
The modern networks have become drastically heterogeneous
and data-intensive with cloud services, mobile broadband, and
the rapid and accelerating rise in the number of connected
devices. This has gone beyond the manual and non-
programmable configuration models and gave rise to the
requirement of intelligent automation; surveys and reviews
reveal that this is a shift to the rule-based network management
to data-driven and adaptive control systems (Algazinov,
Chandra, and Laing, 2025; Ogenyi, 2025). These two authors
emphasize that as the bulk and variety of traffic increases, the
network operators have no option, but to resort to learning
systems to detect and react to the emerging conditions almost in
real-time.

The 5G generation has provided network slicing, ultra-reliable
low-latency communications (URLLC) and a massive machine-
type communications (mMTC) which already require more
dynamic orchestration than the preceding generations. Recent
polls affirm that Al technique (lightweight ML to advanced DL)
will be important in radio resource control, slice control, and
QoS/QoE provisioning of 5G and beyond (Cui et al., 2024;
Shaygan et al., 2022). As a result, the operational networks are
more likely to feature ML pipelines in order to predict the load,
plan resources, and automated regular maintenance.
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Within the 6G context, a number of high-quality surveys are
proposing a concept of the Al-native (intelligence-native)
networks in which the data semantics, context awareness and
distributed intelligence are built in and no longer an addition to
the protocol stack (Ogenyi, 2025; Das, 2025). These articles
explain how the future is going to be like with semantic
communications, reconfigurable intelligent surfaces (RIS) and
edge-embedded intelligence colluding and reducing the need to
have blind high-capacity pipes in their place in favor of
information about the tasks they are supposed to carry out.

The two operational implications of this development are two-
fold: networks should (a) be able to provide a higher throughput
and lower latency and (b) be capable of being programmed in the
middle of their operation and provide telemetry on a large scale
enabling continuous learning loops (Algazinov et al., 2025). In-
network research In-network computation has shown that the
deployment of lightweight inference and aggregation into the
fabric can reduce the latency of Al applications by a significant
factor (Algazinov et al., 2025), which is a major trend in time-
sensitive applications, like autonomous driving or industrial
control.

It is worth noting that the two networking to Al and Al to
networking tales do intersect at the point where networks should
be capable of sustaining the workloads of both AI (high
bandwidth, low jitter) as well as the networks themselves should
be controlled by Al (traffic prediction, anomaly detection), and
vice versa (Algazinov et al., 2025; Cui et al., 2024). The
academia is unanimously of the opinion that the next generation
architectures will not divide compute, storage and forwarding,
and will permit cross-layer optimizations.

2.1 Artificial Intelligence Network optimization methods.

The trending supervised learning algorithms (e.g., random
forests, gradient boosting, time-series-based CNNs) are also
regarded as base ones with regard to traffic classification and
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demand forecasting. Based on the empirical study and systematic
reviews, the flow metadata trained ML models can differentiate
successfully between encrypted and unencrypted traffic that can
be utilized to implement the QoS and intelligent routing (Salau
and Beyene, 2024; Serag et al., 2024).

Time-series and sequence models (LSTM, GRU and more recent
models of temporal transformers) were used in traffic forecasting
and capacity planning specifically. The comparative studies
conducted recently have noted that the models have been found
to be useful in modelling long-range dependencies compared
with simple statistical models, which drives anticipatory scaling
and proactive congestion avoidance (ACM DL review on deep
learning to predict network traffic, 2024; Shaygan et al., 2022).

Deep learning can be used to obtain additional telemetry features
(high-dimensional telemetry packet timing, flow histograms,
multi-point correlations) and can also obtain telemetry features
previously not obtainable. As a case in point, one may refer to
CNN and Graph Neural Network (GNN) based models, which
can learn both the spatial and temporal variations of network
topology, which the traditional models do not have and can be
applied to the path selection and anomaly detection both in the
backbone and data-center applications (Serag et al., 2024; Salau
and Beyene, 2024).

The new frontiers of the reinforcement learning (RL) and the
recent developments made in it (Multi-agent RL, deep RL) must
be applied to the sequential decision-making processes, such as
dynamic routing, congestion control, and radio resource
planning. It is demonstrated through empirical and simulation
experiments that RL under failure of greedy heuristics can be
used to construct an optimal long-term objective (throughput,
fairness) yet safe exploration and sample efficiency is a realistic
consideration to live deployment (Cui et al., 2024; Das, 2025).

The recent trend in the research is the popularity of hybrid and
ensemble methods, i.e. model-based control with predictiveness,
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grounded on models of ML and online optimization because
trade off interpretability and adaptability are possible. To execute
the deterministic policies and optimize its profits, the operators
of the production setting tend to feed the ML models into the
constrained optimizers or SDN controllers, and predict and feed
their forecasts to the production environment (Algazinov et al.,
2025; Shaygan et al., 2022).

3. Software-Defined Networking (SDN) and AI Integration
The SDN design, which entails the splitting of the control and
data planes, gives the observability and programmability which
are the basic needs of the ML systems: the global state, the flow
visibility, and the policy hooks, which allow either centralized or
hierarchical learners to optimize the network behavior (Serag et
al., 2024; Salau & Beyene, 2024). A number of surveys have
shown SDN to be leading the way for showcasing ML's role in
traffic engineering and anomaly detection.

There is a significant amount of research that merges SDN
controllers with ML modules for instantly classifying traffic and
detecting DDoS attacks. There are field studies that show ML
algorithms at the controller or SDN edge can spot bad flows and
tell switches to either quarantine or move the traffic through an
area of the network with little delay, thus, leading to a more
robust system (Hammad et al., 2023; Salau & Beyene, 2024).

Amongst the many Al techniques, graph neural networks
(GNN5s) stand out as an optimal choice for SDN scenarios as they
come up with a joint representation of topologies and flows. In
the past few months alone, various studies have pointed out that
GNN-based predictors are able to capture the network’s
relational structure which goes a long way in bettering routing
and failure prediction as compared to the flat feature models
(Serag et al., 2024).

The deployment of SDN+AI in the real world places a high
premium on modularity: the process goes like this, first the
telemetry will be collected, then feature engineering performed,
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model trained and finally validated, and enforcement carried out
at the controller-level, all done this way in order to support
system safety and upgradability (Montoya Benitez & Grajales
Bustamante, 2024). This split also makes it easier to handle
model drift and at the same time minimizes the likelihood of a
drastic policy change occurring as a result of one (possibly
wrong) model update.

3.1 Cloud, Edge and Al

Cloud systems give a single location for big models to train and
for running across the world; but, this central way of doing things
causes both lag and data costs for Al that works in real time.
Researchers show that a mix of these two ways of doing things
can run inference at the edge while still doing the training in the
cloud, giving a good trade-off between scale and speed
(Algazinov et al., 2025; Das, 2025).

Edge Al is about doing inference fast enough to keep up with
data. Work on reducing the size of models, compressing them,
and making small models allow for using DL models on devices
with small parts and edge computers, so that use cases like
AR/VR or real-time data can work within tight delay budgets
(Ogenyi, 2025; Algazinov et al., 2025).

Federated learning and in-network aggregation are ways of doing
distributed training across many edge devices that keep users’
data safe. Several reviews point out that federated and split-
learning allow models to learn from data that is spread out,
without having to centralize the raw data of users, which is a good
thing in regulated sectors, but they also face problems of dealing
with different kinds of hardware and communication costs
(Algazinov et al., 2025; Shaygan et al., 2022).

Cloud providers are opening up more of the Al-enabled
networking functions (like telemetry APIs, model serving hooks,
and programmable data planes) so that ML pipelines can work
with orchestration stacks more closely. This helps with automatic
increase and decrease in resources (predictive scaling) and with
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scheduling in ways that use less energy across resources that are
spread out around the world (Cui et al., 2024).

In real-world cases, orchestration systems combine models that
predict demand, placement algorithms (for VNFs, service
chains), and monitors that run while the system is running, to
move work around the edge and cloud as needed. Research is still
working on how to better make the cost and delay tradeoffs under
realistic workloads, and to make benchmarks that show the
networking needs of Al workloads (Algazinov et al., 2025; Das,
2025).

4. Key Application Domains
4.1 Traffic Classification, Anomaly Detection and Security

One of the first and most advanced areas of use is flow/traffic
classification and anomaly detection. The goal is to tell what type
of traffic it is, find when abnormal behaviour happens (e.g.,
DDoS, intrusion, mis-configuration) and act. Older techniques
used port numbers or deep packet inspection (DPI). But with
encryption and large flows, ML/DL methods are now popular:
feature-based methods (e.g., flow statistics + classifiers) and end-
to-end deep models (CNNs, RNNs) have been researched
extensively (Azab et al.,, 2024). Deep-learning methods like
DeepPacket (2019) show that representation learning can get
around manual feature engineering, but they raise issues about
training-test distribution shifts and real-time feasibility.

The plus side is obvious: better detection accuracy, ability to deal
with new traffic types, robustness to encryption. The down sides
are limited labelled data, concept drift (traffic changing over
time), adversarial attacks on ML models and false positives
versus operational cost.

4.2 Control-Plane and Traffic Engineering: Routing,
Congestion, Scheduling

Beyond classification, Al is now used in closed-loop control of
networks: routing, congestion control, scheduling and resource
allocation. A landmark paper “Learning to Route” (Valadarsky
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et al., 2017) looked at ML models to learn intradomain routing
policies from traffic observations, showing promise but also
highlighting problems of scalability and generalisation.

In the transport layer, in particular, online-learning congestion
control (e.g., PCC Vivace) took the place of static TCP heuristics
with a learning-based rate-control that adapts to the network
conditions, increasing throughput or decreasing latency in many
cases (Dong et al., 2018). Further, using deep RL for congestion
control (Jay et al., 2019) showed that neural policies could learn
behaviours that beat classic schemes in simulation, while also
revealing the issues of fairness, robustness, sim-to-real gap.

The common theme: changing network control problems to
optimisation or decision-making problems suitable for
learning/control theory. The benefits are adaptability and
possible performance gains; the risks are safety (will the system
misbehave?), interpretability and deployment difficulty.

4.3 Orchestration, NFV/SDN and Network Slicing

Another big area is network orchestration: the higher-level
automation of network slices, virtualised network functions
(VNFs), Software Defined Networks (SDN) and multi-tenant
environments. Surveys dedicated to ML in SDN (Faezi &
Shirmarz, 2023) map how supervised/unsupervised/RL methods
are used for traffic prediction, anomaly detection, routing
optimization within SDN frameworks. In the area of 5G/6G
network slicing, Al is used across the lifecycle: slice design,
admission control, resource allocation and SLA assurance
(MDPI, 2022).

