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Abstract 

Rapid advances in artificial intelligence (AI), especially generative AI, are reshaping how knowledge is produced, taught, and 

learned. Although AI can support personalisation, feedback, and engagement, it also introduces risks involving bias, opacity, 

privacy, academic integrity, and cognitive over-reliance (Cotton et al., 2024; UNESCO, 2023; Zhai et al., 2024). This 
conceptual paper proposes a human-centred framework integrating innovative pedagogies, AI-enhanced learning, and deep 

learning outcomes. It operationalises pedagogy-driven AI through a staged design cycle: define curriculum outcomes and a 

non-AI learning baseline; select the minimum viable AI function; require teacher approval and learner verification of 

consequential outputs; provide low-bandwidth, shared-device, offline, or non-AI alternatives; and evaluate learning, equity, 
and workload before scaling. AI is therefore treated as bounded, auditable support rather than an autonomous instructor. 

Safeguards include purpose-limited data collection, bias testing across learner groups, transparent disclosure, contestable 

recommendations, human override, and scheduled withdrawal of scaffolds. Deep learning is assessed through pre- and post- 

performance tasks, transfer to unfamiliar problems, reasoning-quality rubrics, source verification, metacognitive reflection, 
originality, and declining dependence on prompts. The framework positions pedagogy as the design authority, AI as enabling 

infrastructure, and critical thinking, creativity, self-regulation, collaboration, and ethical reasoning as measurable outcomes. It 

offers a practical pathway for resource-constrained and highly standardised educational systems while maintaining human 

agency, equity, and educator well-being. 
Keywords: artificial intelligence; constructivism; deep learning; future education; generative AI; human-centred learning; 

innovative pedagogies. 
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INTRODUCTION 

Education systems are responding to rapid digital innovation while also confronting inequality, information 

disorder, and pressure to prepare learners for uncertain social and economic futures. Generative AI intensifies this 

challenge because it can produce fluent text, images, code, explanations, and feedback at scale. Recent research 

identifies genuine opportunities for tutoring, feedback, creativity, and learning autonomy, but also documents 

hallucination, bias, privacy risks, academic-integrity concerns, and the outsourcing of cognitive and metacognitive 

work (Kasneci et al., 2023; Qian, 2025; UNESCO, 2023; Zhai et al., 2024). These mixed effects show that educational 

value does not follow automatically from access to powerful tools. 

Recent studies have advanced important but partly separated strands of knowledge. Research on student–AI 

collaboration emphasises learning design and teacher mediation (Kim et al., 2022); systematic reviews of generative 

AI describe emerging pedagogical applications but warn about over-reliance (Qian, 2025); and international guidance 

establishes human-centred, ethical, and competency-based principles (UNESCO, 2023, 2024). However, the literature 

still lacks a concise integrative framework that connects (a) specific learner-centred pedagogies, (b) bounded AI 

functions and governance safeguards, and (c) observable indicators of deep learning, while remaining feasible in 

schools with limited connectivity, devices, staff time, or curricular flexibility. This omission is consequential because 

adding AI to unchanged instructional routines may improve efficiency without improving reasoning, transfer, 

creativity, or learner agency. 

This paper addresses that gap by proposing a human-centred, pedagogy-driven framework in which pedagogical 

goals are specified first, AI functions are deliberately constrained to support those goals, and success is judged by 

deep-learning evidence rather than technology use. Its novelty lies in linking the three layers to an implementation 
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cycle and explicit safeguards: a non-AI baseline, minimum viable technology, teacher and learner verification, 

equitable fallback pathways, bias and privacy checks, scaffold fading, workload review, and outcome-based 

evaluation. The framework is intended for both technology-rich settings and resource-constrained or standardised 

environments. It therefore treats AI as optional and replaceable infrastructure, not as the curriculum, the decision-

maker, or the primary relationship in learning. 

THEORETICAL FOUNDATIONS 

Educational theory provides the foundation for determining how artificial intelligence (AI) should be integrated 

into teaching and learning to enhance, rather than replace, meaningful educational processes. AI is most effective 

when its use is grounded in established learning theories that explain how learners construct knowledge and develop 

higher-order thinking. Constructivist and socio-cultural perspectives are particularly relevant because they emphasise 

active learning, guided support, and learner engagement. Together, these theories provide a theoretical basis for 

positioning AI as a pedagogical tool that facilitates learning while preserving the essential role of teachers in guiding 

instruction (Holmes et al., 2022). 