These works emphasise not just “learning a model” but closed-
loop orchestration: forecasting demands, scaling resources,
enforcing SLAs. They are especially important for telecom
operators and large-scale infrastructure. The gaps are
explainability (operators need to trust the decisions), multi-tenant
isolation, data sharing/privacy and multi-domain heterogeneity.
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4.4 In-Network Intelligence and Programmable Data-Planes
A newer trend is putting intelligence right into the data-plane or
programmable devices (switches, NICs) rather than only in the
control plane. The idea: reduce latency, avoid moving raw data
to a remote controller, enable faster local decisions or data
aggregation. A leading survey (Algazinov, Chandra & Laing,
2025) describes this “in-network AI” frontier: mapping
compressed models onto resource-constrained devices,
federated/in-network learning, sketching and aggregation, real-
time monitoring (Algazinov et al., 2025). Another recent survey
focuses on reasoning-enabled Al (LLM-based) for wireless
communication networks across layers (Luo et al., 2025). This
trend is important because it pushes the definition of “network
intelligence”, not only controllers making decisions, but the
network itself making decisions. The real-world challenges are
real: memory/compute limits on switches, maintainability, model
upgradeability, correctness guarantees, standard benchmarks.

5. Thematic Synthesis

Across these areas of use, several common themes emerge: From
offline to online learning: Earlier work used static data, offline
training. More recent work pursues online or continual learning
(transport control, orchestration) to deal with changing network
conditions. Action-space design and generalisation: Especially
for RL (routing, congestion control), designing the action/state
space, reward formulation and ensuring policies generalise to
unseen topologies or traffic matter (Valadarsky et al., 2017; Jay
etal., 2019).

Data and measurement issues: ML models need data; networks
generate huge telemetry, but noise, shifts (drift), lack of labels,
privacy restrictions are still big problems (Azab et al., 2024).
Operational constraints, trust and explainability: In network
operations, engineers want to see what’s going on, safety,
predictable behaviour. Black-box models create issues so
interpretability, reliability under rare events, fallback strategies
are needed.
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Edge and in-network intelligence: As delay requirements grow
(e.g., IoT, 6G), pushing Al closer to the edge or into the network
fabric becomes appealing but this requires small models,
hardware co-design, and new frameworks (Algazinov et al.,
2025).

Ecosystem and orchestration: Al is not alone it is embedded in
SDN, NFV, slicing, automation pipelines, multi-tenant
environments. The orchestration problem is multi-dimensional:
forecasting, allocation, monitoring and enforcement. Together
these themes show that while many “use-cases” have been shown
in lab or simulation, moving to production networks requires a
holistic approach: data pipelines, model lifecycle, operations,
hardware constraints, safety, and organisational readiness.

6. Open Challenges and Future Directions

While the research landscape is rich, several key challenges
remain. Many works are still simulation-based or test-bed-
prototypes. The sim-to-real gap is real: network traffic and
conditions in production are different, and learned policies may
fail or act in unexpected ways (Jay et al., 2019). Scalability to
large networks, real-time constraints, interactions with legacy
systems, multi-vendor environments are still open.

Model Robustness, Safety and Explainability. As networks
become critical infrastructure, the need for robust models
(resistant to adversarial attacks, concept drift) and explainable
behaviour increases. Network operators need to trust that Al
decisions will not break SLAs, violate fairness or create security
issues. Research into interpretable ML for networking is still in
its infancy.

Data and Benchmarking. While networks produce mountains of
data, public datasets tailored for modern networking tasks
(encrypted traffic, changing topologies, slice orchestration) are
limited. Without shared benchmarks, comparison of approaches
remains difficult. Surveys repeatedly mention this bottleneck
(Azab et al., 2024; Faezi & Shirmarz, 2023).
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Edge/in-Network Intelligence and Hardware Constraints.
Embedding intelligence in programmable dataplanes or edge
devices opens new frontiers, but also major engineering hurdles:
memory/compute limits, model upgrade pipelines, mixed
hardware—software lifecycles, and standardisation (Algazinov et
al., 2025). How to co-design algorithms and hardware remains an
open research direction.

Human/Organisational Factors. Al doesn’t automatically plug
into existing operations. Integration into workflows, training of
staff, alignment with organisational processes, governance and
ethics all matter. For example, readiness surveys show many
organisations still struggling to adopt Al in networking in a
meaningful way (Schulze, 2025). Bridging technology and
organisation is critical.

Multi-Domain, Multi-Tenant and Slicing Scenarios. In telecom
and 5G/6G networks, network slicing, multi-tenant VNFs, and
cross-domain orchestrations pose complex control challenges. Al
for these domains must handle isolation, SLA guarantees, inter-
slice interference, and multi-agent coordination. While surveys
exist (MDPI, 2022/3), practical systems remain early.

7. Conclusion

The synergy between Al and networking has led to a fundamental
change in the digital age, leading to the rise of intelligently
adaptable self-optimizing communication systems. Al has
become the cornerstone for the newborn network that is evolving
past present-day constraints as demands grow for real-time data
exchange, edge computing, and autonomous systems. Such
networking systems are now able to perform predictive analysis,
proactive fault detections, and dynamic resource allocations
through advanced machine-learning, deep-learning, and
cognitive computing techniques; hence, increasing their
reliability, scalability, and security (Zhou et al., 2023).

Another marvelous display of Al is its application within
software-defined networks (SDN), 5G and 6G architecture, and
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IoT frameworks that lead to performance optimization and
transformation of the entire paradigm of their management and
experience. Intelligent algorithms are now accustomed to
autonomously adjusting routing paths, balancing traffic loads, or
detecting cyber threats in real time, capabilities that were once
until now seen only as a dream in traditional systems. This
transformation is to further the vision of networks that are self-
healing and self-organizing, thereby curtailing the dependence on
human beings and increasing operational efficiency. The advent
of technology brings with it ethical and infrastructural
challenges. Data-driven models are clouded with data
confidentiality, algorithmic transparency, and fairness issues. In
addition, the application of Al in legacy systems incurs high
investments and requires cooperation among multidisciplinary
stakeholders like computer scientists, engineers, and policy
makers (Gupta & Singh, 2024). All of these issues would be
sustainably resolved toward Al networking ecosystem growth
through ethical governance, explainable AI, and secure
architecture.

The role of Al in networking is therefore not merely another step
forward but rather a redefining of the field's most basic
principles. It represents a shift from static and rule-based
infrastructures to smart and context-sensitive systems that can
learn and reason and evolve across time. The coming years will
see networks emulating living ecosystems- dynamic, adaptable,
and intricately entwined with human and machine intelligence.
With ongoing innovations and responsible implementations, Al-
based networking can be the backbone of the future
interconnected world: smarter cities, industries, and societies.
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1. Introduction

The 21st century has ushered in an Information Technology
revolution that is changing the basis of Education. Technology
plays a significant role in modern education and one of the
important aspects is Artificial Intelligence (AI). Al is the term
used to describe those machines or computer programs that can
do things that human beings do which require reasoning,
learning, and solving problems. In terms of education, Al
contains the means and mechanisms of improving and adapting
teaching and personalizing and facilitating learning as well as
lessening and improving efficiency in administrative duties
affecting the roles of teachers and pupils (Holmes et al., 2021).
As schools across the world adjust to the need for learning that is
more complex in nature, Al is rising as a major catalyst for
educational innovation to help them meet the diverse cognitive
and emotional needs of learners. Al-based systems provide an
evolutionary step from the traditional educational model which
is often based on a one-size-fits-all approach to a more
individualized and student-centered paradigm. Unlike traditional
learning systems which may not consider unique learning rates
of individuals, Al-based learning systems are able to analyze
large data sets of students’ achievements and weaknesses in real
time (Luckin et al., 2016). With intelligent tutoring systems,
predictive analytics and adaptive content delivery systems, Al
allows teachers to create dynamic learning environments that
facilitate continuous engagement. In India the emergence of
Artificial Intelligence based educational systems has been driven
by government initiatives in the National Education Policy (NEP
2020) which accentuate digital learning, 21st century skills and
equitable access to technology-enhanced learning (Ministry of
Education, 2020).
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Across the globe, the area of Al use in elementary and secondary
education is evolving and diversifying. Language-learning
chatbots in Finland, AI assessment systems in the US and
Singapore are just a few examples (Baker & Siemens, 2020).
Meanwhile, India, in the continuing evolution of its educational
system, is rapidly experimenting with Al-based educational
platforms like Byju's, Embibe, and LEAD School which integrate
data with personalized teaching. These examples are signs of a
world-wide shift in human teaching enhancement through
intelligent systems rather than total replacement of human
teachers. The challenge, however, is not in the technology or its
implementation but in the rethinking of pedagogy, of what
learning, teaching and assessment in an Al-based atmosphere
may mean. The objective of the chapter is to examine the
multifaceted role of Al in primary and secondary education
through an investigation of its historical emergence, conceptual
paradigms, ethical implications and avenues of future endeavour.
The aim is to critically evaluate how Al technologies are
impacting pedagogic practices, learning assessments and school
management. It intends to contextualise these changes within
Indian educational parameters as also in the Western context and
not only throw up the possibilities but the challenges which are
specific to different socio-economic and cultural environments.

When it comes down to it though, the incorporation of Al into
what confers education is not just a tech know-how. It is rather a
paradigm shift which debroads long unstated postulations about
the meaning of knowledge, of education, and of human potential.
As we continue to support our waves into an ever-more cognitive
age of automation, the problem is not whether Al ought to be
included in what is called schooling but how it may be ethically
and erfectively harnessed to develop and educate in the
wellsprings of creativity, empathy, and critical thinking in young
learners. The sections that follow will trace this evelutation,
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discussing the beginnings, benefits, drawbacks and future
prospects of Al in the defining of tomorrow's classrooms.

2. The Evolving Landscape of Education

Education today is not what it was ten years ago. The rapid
development of digital technology, globalization and more
recently events such as the COVID-19 pandemic have caused a
major revolution in the manner students learn and the way
schools are administered. The previous mode of instruction in
school centres largely upon the didactic method of teaching by
the teacher and the mass production method, is giving way,
however slowly, to methods that allow for flexibility,
individualization and the idea of students learning by
experimentation. Students are no longer after all the passive
recipients of knowledge but are called upon to be active
participants in the educational process, to think and reflect
critically and to apply their knowledge to the solution of real
problems in society. This is of course heard all over the world but
the time which the changes take on vary from one country to the
other.

In Western countries the schools have been trying their hand on
blended learning for many years. In the USA, for example, they
have been using the Al adaptive platforms to a limited extent
used together with traditional teaching in order to give the student
an individual learning pathway. In Finland, on the other hand,
they have tried digital learning experiences together with strong
emphasis in educational and collaborative learning (Selwyn,
2019). These systems can be used by education in order to
personalize the kind of philosophy in which one teaches, the
possibility of teaching from indicators of engagement and how
there are gaps in knowledge in the situation. These generally arise
from a strong infrastructure, teachers training and a culture of
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innovation in education where technological development and
introduction can take place in the general administration for
learning.

In India, this shift in the educational environment is taking place
differently. The digital divide, differences in school
infrastructure, and differences in teacher training have
historically limited the scope of technology integration in the
classroom. But with new opportunities for integrating Al, digital
learning and skill development in primary and secondary schools
created by initiatives under the New Education Policy (NEP
2020) and initiatives such as DIKSHA (Digital Infrastructure for
Knowledge Sharing), positive outcomes can emerge (Ministry of
Education, 2020). The EdTech companies Byju's, Embibe, and
LEAD School are leading the way for businesses providing Al-
driven personalized learning solutions, in urban centres
especially, while government initiatives aim to provide digital
literacy and access to the rural sector. This convergence of need
for digital delivery and public-sector policy formulation has
begun to create a paradigm shift in the educational ecosystem in
India.

A further major variable, redefining educational delivery at the
global level, is the move towards competency-based learning. An
increasing emphasis is being placed in schools on 21st century
skills, such as critical thinking, problem solving, creativity, and
socio-emotional learning, on this score. Al fits here, as it makes
available tools that measure students’ achievement in dimensions
above and beyond standardized assessments, enabling an
evaluation of “soft skills” such as collaborative skill, time
management and resilience (Luckin et al., 2016). In India at the
level of pilot initiatives in smart classroom ventures, Al-driven
assessment and feedback methods are being employed to
facilitate the assessment of learning strategies, as well as review
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of development of academic performance, but at an equivalent
level in the implementation of these initiatives is proving
problematic.

The COVID-19 pandemic has hastened these tendencies,
revealing opportunities as well as challenges. The remote
learning systems already in place in many Western countries,
allowed Al-powered platforms for educational delivery to
continue with little disruption. In India, however, disparity of
Internet connections, lack of hardware, and variation of teacher
preparedness revealed systematic defects, while it also caused
innovative hybrid programs for online and offline learning to
develop (Zhao, 2021). These instances illustrate the necessity of
contextualized Al development, which means that technology
must augment rather than replace the human aspects of
education.

Education world-wide illustrates, however, an increasing
awareness that education must be adaptive, eclectic, and looking
forward. The matured technological systems and the preparation
of teachers to use them favor Western countries, but India is
rapidly overtaking them by means of assistive policy,
advancements in EdTech, and pilot programs to close gaps in
access. These factors are essential to a full understanding before
dealing with the theoretical principles of the application of Al in
learning, which will be sought in the following sections.

3. Defining Artificial Intelligence in an Educational Context

Artificial Intelligence or Al is a term frequently used in a variety
of contexts and not always correctly, but it has a particular
meaning in relation to education. In essence, however, it refers to
computer systems or software that are able to perform tasks
normally requiring human ind and intelligence, such as learning,
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reasoning, problem solving and decision making. When used in
relation to education, Al is not simply automation but
encompasses the creation of systems that understand, adapt to,
and react to the special needs of the pupil, [s]uch as appropriate
instruction and feedback, intelligent learning systems for the
prediction of the individual learning difficulties and problems of
individual pupils (Holmes, Bialik, & Fadel, 2021). In practical
terms Al in schools takes the form of Intelligent Tutoring
Systems, Adaptive Learning Systems and Learning Analytics
systems, which work by analysing large amounts of data,
generated by the pupil, and by pupil’s responses to the
assignments given, their rate of learning and their patterns of
engagement student interaction. These patterns in turn allow the
systems to make decisions based on the information they have
gathered, creating a tailored learning experience which caters for
the individualized needs of pupils, thus obtaining the
individualized assistance which traditional classrooms where it is
impossible (Luckin, et al., 2016).

Al in education in the West has tended to focus on enhancement
rather than replacement. For example, the US Al systems can
give automatic formative assessment feedback which frees
teachers to engage in teaching activities such as critical thinking
and collaborative projects (Baker & Siemens 2020)). Al systems
in Europe such as in the Netherlands and Finland, place Al in
classrooms for use in support of inclusive education. These
systems could help students with difficulties in learning such as
with respect to language and learning disability, and emphasize
enhancement of teaching rather than replacement. The result
reflects the equitable balance of technology with pedagogy. India
is on the other hand in an exploratory stage of rapid experiments
with Al in schools.
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It is also important to note that defining Al in education is not
just about technology; it is about its purpose and impact. Al is
intended to complement teaching, enhance learning outcomes,
and provide insights into the learning process. It offers
opportunities for real-time feedback, continuous assessment, and
the development of skills that go beyond rote memorization, such
as critical thinking, problem-solving, and creativity.
Understanding this definition is crucial before exploring the
historical development and paradigms that have shaped Al
integration in education.

4. Historical Context and Foundations of Al in Education

The origins of AIED are older than most people think. As far
back as the 1960s and “70s, for example, scientists were tinkering
with computer-assisted instruction (CAI) and primitive
intelligent tutoring systems. These early systems were fairly
straightforward, even rule-based, but they paved the way for
modern Al applications.

Researchers got excited about an “intelligent tutoring system” or
ITS. These things tried to do more than just drill exercises. They
watched how students answered questions, figured out where
someone messed up, tossed out hints and even made the work
harder or easier depending on how a student did. Like tutoring-
but all done by the computer. Hitting limits with old-school
hardware and clunky software, they couldn’t do everything
people wanted, still, these ITS tools showed computers could
help tailor lessons to each student(Anderson et al., 1995). This is
where ideas from cognitive science, learning theory and Al came
together.
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In India, it's a newer story and things move slower. The first wave
was all about the CAI programs and getting basic computer labs
in schools, starting late 90s early 2000s. It didn’t take off
everywhere. Limited computers. Teachers needed more training.
No local language support most of the time. Not enough power
or internet. (You get the picture.) But things started picking up
steam when EdTech companies like Byju’s and Embibe kicked
things into gear in the 2010s. Also, the government went big on

digital classrooms and computer literacy (Ministry of Education,
2020).

Different places had their own challenges. In the West folks had
computers early on. Universities and schools were ready to try
new ways of teaching. India and countries like it faced bigger
problems like balancing budgets, fixing old infrastructure and
dealing with dozens of languages. It's a tougher road. But out of
those problems came some pretty creative fixes. Like Al
platforms that run on low bandwidth for the village kids or
systems built for students who speak a lot of different languages.

Digging into these old beginnings really matters. It proves an Al
in education didn’t just pop up out of nowhere. Instead, it’s been
a long ride packed with experiments, tweaking and plenty of
learning along the way.People started with basic rule-based
programs then kept building until they reached the clever
machine learning systems seen now. Each step brought more
brains to the tech but schools still wrestle with how to make it fit
real teaching and reach every kid fairly. These roots opened the
door for all the cool stuff happening with Al in classrooms today.

5. Technological Advancements Driving Al Integration

Over the last twenty years, advancements in technology have
provided a means for many of the technology uses in the
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educational space that integrate Al. Al systems in schools rely on
machine learning, natural language processing, cloud computing,
and big data to function effectively. Al systems can implement
machine learning to identify patterns in student learning, forecast
areas of concern, and provide personalized recommendations. In
a nutshell, machine learning is what allows adaptive learning
platforms to "learn" from the student similar to the way in which
a teacher would in a one-on-one environment (Luckin et al.,
2016). Natural language processing (NLP) represents the other
significant change agent, in that Al now can understand and
process human language in order to provide immediate written
feedback to student work, or answer students' questions about
tasks and/or content, or support language learning. Increasingly,
in Western classrooms Al-powered chatbots are being used to
answer student questions, or as a tutor outside of school hours
(Holmes, Bialik, & Fadel, 2021). In India, although large-scale
implementation is still developing, educational platforms like
Embibe and Byju's are utilizing NLP to provide feedback to
students in a variety of Indian languages in an effort to address
linguistic diversity.

The ability to scale and access artificial intelligence tools has
been made possible because of enhancements in cloud computing
and access to the internet. Unlike prior systems, which
necessitated large local infrastructures, cloud-based Al systems
are easily updated and can be accessed through inexpensive
devices, improving the ability to individualized instruction for
large groups of students (Selwyn, 2019). Western schools have,
and for the most part continue to, take advantage of these
capabilities, as schools in Western countries have better internet
broadband infrastructure. Initiatives and partnerships in India are
focused on increasing school internet access, but imbalances,
especially between cities and rural areas, continue to impact
educational access.
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The other driver of change is the continuous improvement of
analytics for educational systems. Al instructional systems can
now track and analyze student behavior, engagement, and
performance across interactions and provide educators actionable
insights. This has been particularly valuable in Western contexts,
enabling teachers to implement formative assessments to large
groups of students, erasing the need for students to fall behind on
any content. Indian educational technology companies are
certainly attempting to leverage these innovations, employing
analytics to tailor content for students and building teacher
dashboards that display content mastery at the individual level
and for the entire class.

6. Key Paradigms of Al in Learning

The different paradigms that guide the interaction of Al with the
students, educators, and the learning materials transcend both the
theoretical and practical realms. These essentially serve the
design and the functionalities of the Al technology’s classroom
applications. Popular paradigms include adaptive learning
systems, intelligent tutoring systems, learning analytics, and
collaborative Al frameworks (Luckin et al., 2016).

Adaptive learning systems lay the groundwork for personalized
education, as these systems are designed automatically to suit
each learner’s needs. Al technology assesses learner
performance, pace, and engagement in real-time, after which
systems automatically adjust instructional materials. In the
United States, DreamBox Learning and Smart Sparrow are
adaptive learning platforms that offer tailored lessons in math and
science and provide goal-oriented feedback and challenges based
on learners’ abilities (Baker & Siemens, 2020). Byju’s and
Embibe focus on adaptive learning for exam prep and alignment
to the school curriculum, which is primarily the case in India. In
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both instances, the Al technology is designed to adjust to the
learner and the curriculum.

To sum up, Collaborative Al Environments stress social learning,
and Al assists in student-student and student-teacher interactions.
Al agents can operate as mediators, supply peer feedback, and
direct cooperative efforts. Although this paradigm is well
established in Western contexts via Al-integrated collaborative
learning platforms, Indian applications remain in the early stages,
often confined to Al discussion boards and virtual classroom
helpers. Nevertheless, such methods lay the groundwork for the
growth of skills like critical thinking, creativity, and, which is
very important, the ability to work together and solve problems
in a group in the 21st century.