Piaget's constructivist theory explains learning as an active process in which learners construct knowledge through 

interactions with their environment rather than passively receiving information (Piaget, 1968). Cognitive development 

occurs through assimilation, whereby new experiences are incorporated into existing schemas, and accommodation, 

whereby schemas are modified when existing knowledge cannot explain new experiences. Learning is therefore 

strengthened when learners investigate problems, generate explanations, evaluate evidence, and revise their 

understanding. In AI-supported learning, these principles suggest that AI should encourage inquiry and reasoning by 

providing prompts and feedback instead of providing immediate solutions that bypass learners' cognitive processes. 

This approach is consistent with generative learning theory, which emphasises that meaningful understanding 

develops when learners actively generate and organise knowledge (Fiorella & Mayer, 2015). 

Complementing the cognitive perspective, Vygotsky's socio-cultural theory views learning as a socially mediated 

process in which knowledge is developed through interaction with others and cultural tools (Vygotsky, 1978). Central 

to this theory is the Zone of Proximal Development (ZPD), which represents the gap between what learners can 

accomplish independently and what they can achieve with appropriate guidance. Effective learning occurs when 

instructional support is tailored to learners' needs and gradually withdrawn as competence develops. This process of 

scaffolding enables learners to become increasingly independent while maintaining appropriate cognitive challenge 

(Wood et al., 1976). 

Within this theoretical framework, AI can function as a mediational tool by providing adaptive prompts, 

explanations, and feedback that support learners' progress within their ZPD. However, the effectiveness of scaffolding 

depends on understanding learners' misconceptions, motivation, and learning context, which requires teacher’s 

professional judgement. AI can support these instructional processes but cannot independently determine the type or 

timing of pedagogical intervention. Consequently, teachers remain essential for facilitating discussion, monitoring 

conceptual understanding, and regulating the level of support provided throughout the learning process (Luckin et al., 

2016). 

Taken together, constructivist and socio-cultural theories position AI as a tool that enhances rather than replaces 

teaching and learning. Piaget's (1968) theory highlights the importance of active knowledge construction, while 

Vygotsky's theory emphasises guided learning through social interaction and adaptive scaffolding. These 

complementary perspectives provide a coherent theoretical foundation for integrating AI into education in ways that 

promote meaningful learning, critical thinking, and learner autonomy while maintaining the central role of teachers in 

supporting deep and sustainable learning. 

Extending these perspectives to contemporary digital learning environments, Connectivism provides a theoretical 

lens for understanding learning in an era where knowledge is increasingly distributed across digital networks. Siemens 

(2005) argues that learning is no longer confined to individual cognitive processes but occurs through the ability to 

establish, navigate, and sustain connections among people, organisations, and digital information sources. In this view, 

knowledge may reside outside the learner, such as within databases, online communities, or intelligent technologies, 
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making the capacity to locate, evaluate, and synthesise information more important than the simple accumulation of 

facts. Consequently, learning involves connecting specialised information sources and continuously updating 

knowledge as new information emerges. This perspective is particularly relevant to AI-supported learning, where 

learners interact with generative AI alongside diverse digital resources to construct understanding. However, the 

educational value of AI depends not merely on access to information but on learners' ability to critically evaluate AI-

generated content, integrate it with other credible sources, and make informed judgements. Thus, Connectivism 

complements constructivist and socio-cultural theories by highlighting the importance of digital literacy, networked 

learning, and informed knowledge navigation in AI-enhanced educational environments (Downes, 2012; Siemens, 

2005). 

Transformative learning theory, as proposed by Mezirow (2000), adds another dimension: learning can involve 

transforming one's perspective through critical reflection. He argues that true learning often entails questioning and 

revising our deep-seated assumptions and worldviews. He describes perspective transformation as the process of 

critically analysing the structures of assumptions and expectations that frame our thinking, feeling, and acting. In 

practice, this means learners must be encouraged not only to acquire skills and knowledge, but to reflect on them: 

learners may ask themselves, why do I believe this? What biases might influence this information? AI tools can 

challenge learners by presenting alternative viewpoints or evidence, prompting the learner to re-examine what they 

know. Thus, in AI-rich environments, transformative learning becomes essential: students need the capacity to critique 

and reinterpret information, including AI-generated content, rather than accept it uncritically. 