All these examples illustrate the impact of Al on the educational
sector. While Western countries are generally the front runners
in translation of theory to practice due to solid infrastructure,
early adoption, and research concentration, India is coming up
with groundbreaking innovations aligned to the local curriculum,
as well as challenges around language, and access. The gap
between the rich and the poor is what drives these novelties.
Knowing these instances gives education workers and decision
makers the opportunity to decide the most efficient manner of
incorporating Al that would facilitate student learning keeping
human teachers still at the core of the learning process.

7. Personalized Learning Systems and Adaptive Tutors

One potent way Al is used is to power adaptive tutors and
personalized learning systems that target the student with exact
tailored materials, support, and track patterns of performance.
Al-powered personalized modules differ from classrooms
because they personalize the level of content, the speed used to
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present it, and the difficulty level based on students' immediate
needs, thus allowing a truly student-centered approach, which is
missing in regular teaching (Luckin et al., 2016).

Adaptive tutors constitute an integral part of personalized
learning. They grant one-on-one instruction simulation by
tracking learners' answers and consequently resolving
misconceptions and providing them with the most appropriate
guidance. The implementation of the adaptive tutoring-system
concept has been deep-rooted in subjects like math, coding, and
language skills across the Western world. As an instance,
DreamBox Learning in the US and Smart Sparrow in Australia
employ Al for on-the-fly assessment material to be solving
difficulty changes and setting practice at users' demand thus
leading to both knowledge acquisition and interaction level
raising (Baker & Siemens, 2020). Interaction-driven, game-
enhanced and progress-monitoring teacher-friendly data
visualisation tools are wusually the packed technology
presentation for these kinds of software.

What is more, in India the topic of personalized learning has
become even more positive and momentum is becoming largely
predisposed to recovery of OCD-positive urban and semi-urban
schools. A great deal of Indian students can fully benefit from
Byju's, Embibe, and LEAD-school in the use of Al-powered
algorithm recommendations that are based on single student
performance observations, styles, and speeds. To continue the
point, Embibe utilizes predictive analytics in order to spot
possible learning gaps for students taking competitive exams and
thus, gives targeted practice to create comfort. The same way
Byju's interactive and digital learning tools through video and
quizzes reactivity make the content tailored and accessible to a
wider audience. Interaction alone can be enough to spark the
interest required, particularly in big classrooms where self-
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studies are hard. Yet up to now, many rural and public schools
lacking good internet facilities, infrastructure and teacher
training struggle to enjoy fair access (Ministry of Education,
2020).

Moreover, personalized learning tools can foster learner
autonomy and capacity for self-regulation in addition to the mere
content adjustment. Introducing instant feedback, personalized
learning tracks, and progress check-ups, students are urged to do
meta-cognition and become coordinators of their own
educational voyage. Research done in the West suggests that
adaptive tutors can considerably contribute to uplifting
motivation, attention, and even short- and long-term memory
retention, notably for students who are in traditional classes
underachievers, hence those who obtain benefits are often
students coming from hard-learned settings (Holmes, Bialik, &
Fadel, 2021). On the Indian front, rollouts are slow, but the initial
signs are positive and may show substantial outcome
enhancement possibilities through well-planned and integrated
approaches.

On the other hand, the point is not to dangerously overestimate
combined Al-adaptive tutor benefits in which we do without
human teachers but rather to see them as teaching assistants. It
goes without saying, educators will still be very much needed for
making sense of Al-supported revelations, taking care of
students' emotional aspects as well as providing guidance and
helping out in group work or in solving difficult problems.
Actually, the most effective Al usage mode is the synergy model,
where human teachers and Al capabilities complement each
other-while Al efficiently deals with data-intensive and repetitive
educational tasks, human teachers exercise higher-level
pedagogic skills.
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In essence, adaptive educational methods powered by Al and
personalized learning systems constitute an excellent avenue
through which the student can be put at the center stage of the
educational process and their responsiveness enhanced. Western
schools due to their already in place infrastructural facilities and
early adopters of new technologies usually gain the most from
these types of innovations however India is not far behind and
rapidly closing the gap with the aid of EdTech and supportive
government policies. These devices allow us to peek into the
future wherein Al can help users become self-sufficient, raise
their interest level and indirectly be a support for teachers in
delivering efficient teaching.

8. Automated Assessment and Feedback Mechanisms

Automated assessment and feedback through Al stands to be the
most profound change in how education uses technology. For a
long time, the assessment process has been one that takes up a
great deal of time and effort of teachers and as a result, the
practice has been mostly limited to final exams or standardized
tests. Al facilitates continuous, real-time evaluation, thus the
students receive instant feedback while the teachers get data that
they can actually use (Holmes, Bialik, & Fadel, 2021). Besides
the fact that this process saves time, it also supports the learning
process by showing the students' misunderstandings right after
they have occurred.

Some platforms even go beyond grading by furnishing
personalized hints, solutions, and extra practice problems that
match each student’s performance level (Baker & Siemens,
2020). On the continent, Al is also integrated into adaptive tests
that shift the difficulty of questions depending on the previous
answers of the learner, thus providing an accurate understanding
of the student's knowledge and skills.
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In the Indian market, the trend of automated assessment
development is mostly driven by EdTech platforms and the
support locally schools initiatives where teachers have been
using in-class assessment methods to have student success
knowledge. Byju’s, Embibe, and Toppr are providers of Al-based
quizzes and mock tests that are dynamic in nature and change
with the student's performing trends. For example, Embibe
applies predictive analytics to detect weak points of a student and
then it supplies focused feedback, thereby facilitating the JEE
and NEET applicant’s examination preparations. Government
initiatives like DIKSHA are looking into Al-powered assessment
instruments for public schools that would be able to give unit and
personalized feedback even in large classes where the teacher's
attention is limited (Ministry of Education, 2020).

One of the great pedagogical advantages of automated feedback
mechanisms is that they enable immediate feedback which in turn
helps students to quickly fix their misconceptions thereby
deepening their understanding and decreasing the number of
errors that are accumulated over time. Teachers are also assisted
by the data-driven insights which show them the concepts that
are difficult for the class and thus they can plan and execute
focused and effective instruction. Additionally, Al-powered
assessment can be of great help to the learners who have different
needs and can receive personalized evaluation from a single
source which is quite difficult for traditional methods.

On the other hand, these systems are confronted with some issues
as well. One of the top concerns is the accuracy and fairness of
the systems, especially in the case where algorithms are
employed for grading or situations that have high-stakes
evaluation. If there is bias in Al models, they are not properly
aligned with learning objectives or there are technical faults, their
reliability can be affected.
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9. Challenges and Ethical Considerations

Moreover, Al risks to humanities’ critical thinking and creativity
abilities cannot be overlooked. Human judgment and inclusion
practices should go hand in hand with technology if we want to
make sure that Al is a learning enhancer and not a source of
ethical breaches or inequity.

The implementation of Al in education at the primary and
secondary levels is undoubtedly promising, but it is accompanied
by certain difficulties and issues of morality. Data privacy and
security are among the most important concerns. Personalized
education through Al requires the least amount of data on
students as a whole, this includes not only test results but also
behavior, or the mood of a student. Strict data protection
regulations like GDPR in Europe ensure that student data are
secured, anonymized, and used in a proper way (Zhou et. al,
2024) in Western countries. The National Education Policy 2020
in India promotes digital learning, however, clear legal
frameworks for the protection of student data are still in the
process of development, and a considerable number of schools
and EdTech platforms are not in a position to provide reliable
privacy safeguards (Ministry of Education, 2020).

10. Conclusion

One of the most significant changes brought about by the
incorporation of Al (Artificial Intelligence) in the learning of
children in primary and secondary education is the possibility of
a rather profound augmentation of the outcomes of learning, the
engagement, and educational equity. The chapter considered here
has deeply investigated the theoretical bases, main paradigms,
practical applications, and future possibilities of Al in K-12
education, with a special focus on both Western and Indian
scenarios.
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One of the most dramatic demonstrations of how technology can
be instrumental in fostering personalized, adaptive, and data-
driven learning is the introduction of Al-powered systems such
as personalized learning, automated assessment, intelligent
content curation, and learning analytics. Nevertheless, some
issues have been raised in Section 13 regarding these benefits,
i.e., a set of concerns about privacy, biases in algorithms,
discrepancies in access, and the necessity for human involvement
in education to be retained, among others.

Thus, besides ensuring digital infrastructure to all and sundry,
they also have to introduce Al literacy as a subject in teacher
professional development plans. Artificial intelligence may
become a tool that empowers learners to take more control over
their own learning, educators will get relief from monotonous
tasks, and the entire educational field will experience a drastic
change as tech keeps evolving and pedagogy stays human-
centered.

Basically, the use of Al in education doesn’t represent a major
technological breakthrough but rather a chance to clearly
reconsider and restructure the ways of teaching and learning
which are more student-centered, democratic, and prepared for
the future.
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Abstract

Financial literacy and access to education are critical enablers of
inclusive and sustainable development, yet both remain uneven
across developing economies. This chapter examines the
emerging intersection of artificial intelligence (Al), education,
and financial capability—the Al-Financial Literacy Nexus—as a
transformative framework for advancing the Sustainable
Development Goals (SDGs). Drawing on theories of human
capital, financial capability, capability expansion, and socio-
technical systems, the chapter explores how Al-driven
educational technologies are reshaping financial learning,
decision-making, and empowerment.

Through global and regional case studies from Kenya, India,
Pakistan, Indonesia, and the Philippines, the analysis
demonstrates that Al-enabled financial literacy improves savings
behavior, entrepreneurial activity, and gender equity while
fostering digital resilience. The discussion also highlights the
ethical and governance challenges inherent in deploying Al in
low-resource contexts, including algorithmic bias, data privacy,
and infrastructural inequities.

The chapter concludes that institutional readiness, ethical
governance, and cross-sector partnerships are essential for
leveraging Al as a human-centered enabler of inclusive finance.
When embedded within equitable education systems and
transparent digital infrastructures, Al can serve as a bridge
between learning and livelihood—transforming financial literacy
into financial capability and accelerating progress toward SDGs
4,8,9, and 10.

Keywords : Artificial intelligence; financial literacy; education;
financial inclusion; digital learning; human capital; sustainable
development goals (SDGs); capability approach; ethical Al;
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developing economies; gender inclusion; digital resilience;
FinTech; EdTech; institutional readiness.

1. Introduction

Financial literacy is increasingly recognized as a cornerstone of
sustainable development. It empowers individuals to make
informed economic decisions, build resilience against financial
shocks, and contribute meaningfully to national economic
growth (OECD, 2023). Yet, in developing economies, low levels
of both educational access and financial capability remain
persistent barriers to inclusive growth. According to the World
Bank Global Findex Database 2023, roughly 40 percent of adults
in low-income countries lack basic financial literacy or access to
formal banking services (Demirgiic-Kunt et al.,, 2023).
Simultaneously, nearly 250 million children and youth
worldwide remain out of school or undereducated (UNESCO,
2024). These twin deficits—educational inequity and financial
illiteracy—create a developmental trap that limits human
potential and economic inclusion.