In this paper, deep learning refers to sustained understanding of meaning and underlying principles, connection of 

ideas across contexts, critical reflection, and transfer to unfamiliar problems, rather than rote or surface reproduction 

(Biggs & Tang, 2011). This conception is compatible with Indonesia's current Pembelajaran Mendalam orientation, 

which articulates learning as mindful (berkesadaran), meaningful (bermakna), and joyful (menggembirakan), and 

organises learning experiences around understanding, application, and reflection (Anwar & Sodik, 2025). Mindful 

learning strengthens attention, agency, and metacognitive awareness; meaningful learning connects new knowledge 

with prior experience and authentic purposes; and joyful learning supports safety, curiosity, intrinsic motivation, and 

constructive engagement. Joyful does not mean effortless entertainment, and mindful does not mean attention alone: 

all three principles contribute to rigorous understanding, transfer, creativity, and learner well-being. 

Together, these theories, constructivism, socio-cultural, connectivism, transformative, and deep learning, provide 

a multidimensional foundation. They emphasise active engagement, social interaction, networked knowledge, and 

critical reflection. This theoretical base underscores our argument that technology (AI) must be harnessed in service 

of these deeper learning processes, not simply adopted as an end in itself. 

Innovative Pedagogies for Future Education 

Innovative pedagogies shift the focus from teacher-led lectures to learner-centred, active learning experiences. 

Fisher, Frey, and Hattie (2017) highlight that effective classrooms engage students in meaningful tasks with timely 

feedback, rather than passive listening. Building on our theoretical foundation, several concrete pedagogical 

approaches exemplify this shift: 

● Project-Based Learning (PBL): In PBL, students undertake sustained, inquiry-driven projects that address 

real-world problems. Bell (2010) notes that PBL encourages students to drive their own learning through 

inquiry and to work collaboratively to research and create authentic products. Such projects often require 

technology skills, communication, and problem-solving. By tackling a meaningful project, learners develop 

motivation and critical thinking more deeply than through rote tasks. For instance, a biology class designing 

an experiment to address local environmental issues not only learns scientific content but also practices 

collaboration and creativity. Research shows that PBL contexts improve knowledge retention and self-

directed learning compared to traditional methods. Moreover, PBL naturally aligns with AI tools: students 

can use AI resources to gather data or simulate scenarios, while the project framework keeps learning goal-

driven. 
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● Inquiry-Based Learning: Inquiry learning (including problem-based learning) places students in the role of 

scientists or investigators, asking questions, gathering data, and formulating explanations. It is inherently 

constructivist: students construct understanding through disciplined inquiry. Critically, inquiry approaches 

are not unguided pure discovery. Hmelo-Silver, Duncan, and Chinn (2007) found that successful inquiry 

environments provide extensive scaffolding (guidance structures) to help learners manage complex tasks. 

When well-supported, inquiry learning yields deep, meaningful understanding. For example, students might 

investigate a question such as “How can we reduce plastic waste in our community?” by collecting local data, 

evaluating evidence, and drawing conclusions. Such tasks naturally develop analytical and problem-solving 

skills. Empirical studies confirm that inquiry and problem-based methods can lead to significant gains in 

student achievement and foster deep learning, especially when supported by guidance. In AI-enhanced 

settings, inquiry can be augmented by virtual labs or simulations, while educators guide students' questions 

and interpretations. 

● Collaborative Learning: Social interaction lies at the heart of learning. Collaborative or cooperative 

learning strategies group students so they work toward shared goals. Classic research by Johnson & Johnson 

(2009) on social interdependence theory shows robust benefits of cooperative learning. When students 

cooperate rather than compete, they tend to achieve higher academically and develop better social skills. For 

instance, one meta-analysis found that cooperation tends to lead to higher achievement, more positive 

interpersonal relationships, and greater psychological health than competitive settings. In a collaborative 

classroom, students teach and support each other, explaining concepts and solving problems together. 

Modern AI environments can even extend collaboration to include intelligent agents. For example, a group 

discussion might involve an AI partner suggesting hints or content, while students negotiate and critique 

those inputs. However, the core of collaborative learning remains human interaction and joint meaning-

making. 