Recent advances in artificial intelligence (Al) offer a pathway to
break this interlocking cycle. Al has rapidly transformed how
people learn, work, and interact with information. In education,
intelligent systems can personalize instruction, analyze learning
data, and adapt content to individual needs. In finance, Al can
interpret behavioral data, recommend savings strategies, and
simplify decision-making. When applied at the intersection of
education and finance, Al has the potential to create a Financial
Literacy Nexus—a socio-technical ecosystem where learning
and economic participation reinforce each other (UNDP, 2024;
Luckin et al., 2022).

Al transforms financial literacy by enabling personalized,
interactive, and context-specific learning experiences. Adaptive
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learning platforms, chatbots, and gamified simulations teach
budgeting, saving, investment, and entrepreneurship in formats
accessible to diverse learners, including those with low literacy
or limited connectivity (McKinsey Global Institute, 2023). These
innovations allow youth and adults to acquire relevant financial
competencies in real time, linked directly to their daily economic
behaviors.

For example, Al-based platforms like Ruangguru in Indonesia
and Byju’s in India are incorporating financial education modules
into existing curricula, targeting digital and entrepreneurial skills
critical for participation in the evolving digital economy (ADB,
2023). Similarly, Kenya’s M-Shule uses SMS-based Al tutoring
to teach mathematics and financial concepts to rural students who
lack broadband access (UNESCO, 2024). Such cases illustrate
how Al expands both educational reach and financial capability
simultaneously.

This nexus directly supports several Sustainable Development
Goals (SDGs). By expanding access to inclusive, high-quality
learning opportunities, Al advances SDG 4 (Quality Education).
Through improving employability, entrepreneurial skills, and
financial literacy, it contributes to SDG 8 (Decent Work and
Economic  Growth). The technological infrastructure
underpinning Al innovation aligns with SDG 9 (Industry,
Innovation, and Infrastructure), while equitable digital inclusion
supports SDG 10 (Reduced Inequalities) and SDG 17
(Partnerships for the Goals) (UNDP, 2024; World Economic
Forum, 2025).

Moreover, Al can accelerate the financial dimensions of
sustainable development by cultivating a generation of digitally
fluent and financially literate citizens who are better prepared to
participate in green, inclusive economies. Financial literacy is not
merely a technical skill; it is a form of empowerment that
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enhances agency, supports gender equality, and enables informed
decision-making across economic and social domains (Atkinson
& Messy, 2012; Sen, 1999).

Despite its potential, the integration of Al into financial literacy
education remains uneven and understudied. Many developing
economies face infrastructural, institutional, and ethical
challenges in deploying Al for inclusive education (OECD,
2023). Without deliberate governance, digital divides could
deepen existing inequalities, leaving marginalized populations
behind. Thus, the core argument of this chapter is that Al-enabled
financial literacy can serve as a transformative lever for
achieving the SDGs—but only when designed through human-
centered, equitable, and ethically guided frameworks.

This chapter explores how Al can bridge the gap between
educational access and financial empowerment by analyzing
theoretical foundations, operational mechanisms, and global case
studies. It investigates how Al-driven educational tools enhance
financial literacy, how such literacy contributes to sustainable
economic participation, and how policy frameworks can enable
equitable outcomes.

Ultimately, this study aims to answer the question:

How can Al-enabled education advance financial literacy and, in
doing so, contribute to inclusive and sustainable development in
developing economies?

By situating Al at the intersection of education and finance, the
chapter offers a conceptual and policy framework for realizing
the transformative potential of intelligent systems in building
financially capable, socially inclusive, and economically resilient
societies.

2. Conceptual and Theoretical Foundations
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The intersection of artificial intelligence (AI), education, and
finance draws from several foundational theories in economics,
development studies, and learning sciences. Together, these
perspectives illuminate how intelligent educational systems can
enhance financial literacy, empower individuals, and contribute
to sustainable development in resource-constrained settings.
Four theoretical streams—Human Capital Theory, Financial
Capability Framework, Capability Approach, and Socio-
Technical Systems Theory—offer a coherent framework for
understanding the Al-Financial Literacy Nexus in developing
economies.

2.1. Human Capital Theory: Education as an Economic
Enabler

At the core of economic development lies the premise that
education enhances human capital, which in turn drives
productivity, innovation, and long-term economic growth
(Becker, 1964; Hanushek & Woessmann, 2021). Human Capital
Theory posits that investments in knowledge and skills yield
measurable returns for both individuals and societies. Financial
literacy—a combination of cognitive understanding, behavioral
application, and decision-making ability—can be viewed as a
specialized form of human capital that enables individuals to
manage resources efficiently and contribute to economic activity
(Lusardi & Mitchell, 2014).

Al technologies amplify the returns to educational investment by
personalizing learning trajectories and expanding access to
quality education at scale (Luckin et al., 2022). In contexts where
teacher shortages and resource disparities impede learning, Al
acts as a “force multiplier,” providing adaptive feedback,
multilingual instruction, and real-time analytics. By fostering
financial and digital competencies, Al-enabled education
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cultivates human capital aligned with SDG 8 (Decent Work and
Economic Growth) and SDG 9 (Innovation and Infrastructure).

2.2. Financial Capability Framework: Beyond Knowledge to
Empowerment

While financial literacy focuses on understanding financial
concepts, financial capability extends this to include skills,
attitudes, and confidence required to make sound financial
decisions. Atkinson and Messy (2012) define financial capability
as the ability to “make informed judgments and take effective
actions to manage financial resources.” The OECD’s (2023)
expanded framework emphasizes access, behavior, and
motivation as integral dimensions of capability.

Al transforms this process by closing the gap between knowledge
and behavior. Through interactive simulations and data-driven
insights, learners can practice financial decision-making in safe,
virtual environments that mimic real-life scenarios. For example,
gamified Al platforms allow students to simulate saving,
investing, or borrowing, translating abstract knowledge into
experiential competence. This pedagogical shift moves financial
education from informational to transformational, equipping
individuals to manage money, risk, and opportunity in volatile
economies (UNDP, 2024).

Moreover, financial capability contributes directly to SDG 1 (No
Poverty) and SDG 10 (Reduced Inequalities) by empowering
marginalized groups—especially women and youth—to
participate in formal financial systems. Al-enabled education
democratizes these capabilities, offering scalable solutions even
in low-literacy or remote settings.

2.3. Capability Approach: Expanding Agency and Choice
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Amartya Sen’s (1999) Capability Approach offers a broader
ethical and developmental lens through which to view financial
literacy. Rather than measuring development solely by income or
output, Sen argues that genuine progress depends on expanding
people’s capabilities—their real freedoms to live the lives they
value. Education and financial literacy thus become instrumental
freedoms that enhance agency, security, and social participation.

Al-based learning systems can support this process by tailoring
content to learners’ needs, linguistic contexts, and aspirations.
For instance, voice-enabled Al applications in local languages
empower illiterate or semi-literate learners—especially women
in rural areas—to access financial education and gain autonomy
over household budgeting (UNESCO, 2024). In doing so, Al
supports the empowerment dimension of the SDGs, particularly
SDG 5 (Gender Equality) and SDG 4 (Quality Education).

However, the Capability Approach also underscores that
expanding access to Al alone is insufficient. True empowerment
requires that Al systems be inclusive, transparent, and
contextually responsive—ensuring that technology enhances
rather than constrains human freedoms (Borenstein & Howard,
2022).

2.4. Socio-Technical Systems Theory: Coevolution of
Technology and Society

The Socio-Technical Systems Theory (Bostrom & Yudkowsky,
2014) emphasizes that technological innovation and social
systems evolve interdependently. Al is not merely a neutral
tool—it is shaped by institutional norms, cultural values, and
policy frameworks. In the Al-Financial Literacy Nexus, this
means that outcomes depend as much on governance, ethics, and
local adaptation as on the algorithms themselves.
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Developing economies face the challenge of building Al
ecosystems that align technical systems with human needs. For
example, integrating Al-driven financial literacy into school
curricula requires coordination between ministries of education,
central banks, and telecom regulators. When these socio-
technical systems cohere, Al becomes an enabler of institutional
learning, improving the adaptive capacity of societies to manage
economic transformation. This perspective directly informs SDG
16 (Peace, Justice, and Strong Institutions) and SDG 17
(Partnerships for the Goals) (UNDP, 2024).

2.5. Integrating Theories: Toward the AI-Financial Literacy
Nexus Framework

Taken together, these theories converge on a central insight: Al-
driven education can transform financial literacy into financial
capability, and capability into sustainable development. Human
Capital Theory highlights the economic returns; the Financial
Capability Framework explains behavioral translation; the
Capability Approach centers human agency; and Socio-Technical
Systems Theory situates technology within institutional realities.

This integrated framework underscores that Al’s potential to
enhance financial literacy depends on its ability to build skills
that are economically productive, socially empowering, and
ethically grounded. The following sections apply this conceptual
foundation to analyze how AI mechanisms operationalize
inclusive financial education, drawing evidence from real-world
cases across developing economies.
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The diagram captures how Al-enabled educational systems
translate technological inputs into meaningful financial literacy
and capability outcomes, especially in developing economies.
Inputs such as Al features, financial-literacy curricula, and digital
infrastructure feed into learning processes—personalization,
simulation, and learner engagement. These processes trigger
specific mechanisms:

= Personalization accelerates learning by delivering
targeted content, improving retention, and lowering
dropout rates.

* Simulated decision environments allow learners to
rehearse financial decisions safely, turning conceptual
knowledge into practical skills.
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= Real-time analytics and behavioral nudges reinforce
desired financial behaviors, such as saving or budgeting.

= Multimodal interfaces (voice, local language, low-
bandwidth formats) widen participation by removing
literacy and accessibility barriers.

= Feedback loops (user data — model refinement —
curriculum adaptation) improve system effectiveness
over time but require oversight to prevent bias or misuse.

These mechanisms produce Immediate Outcomes—enhanced
financial knowledge and improved attitudes. Through the
mediating influence of self-efficacy and access to financial tools,
these outcomes evolve into Intermediate Outcomes such as
improved financial behavior and greater financial capability.
However, this progression is moderated by gender norms,
socioeconomic status, and institutional coordination, which can
either strengthen or weaken impact.

Ultimately, the pathway leads to Impact—stronger economic
resilience and positive movement on SDG-related indicators (e.g.,
poverty reduction, reduced inequalities, gender empowerment).

All components operate within a socio-technical environment,
where governance, regulatory alignment, ethics, and cross-sector
coordination shape how effectively Al can deliver inclusive
financial education. This environment both constrains and feeds
back into the system, influencing Inputs and Processes.

The framework’s propositions articulate the testable relationships
implied by the model: personalization drives stronger learning
(P1); simulations help convert knowledge into behavior (P2);
digital access shapes the magnitude of benefits (P3); inclusive Al
design improves equity outcomes (P4); institutional coordination
determines whether capability becomes socioeconomic impact
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(P5); and financial service access is necessary for improved
capability to translate into actual resilience (P6).

3. The Al-Financial Literacy Nexus: Mechanisms and
Models

Artificial intelligence (AI) is reshaping the landscape of
education and financial learning by enabling personalization,
scalability, and contextual adaptability in ways that were
previously unimaginable. In developing economies, where
resource constraints, linguistic diversity, and infrastructure
limitations impede equitable access to financial knowledge, Al
offers tools that are not only efficient but transformative. This
section examines the operational mechanisms through which Al
strengthens financial literacy and capability, highlighting
technological models, pedagogical innovations, and their
alignment with the Sustainable Development Goals (SDGs).

3.1. Adaptive and Personalized Learning Systems

AI’s most significant contribution to financial education lies in
adaptive learning—the ability to tailor content and pace to
individual learners. Machine-learning algorithms analyze student
interactions, performance data, and behavioral cues to adjust
difficulty levels, recommend supplementary material, and
provide targeted feedback (Luckin et al., 2022).

Platforms such as Byju’s (India), Ruangguru (Indonesia), and
Siyavula (South Africa) employ Al-driven analytics to customize
lessons across subjects, including mathematics, economics, and
entrepreneurship. When integrated with financial literacy
modules, these systems enhance learners’ comprehension of core
concepts like budgeting, compound interest, and credit
management. A 2023 report by the Asian Development Bank
(ADB) found that Al-based adaptive learning increased financial

107



comprehension scores among secondary students by 27% in pilot
programs across India and Indonesia (ADB, 2023).

By personalizing education, Al helps bridge the quality gap in
instruction caused by teacher shortages, under-resourced schools,
and linguistic diversity—directly advancing SDG 4 (Quality
Education) and SDG 10 (Reduced Inequalities).

3.2. Gamification and Experiential Learning

Gamification—the use of game elements in non-game
contexts—is an increasingly effective method of financial
education. Al enhances gamification by dynamically adjusting
challenges and rewards based on a learner’s progress and
emotional engagement (McKinsey Global Institute, 2023).

Al-driven games and simulations, such as Finance Lab
(Philippines) and Smart Money Game (Kenya), immerse users in
decision-making scenarios involving saving, investing, and
entrepreneurship. These tools foster learning-by-doing and
improve behavioral financial literacy by allowing learners to
experiment with risk and reward in safe, virtual environments.

Gamified Al applications are especially impactful for youth and
women in informal economies, as they replace abstract financial
theory with practical, interactive learning experiences. According
to the OECD (2023), countries that integrate gamified financial
education into national curricula report higher retention rates and
improved decision confidence among young learners.
Gamification also aligns with SDG 8 (Decent Work and
Economic Growth) by fostering entrepreneurial and problem-
solving skills critical to employability.

3.3. Chatbots and Conversational Al for Financial Guidance

Conversational Al—chatbots and voice assistants—extends
financial education beyond the classroom into everyday life.
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These systems simulate human dialogue, answering queries
about savings, investments, or budgeting in real time.

For example, FinChatBot in South Africa and BankBuddy in Sri
Lanka use natural language processing (NLP) to provide
multilingual financial guidance to first-time users of mobile
banking services (World Bank, 2024). Similarly, the UNDP’s
VoicePay initiative employs voice-based Al interfaces to teach
basic money management to semi-literate users in Pakistan and
India (UNDP, 2024).

Such tools are particularly valuable in regions with low literacy
rates, as they democratize access to information through
language and voice inclusion. Al chatbots can be deployed via
SMS or low-data platforms, ensuring outreach even in rural or
offline environments. These conversational systems contribute
directly to SDG 9 (Industry, Innovation, and Infrastructure) by
embedding  digital finance education into  existing
communication technologies.

3.4. Predictive Analytics for Early Intervention and Skill
Mapping

Al’s predictive capacity allows educators and policymakers to

identify at-risk learners and skill gaps before they become critical.

Predictive learning analytics track patterns such as quiz scores,
attendance, and response times to forecast performance and
suggest remedial interventions (UNESCO, 2024).

In Kenya’s M-Shule platform, predictive models analyze SMS-
based learner data to customize lessons on financial literacy,
mathematics, and entrepreneurship. The system has reduced
dropout rates by 21% and improved test outcomes among rural
students (UNESCO, 2024).
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Beyond classrooms, Al analytics can map financial-skills
shortages across industries and regions, informing national
education policy. Governments and banks can then design
targeted training programs to strengthen youth employability and
financial resilience—advancing SDG 4.4 (“increase the number
of youth and adults with relevant skills for employment and
entrepreneurship”).

3.5. Integration of Financial Literacy into AI-Enhanced
Curricula

One of the most promising applications of Al in education is the
curricular integration of financial literacy into STEM, business,
and vocational programs. Rather than treating financial literacy
as an isolated subject, Al systems can embed relevant concepts
contextually across disciplines.

For instance, Al-powered learning management systems (LMS)
like ClassERA (Pakistan) and Edmodo Al (Philippines) integrate
budgeting and economic reasoning exercises into mathematics or
computer science modules (ADB, 2023). Such interdisciplinary
learning reflects the OECD (2023) call for “financial literacy as
a life skill,” essential for future-ready economies.

Moreover, Al can automatically assess financial-literacy
competencies and generate individualized learning paths aligned
with Bloom’s taxonomy—from understanding to application and
evaluation (Luckin et al., 2022). This outcome-oriented approach
aligns educational design with measurable financial
empowerment outcomes.

3.6. Al-FinTech Convergence: Bridging Learning and
Practice

A growing innovation frontier lies in the convergence of EdTech
and FinTech, where Al connects learning to actual financial
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participation. Educational apps are increasingly linked to micro-
savings, investment, and insurance platforms, allowing users to
apply their knowledge in real time.

For example, SheBank (Philippines) combines Al-based
financial education with micro-savings accounts targeted at
women entrepreneurs. After completing digital courses, users
automatically receive access to small working-capital loans
assessed via Al risk scoring (World Bank, 2024). This
convergence transforms education into empowerment—closing
the loop between knowledge acquisition and financial inclusion.

Such hybrid systems epitomize the AI-Financial Literacy Nexus,
where intelligent tools facilitate both cognitive learning and
economic  participation,  advancing  multiple = SDGs
simultaneously.

Collectively, these mechanisms represent a transformational
model for inclusive financial education in developing economies.
Al enhances not only the delivery of knowledge but also its
translation into practice, building human capital that fuels
innovation, resilience, and growth.

The next section (Section 4) will illustrate these mechanisms
through regional case studies, highlighting empirical evidence
from Africa, South Asia, and Southeast Asia.

4.Al-Enabled Financial Literacy: Global Practices, Socio-
Economic Outcomes, and Ethical Challenges

Artificial intelligence (AI) has become a transformative
mechanism for linking education, financial inclusion, and
sustainable development across developing economies. Its
deployment in EdTech and FinTech ecosystems demonstrates
clear potential to overcome barriers in access, quality, and equity.
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Al-enabled learning systems—whether delivered through SMS-
based adaptive instruction, multilingual learning platforms, or
EdTech—FinTech convergence models—extend financial literacy
to populations historically excluded from formal education and
financial systems. These regional innovations produce
measurable socio-economic outcomes, including improved
financial behavior, stronger household resilience, increased
entrepreneurial activity, and enhanced gender empowerment. At
the same time, Al introduces new ethical, pedagogical, and
governance challenges that shape its equity and sustainability.
This section synthesizes global case studies, impact evidence,
and emerging risks to provide a comprehensive understanding of
how the Al-Financial Literacy Nexus operates in practice.

4.1 Regional Implementations: AI as a Bridge Between
Learning and Financial Inclusion

In Sub-Saharan Africa, Al applications have emerged as practical
solutions to long-standing educational and financial-access
disparities. Kenya’s M-Shule platform—one of the continent’s
first SMS-based adaptive learning systems—uses machine-
learning algorithms to personalize lessons delivered entirely
offline (UNESCO, 2024). Its financial-literacy modules include
budgeting, saving, and micro-entrepreneurship, tailored to rural
livelihoods. A World Bank evaluation found that students using
M-Shule for six months recorded a 22% improvement in
financial decision-making scores and a 15% increase in
numeracy compared to control groups (World Bank, 2024).
Because M-Shule operates without internet connectivity, it
effectively reaches low-income and rural learners, advancing
SDG 4 (Quality Education), SDG 8 (Decent Work and Economic
Growth), and SDG 10 (Reduced Inequalities). Complementary
African initiatives—such as FarmDrive in Kenya, which
integrates Al-driven training with access to digital credit, and
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Akili Al in Ghana—illustrate how Al-based community learning
ecosystems convert educational gains into financial participation.

South Asia provides a second model where Al is integrated
within formal education systems and national financial-inclusion
strategies. In India, Byju’s uses adaptive algorithms to
personalize content across K—12 and vocational education. In
partnership with the Reserve Bank of India, it launched financial-
literacy modules covering saving, investment, credit use, and
digital payments (NITI Aayog, 2023). The Al4Bharat Initiative
at [IT Madras further supports financial education through open-
source, multilingual Al tools, enabling instruction across India’s
regional languages. RBI’s Financial Literacy Week (2024)
reported a 19% improvement in financial-literacy awareness in
states using Al-based materials compared to those relying on
traditional instruction (Reserve Bank of India, 2024).

Pakistan’s Sabaq platform provides Al-curated video modules on
money management, entrepreneurship, and digital banking,
delivered in collaboration with the State Bank of Pakistan (SBP)
and UNICEF (State Bank of Pakistan, 2024). These modules
complement the National Financial Literacy Program for Youth
(NFLPY), which has trained 1.5 million students nationwide.
Between 2022 and 2024, financial-literacy scores among
participants increased by 25%, with female learners showing
disproportionately strong gains (UNDP, 2024). Pakistan’s model
showcases how coordinated policy, Al-enabled learning, and
national financial strategies can jointly advance SDG 5 (Gender
Equality) and SDG 8 (Economic Growth).

Southeast Asia represents the most mature EdTech—FinTech
convergence. Indonesia’s Ruangguru serves over 22 million
learners, providing Al-personalized micro-courses on budgeting,
digital payments, and small-business management (Asian
Development Bank, 2023). Learners using Ruangguru’s financial
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modules experienced a 30% improvement in budgeting skills and
a 17% increase in entrepreneurial activity within six months
(ADB, 2023). The integration of Ruangguru’s Skill Academy
with GoPay, a leading digital-payment service, allows learners to
immediately practice financial behaviors—demonstrating a
direct link between learning and financial participation.