● Interdisciplinary Learning: Real-world challenges are rarely confined to a single discipline. Therefore, 

innovative curricula often integrate content across subjects. Interdisciplinary learning engages students in 

complex, real-life problems that require drawing on multiple fields (science, humanities, art, ethics, etc.) 

simultaneously. Mansilla and Duraisingh (2007) and Schijf et al. (2023) argue that this kind of integration is 

essential for modern education. They report that interdisciplinary projects lead to sophisticated conceptions 

of knowledge, learning, and inquiry, and to heightened learner motivation and engagement. For example, a 

project on sustainable cities might combine science (environmental systems), economics (policy), and ethics 

(impact on communities). Such tasks prepare learners to tackle multifaceted issues such as climate change 

and public health. In practice, interdisciplinary learning encourages flexibility and big-picture thinking. 

Embedding AI tools (e.g., data analysis programs, image generators, language models) in these contexts can 

further enrich learning: students can use data analytics to study climate models or AI simulators to explore 

policy outcomes under teacher guidance. 

These innovative approaches emphasise active engagement, authentic tasks, dialogue, and collaboration, creating 

a pedagogically coherent context for selected uses of AI. The teacher's role shifts towards designing rich learning 

experiences, diagnosing learner needs, facilitating interaction, and providing feedback rather than merely transmitting 

content (Goodwin, 2024). Recent reviews show that generative AI can support creativity, autonomy, and feedback, 

but can also encourage the outsourcing of critical cognitive and metacognitive processes when tasks do not require 

learners to explain, verify, or revise their reasoning (Qian, 2025; Zhai et al., 2024). AI should therefore amplify a 

defined learning design rather than determine it. 

AI-Enhanced Learning and Generative AI 

AI is rapidly transforming the infrastructure of teaching and learning. Historically, educational AI focused on 

adaptive tutoring and analytics (Zawacki-Richter et al., 2019). That systematic review found that the most common 

applications in higher education were student profiling, adaptive instruction, and intelligent tutoring systems. These 

systems personalise content and pacing based on learner performance. For example, an Intelligent Tutoring System 
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(ITS) can continuously assess a student's understanding of algebra and give extra exercises on weak areas. Such 

adaptive AI can indeed increase engagement and mastery by ensuring students work at the right level. However, 

reviews also note that much AI use in education lacks deep pedagogical integration: systems often focus on data and 

efficiency but lack critical reflection on learning theory and ethics. This gap must be addressed by educators who 

ensure AI tools align with sound pedagogy and by embedding ethical guardrails into design. 

Personalised learning platforms are a prominent example. These AI-driven systems dynamically adjust lessons to 

each learner's profile. In practice, this means the software might select easier or harder problems, offer different 

explanations, or suggest next steps based on the student's data. Reviews of AI in education argue that personalisation 

can greatly enhance motivation and learning outcomes (Holmes & Tuomi, 2022). For instance, a reading program 

might use AI to present texts at an optimal difficulty and ask comprehension questions tailored to the learner's 

background. While empirical evidence is still emerging, initial studies suggest improvements in engagement and 

achievement when personalisation is well-designed. However, realising this benefit requires addressing privacy and 

fairness: personalised systems rely on collecting detailed student data, so concerns about data protection and 

algorithmic bias arise (UNESCO, 2023). This is why UNESCO's (2023) guidance explicitly calls for regulations (e.g., 

data privacy protection and ethical design) as AI tools roll out. 

Learning analytics is another key trend. As Siemens and Baker (2012) describe, learning analytics involves 

collecting and analysing detailed educational data to inform decision-making. For example, a university might analyse 

clickstream and quiz data to identify students at risk of failure. Learning analytics provide educators with valuable 

insights into student engagement, participation, and academic performance and suggest where to intervene. Predictive 

models can forecast outcomes (with caveats on bias, see below), and dashboards can help teachers see which concepts 

students struggle with. Importantly, analytics works best when integrated into teaching: data should guide teachers in 

planning and feedback, not replace the teacher's judgment. 

The latest frontier is generative AI (large language models and related tools). Unlike previous AI applications that 

primarily analysed or curated existing content, generative systems create new content, writing text, drafting code, 

generating images, etc. Kasneci et al. (2023) note that LLMs can function as conversational tutors, content generators, 

and feedback agents simultaneously. For example, ChatGPT-style bots can explain concepts in multiple ways on 

demand or simulate a historical figure for role-play. These capabilities open up learning experiences that were 

unimaginable a few years ago: learners can instantly generate practice problems, get custom explanations, or co-write 

essays. Kasneci et al. (2023) argue that LLMs can improve student engagement and personalise learning experiences 

by providing on-the-fly, individualised content. They also give examples of usage at different levels: younger learners 

might use an AI partner to practice spelling or summarising stories; advanced students might use AI to brainstorm 

project ideas or troubleshoot code. In group work, AI can serve as a responsive participant, challenging group 

assumptions or offering additional perspectives. 