In the Philippines, SheBank delivers Al-powered financial
education tailored to women entrepreneurs through partnerships
between the Asian Development Bank, UNDP, and local FinTech
startups. Its modules on savings, investment, and credit
management link directly to microfinance access via Al-based
credit scoring. Between 2021 and 2024, SheBank enabled over
120,000 women to access digital loans averaging USD 250,
leading to measurable gains in business income and household
welfare (UNDP, 2024). These programs show how Al-enabled
financial literacy, combined with tailored financial access,
directly advances SDG 5 and SDG 8.

Across these regions, four insights consistently emerge: (1) Al
bridges infrastructure gaps through adaptive, offline, or low-
bandwidth delivery; (2) localization—especially multilingual
content—is essential for comprehension and engagement; (3)
cross-sector partnerships enhance scalability; and (4) EdTech—
FinTech convergence ensures that learning translates into real
economic participation. These cases demonstrate that Al
integration is not simply digitalizing education but reshaping
how financial capability is cultivated and applied within national
development agendas.

4.2. Socio-Economic QOutcomes: Financial Behavior,
Resilience, Entrepreneurship, and Gender Equity
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Al-driven financial literacy produces measurable socio-
economic outcomes that extend beyond knowledge acquisition.
First, Al-enabled programs significantly improve financial
behavior and household welfare. According to the Global Findex
Database, adults exposed to digital financial education were 1.7
times more likely to save formally and 2.1 times more likely to
own a mobile money account (Demirgiig-Kunt et al., 2023).
Platforms such as Ruangguru and Sabaq reinforce such behaviors
through personalized pathways and behavioral nudges, adjusting
content to encourage responsible borrowing, habitual saving, and
long-term planning (ADB, 2023). A UNDP (2024) evaluation
across South Asia reported that 63% of Al-trained learners
increased savings frequency and 42% reduced reliance on
informal loans—indicators of improved household resilience.

Second, Al strengthens entrepreneurial capability. In East and
West Africa, the Smart Money Africa initiative uses natural-
language processing chatbots to provide entrepreneurship and
financial training in multiple African languages. Its impact
includes a 34% increase in microbusiness registrations and a 19%
rise in participant income (UNDP, 2024). In South Asia, Byju’s
“Future Skills” and Sabaq’s entrepreneurship modules integrate
financial education with vocational learning, helping learners
transition into formal enterprise engagement (ADB, 2023; State
Bank of Pakistan, 2024). Al-driven profiling links potential
entrepreneurs to  FinTech platforms for microcredit,
strengthening pathways from financial education to economic
participation and supporting SDG 8.3.

Third, Al-based financial education has shown strong results in
advancing gender equality. Globally, women remain 8 percentage
points less financially literate than men, with the gap rising to 15
points in low-income countries (OECD, 2023). Al narrows this
gap by offering flexible, personalized, and language-adaptive
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learning environments. SheBank users in the Philippines reported
a 25% rise in savings and a 17% improvement in digital-payment
adoption after completing Al modules (UNDP, 2024). In East
Africa, M-Shule’s adaptive learning particularly benefits girls,
who often face time, mobility, and cultural constraints blocking
traditional learning formats. Al-driven credit scoring further
expands women’s financial access by replacing bias-prone
collateral-based systems with behavior-based assessments
(World Economic Forum, 2025).

Finally, Al builds digital and financial resilience by strengthening
individuals’ ability to navigate digital financial systems safely.
An OECD-INFE (2023) study across 17 developing economies
found that learners exposed to Al-assisted financial education
were 40% more likely to use digital banking tools and 31% less
vulnerable to financial fraud. At the macro level, stronger
financial capability increases domestic savings, enhances tax
compliance, and stabilizes financial systems (Hanushek &
Woessmann, 2021). Thus Al-based financial literacy contributes
to SDGs 9 and 10 by improving economic resilience and
reducing inequality.

4.2 Ethical, Pedagogical, and Equity Challenges

Despite its transformative potential, Al-enabled financial literacy
raises significant ethical, governance, and pedagogical
challenges. Algorithmic bias—rooted in historical or
unrepresentative datasets—can reinforce inequalities in access,
assessment, and opportunity (Borenstein & Howard, 2022;
Cowgill et al., 2020). OECD (2023) evidence shows that gender-
biased data in credit scoring and education algorithms negatively
affects women’s loan approvals and participation in training.
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Language models that exclude local dialects risk marginalizing
indigenous and rural learners (UNESCO, 2024).

Data privacy is also a major concern. Al systems collect
extensive educational and behavioral data; in countries with
weak data-protection laws, this can lead to misuse,
commercialization, or surveillance (UNDP, 2024). The blending
of educational and financial data in EdTech—FinTech integration
further increases vulnerability.

Digital divides persist as structural barriers: 2.6 billion people
remain offline, disproportionately in developing economies (ITU,
2023). Even when access exists, uneven digital literacy produces
“Al elites,” preventing equitable uptake (OECD, 2023).
Pedagogically, overreliance on Al risks undermining teacher
autonomy and reducing learning to algorithmic efficiency
(Luckin et al., 2022). UNESCO’s (2024) Global Education
Monitoring Report emphasizes the need for blended learning
ecosystems that retain human oversight.

Governance frameworks such as the OECD Principles on Al
(2023), UNESCO’s Ethics of AI Recommendation (2023), and
UNDP’s Al for Inclusion Framework (2024) provide guiding
standards. Developing economies can adapt these by mandating
algorithmic audits, establishing Al ethics boards, and enforcing
robust data-protection and transparency requirements.

5. Institutional Readiness and Policy Frameworks

Institutional readiness is a decisive factor in determining whether
artificial intelligence (Al) contributes to inclusive development
or deepens existing inequalities. In the context of the Al-
Financial Literacy Nexus, readiness encompasses regulatory
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frameworks, infrastructure capacity, public—private partnerships,
and human capital development. Governments across developing
economies are gradually aligning educational and financial
policies with Al innovation to support inclusive growth and the
achievement of Sustainable Development Goals (SDGs),
particularly SDG 4 (Quality Education), SDG 8 (Decent Work
and Economic Growth), SDG 9 (Industry, Innovation and
Infrastructure), and SDG 17 (Partnerships for the Goals).

5.1. National Al and Financial Literacy Strategies
India: Al for All and Digital Financial Literacy Integration

India stands at the forefront of integrating Al and financial
literacy within national development planning. The NITI Aayog
(2023) framework Al for All positions Al as a public good aimed
at “inclusive economic and social transformation.” Within
education, the initiative promotes the integration of Al-based
tools across primary to higher education, emphasizing financial
literacy, entrepreneurship, and responsible technology use.

The Reserve Bank of India (RBI) complements this initiative
through its Financial Literacy Week (2024) campaign, which
incorporated Al-based educational chatbots and gamified
modules to reach rural populations. These programs reported an
18% improvement in financial awareness among secondary
school learners (Reserve Bank of India, 2024).

Furthermore, India’s National Education Policy (2020) explicitly
encourages EdTech—FinTech collaboration to build digital and
financial competencies. The coordination between NITI Aayog,
RBI, and the Ministry of Education exemplifies institutional
synergy between Al policy and financial inclusion objectives—
an approach strongly aligned with SDG 9 and SDG 17.

Kenya: Digital Learning and FinTech Ecosystem Development
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Kenya has emerged as an African leader in leveraging Al for both
education and financial inclusion. The Kenya Digital Economy
Blueprint (2022) envisions a data-driven economy anchored in
innovation and human capital development. Building on this, the
Digital Learning Programme (DLP)—jointly supported by the
Ministry of ICT and the Ministry of Education—integrates Al-
enhanced learning platforms such as M-Shule to promote
financial and entrepreneurial literacy at the community level

(World Bank, 2024).

On the financial front, the Central Bank of Kenya (CBK) has
established regulatory sandboxes to test Al-driven FinTech
applications in partnership with educational institutions and
youth training centers. These sandboxes provide a controlled
environment for EdTech-FinTech collaborations, enabling
evidence-based policymaking.

Kenya’s model demonstrates institutional readiness through three
key dimensions:

= Policy coordination between education and finance
ministries;

= Infrastructure readiness, including Al-friendly digital
ecosystems; and

= Regulatory innovation, using sandboxes and open-data
standards.

These efforts have strengthened Kenya’s position as a regional
benchmark for Al inclusion and illustrate how governance
innovation supports SDG 8 and SDG 10 (Reduced Inequalities).

Pakistan: Financial Literacy through Central Banking and
EdTech Collaboration

Pakistan has institutionalized Al-driven financial education
through the National Financial Literacy Program for Youth
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(NFLPY), managed by the State Bank of Pakistan (SBP) in
collaboration with the Ministry of Education and UNICEF. The
program integrates Al-enabled learning platforms such as Sabaq
to deliver customized lessons on savings, entrepreneurship, and

digital payments to students across 40 universities and 1,200
schools (State Bank of Pakistan, 2024).

Al analytics are used to monitor learner engagement, regional
disparities, and gender participation—allowing adaptive content
deployment and policy refinement. Moreover, the Pakistan
National Al Policy (2024) includes provisions for Al capacity-
building, ethical data governance, and integration with FinTech
innovation hubs.

Through these coordinated policies, Pakistan demonstrates how
central banks can act as catalysts for educational innovation. This
alignment of financial-sector regulation with Al-enabled
education promotes not only financial inclusion but also
institutional learning—key to SDG 16 (Peace, Justice, and Strong
Institutions).

5.2. International Frameworks and Capacity Building

Global organizations have established frameworks that guide
national governments in ethically and effectively deploying Al
for education and finance.

UNESCO’s (2024) Global Education Monitoring Report
advocates for responsible technology use in education,
recommending national Al competency frameworks for teachers
and learners.

The OECD’s Al Policy Observatory (2023) provides guidelines
for Al transparency, accountability, and human-centered
innovation, which can be localized for financial education.
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UNDP’s (2024) Al for Inclusion Framework supports developing
economies in designing Al strategies that prioritize equity,
gender inclusion, and data ethics.

These frameworks encourage governments to move beyond mere
adoption toward governance maturity—developing domestic
expertise in algorithmic auditing, impact evaluation, and ethical
compliance.

5.3. Institutional Coordination and Partnerships

Institutional readiness for Al-driven financial literacy is not only
about technology—it is about partnerships. Public—private
collaboration is emerging as a cornerstone of success. For
example:

* In India, Byju’s collaborates with the RBI to create Al-
enhanced financial-literacy content.

= In Kenya, the Safaricom Foundation and CBK co-
develop digital inclusion programs linked with Al
education initiatives.

= In Pakistan, the SBP, UNICEF, and EdTech Pakistan
Alliance jointly pilot Al learning models for financial
inclusion.

Such partnerships exemplify SDG 17, ensuring resource
mobilization, innovation exchange, and shared accountability
across sectors.

To ensure sustainability, institutional frameworks must evolve
from project-based interventions to systemic integration—
embedding Al and financial literacy within national development
plans, teacher education, and banking-sector reforms.

5.4. Toward Institutional Maturity
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Institutional readiness is a continuum. As developing economies
advance, they must strengthen policy coherence, capacity
building, and ethical governance to sustain inclusive Al
ecosystems. The ultimate test of readiness lies not in the
sophistication of Al tools but in the human and institutional
capabilities that guide their deployment.

Governments that invest in multi-stakeholder governance, open
innovation ecosystems, and cross-sector learning networks will
be best positioned to transform Al into a tool of equitable
development. In doing so, they lay the institutional groundwork
for achieving the SDGs through the convergence of education,
finance, and technology.

6. Conclusion and Policy Implications

Artificial intelligence (Al) is transforming how individuals learn,
make financial decisions, and participate in the economy. In
developing economies, where educational inequality and
financial exclusion often reinforce each other, Al offers a bridge
between knowledge and empowerment. This chapter has argued
that the Al-Financial Literacy Nexus—the convergence of Al-
driven education and financial inclusion—represents a powerful
mechanism for advancing the Sustainable Development Goals
(SDGs), particularly SDG 4 (Quality Education), SDG 8 (Decent
Work and Economic Growth), SDG 9 (Industry, Innovation, and
Infrastructure), and SDG 10 (Reduced Inequalities).

Al transforms financial education by expanding access,
personalizing learning, and connecting knowledge to real-world
financial behavior. However, realizing this potential requires
deliberate policy action, robust governance, and a commitment
to human-centered development. The following key insights and
policy implications emerge from this analysis.

1. Al as an Educational and Economic Catalyst.
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Al personalizes learning and makes financial education adaptive,
accessible, and data-driven. Case studies from Kenya, India,
Pakistan, and Indonesia demonstrate that AI enhances both
cognitive and behavioral financial literacy—improving savings
habits, entrepreneurship, and resilience (Asian Development
Bank [ADB], 2023; World Bank, 2024).

2. Integration Across Systems.

The most successful models integrate education, finance, and
technology under cohesive policy frameworks. Programs such as
India’s Al for All and Pakistan’s NFLPY illustrate how
institutional coordination among ministries of education, central
banks, and FinTech actors amplifies impact (State Bank of
Pakistan [SBP], 2024; NITI Aayog, 2023).

3. Equity and Ethics as Central Pillars.

Technology alone cannot guarantee inclusion. Algorithmic bias,
data exploitation, and digital divides risk reproducing structural
inequalities. The UNESCO (2024) and UNDP (2024)
frameworks remind us that ethical design, fairness, and
accountability must be embedded in every stage of Al
integration—from data collection to learning analytics.

4. Financial Literacy as Human Capability

In line with Sen’s (1999) Capability Approach, Al-enabled
financial literacy must be understood not merely as technical
training but as empowerment—the freedom to make informed,
autonomous financial decisions. This perspective positions Al as
a tool to expand human agency and dignity, consistent with the
SDG principle of “leaving no one behind.”
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There are several policy implications of the Al-Financial Literacy
Nexus.

Integrate Al-Based Financial Literacy into National Curricula :
Governments should formalize financial literacy as a cross-
disciplinary component of education policy, supported by Al-
based adaptive tools. Ministries of education and central banks
can collaborate to establish Al learning standards that promote
responsible financial behavior, entrepreneurship, and digital
ethics. Integrating these modules into public-school curricula
ensures inclusivity and scale—advancing SDG 4.4 (relevant
skills for employment).

Build Ethical Al Governance and Data Infrastructure

Developing economies must adopt Al governance frameworks
that safeguard data privacy, transparency, and fairness. National
Al ethics boards—aligned with the OECD (2023) and UNESCO
(2024) recommendations—should oversee algorithmic audits,
bias assessments, and impact evaluations. Parallel investments in
digital public infrastructure, such as open-data systems and
secure learning platforms, will enhance accountability and trust.

Foster Public—Private Partnerships for Scalable Impact
Public—private partnerships (PPPs) are crucial to expanding
reach and innovation. Governments can incentivize collaboration
between EdTech firms, FinTech startups, and academic
institutions to develop context-specific Al learning ecosystems.
Kenya’s Digital Learning Programme and India’s Al for All
provide models of how PPPs can accelerate EdTech—FinTech
integration for inclusive education and entrepreneurship (World
Bank, 2024; NITI Aayog, 2023).

Prioritize Gender and Rural Inclusion : Al strategies must

explicitly target women, rural populations, and low-literacy users.

Voice-based and multilingual Al systems can reduce barriers to
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participation. Initiatives like SheBank in the Philippines and M-
Shule in Kenya demonstrate that gender-intentional Al design not
only improves access but also yields measurable socio-economic
returns (UNDP, 2024). Governments should include gender
audits in national Al and education policies to operationalize
SDG 5 (Gender Equality) and SDG 10 (Reduced Inequalities).

Invest in Al and Digital Literacy for Educators and Learners :
Institutional capacity is key. Teacher training in Al pedagogy,
data ethics, and financial literacy must be institutionalized within
higher education systems. Likewise, national initiatives for Al
literacy—as advocated by UNESCO (2024)—can prepare
citizens to engage critically with intelligent systems, fostering
responsible use of digital finance technologies.

The next decade offers a critical window for developing
economies to leverage Al as a driver of inclusive and sustainable
finance. Success will depend not on how advanced the
technology becomes, but on how effectively institutions align
innovation with inclusion, efficiency with ethics, and data with
dignity.

In this evolving landscape, Al should be seen not merely as a tool
but as an enabler of human capability—transforming learners
into financially capable citizens who contribute to equitable
economic growth. Governments, educators, and private
innovators must collaborate to ensure that every learner,
regardless of geography or gender, can access the knowledge and
tools necessary for financial empowerment.

The specific policy implementation levers are :

1. Invest in low-bandwidth, voice-enabled Al solutions for
low-literacy contexts.

2. Mandate transparency, bias audits, and local language
coverage in educational Al procurement.
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3. Coordinate  cross-sector  partnerships  (education,
financial regulators, telcos) to ensure that literacy links to
affordable financial products.

4. Incorporate simulation-based financial practice into
national curricula and teacher training.

5. Measure success using both learning metrics and
behavioral/impact indicators; fund long-term evaluations.

If implemented with care, transparency, and cooperation, the Al—
Financial Literacy Nexus can transform development itself—
turning intelligence into opportunity, and opportunity into
sustainable prosperity for all.

Future Pathways and Research Directions

The integration of artificial intelligence (Al), education, and
financial literacy represents a frontier in sustainable development
research. As developing economies deepen their engagement
with digital transformation, the Al-Financial Literacy Nexus is
evolving from a policy experiment into a strategic development
framework. However, empirical evidence, theoretical integration,
and governance mechanisms remain underdeveloped. This
section identifies emerging pathways for scholarship, innovation,
and policy coordination to strengthen the role of Al in advancing
the Sustainable Development Goals (SDGs).

Expanding Al Literacy as a Foundational Competency : Future
research should position Al literacy—the ability to understand,
interact with, and critically evaluate Al systems—as a core
educational competency alongside financial and digital literacy.
As UNESCO (2024) notes, “Al literacy is becoming a
prerequisite for equitable participation in the knowledge
economy.” Integrating Al literacy into school curricula can
empower citizens to navigate intelligent financial systems
responsibly, improving trust, comprehension, and autonomy.
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Empirical studies are needed to measure the relationship between
Al literacy and financial decision-making outcomes, particularly
in low-resource contexts. Comparative research could explore
how Al-literate populations exhibit greater adaptability to
technological disruptions and financial risks—key elements of
economic resilience under SDG 8 (Decent Work and Economic
Growth).

Empirical Modelling of the Al-Financial Literacy—Inclusion
Relationship : Despite growing policy interest, quantitative
research linking Al-enabled education to financial inclusion
outcomes remains limited. Future empirical work should develop
integrated econometric models combining education indicators
(e.g., Al learning adoption rates), financial inclusion metrics (e.g.,
mobile banking usage, savings behavior), and socio-economic
controls (e.g., income, gender, geography).

Using multi-country panel data from the World Bank Global
Findex, IMF Financial Access Survey, and ITU Digital
Development Database, researchers can test the hypothesis that
Al-enabled financial literacy mediates the relationship between
education quality and financial inclusion. Such models would
offer robust evidence for policy design, supporting SDG 9
(Industry, Innovation, and Infrastructure) and SDG 10 (Reduced
Inequalities).

Theoretical Expansion: Toward Digital Capability Theory :
Conceptually, future studies should extend Amartya Sen’s
Capability Approach (1999) and the Financial Capability
Framework (Atkinson & Messy, 2012) into a Digital Capability
Theory—integrating Al, education, and finance as co-dependent
enablers of human agency. This theory would conceptualize
digital and financial literacies not as ends in themselves, but as
capabilities that expand individual freedom, economic
participation, and resilience.
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Research could explore how Al systems enhance—or

constrain—these capabilities under different governance regimes.

For example, how does algorithmic transparency affect trust in
Al learning platforms, or how do gendered design choices
influence empowerment outcomes? Such inquiries would
strengthen the ethical and philosophical foundations of Al policy
in developing contexts.

Policy-Oriented Research and Cross-Sector Collaboration :
Finally, future research must adopt interdisciplinary and action-
oriented approaches. Collaborative studies among ministries of
education, central banks, and international agencies can assess
how institutional coordination influences Al deployment
effectiveness.

Policy laboratories, such as regulatory sandboxes and EdTech—
FinTech innovation hubs, can generate real-world data for testing
AI’s socio-economic impacts. As the UNDP (2024) emphasizes,
evidence-based governance is crucial to preventing “innovation
without inclusion.” Longitudinal studies could track how Al-
enabled financial education shapes generational shifts in saving
habits, entrepreneurship, and financial stability.

The future of the Al-Financial Literacy Nexus lies in integrating
ethical intelligence with digital innovation. Research that bridges
computational modelling, behavioral economics, and education
policy will be essential to ensuring Al serves as an instrument of
empowerment rather than exclusion. As developing economies
move toward 2030, scholars and policymakers alike must ensure
that Al not only accelerates SDG progress but also embodies the
SDG principle of leaving no one behind.
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