However, generative AI also introduces significant concerns. UNESCO (2023) and other authorities stress that 

without careful governance, LLMs can propagate bias, spread misinformation, or undermine academic integrity. For 

instance, if unchecked, students might submit AI-written essays as their own, or AI-generated content might reinforce 

stereotypes. Kasneci et al. (2023) emphasise that learners and teachers must develop new literacies: understanding 

how AI works, critically assessing its outputs, and fact-checking results. In practice, this means teaching students to 

treat AI as an assistant whose suggestions must be examined, not an oracle. Educational institutions must also ensure 

transparency: students should be aware when AI is used, and systems should explain their reasoning when possible. 

Studies have begun to note the limits of AI as well. Cotton et al. (2024) warn that passive reliance on ChatGPT can 

lead to cognitive dependence, in which students no longer engage deeply in problem-solving (Suriano et al., 2025). In 

other words, if an AI does the heavy lifting of reasoning, learners may not practice critical thinking. Therefore, 

educators are urged to integrate AI in ways that augment rather than replace cognition. Effective uses might involve 

students using AI to generate ideas, then critically editing them, or to compare multiple AI-generated answers to 

identify errors. In this view, AI is treated as an augmentative tool: it can speed up certain tasks or open creative 

possibilities, but the teacher and the learner remain central. As one analysis puts it, educator expertise is critically 

important; we need a teacher in the loop to steer AI tools toward student-centred learning goals (Suriano et al., 2025). 
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In summary, AI-enhanced learning encompasses adaptive tutors, analytics, and now generative systems. These 

technologies can offer substantial benefits for personalisation and engagement, but their success depends on 

pedagogical integration and ethical safeguards. AI should be seen as a powerful infrastructure for learning, automating 

routine tasks, providing feedback, and expanding access, but its use must be guided by human educators and aligned 

with learning objectives. 

Deep Learning Approaches in Education 

We define deep learning here not as neural networks, but as meaningful learning approaches in which students 

deeply grasp concepts and transfer knowledge across contexts. A deep learning outcome involves understanding 

principles, connecting ideas, and reflecting on one's thinking. This contrasts with surface learning (rote memorisation). 

Developing deep learning in today's world means cultivating a range of higher-order skills and habits of mind that 

enable adaptive expertise. 

Critical thinking is a cornerstone of deep learning. Facione (2011) provides a widely cited definition: critical 

thinking involves disciplined reasoning processes such as analysis, evaluation, interpretation, inference, explanation, 

and self-regulation. In practice, it means questioning assumptions, examining evidence, and making reasoned 

judgments. For example, when an AI tutor presents an explanation, a critical thinker will evaluate its logic and check 

its accuracy. Studies show that fostering critical thinking requires active pedagogy (debates, problem-solving, 

inquiry), the very approaches we advocate, and this remains true whether the information source is a textbook or an 

AI chatbot (Brazão & Tinoca, 2025; Loyens et al., 2023). 

Self-regulated learning (SRL) is another key aspect. SRL refers to learners' ability to plan, monitor, and reflect on 

their own learning. Zimmerman's (2002) model of self-regulated learning anchors the metacognitive pillar of learning. 

It involves processes such as goal-setting (forethought), tracking one's progress (performance monitoring), and 

adjusting strategies (self-reflection). In an AI-rich classroom, SRL can be supported by feedback loops. For instance, 

an AI dashboard might show a learner how many problems they attempted or which topics they struggled with, 

externalising what self-regulated learners typically do internally. However, the goal is for the learner to internalise 

these processes over time. In sum, deep learning requires developing metacognitive skills, knowing how to learn, not 

just what to learn (Matcha et al., 2020). 

Creativity and problem-solving are also central to deep learning outcomes. Runco and Jaeger (2012) note that 

creativity involves generating ideas that are both novel and useful—in other words, originality plus appropriateness. 

In education, this means encouraging students to go beyond standard answers: to explore multiple approaches, 

experiment, and construct new solutions. AI can assist by providing examples or brainstorming prompts, but the 

learner's creative synthesis remains crucial. We must be cautious that reliance on AI for ideation does not stifle 

students' own originality; studies suggest that having AI as a partner may increase productivity, but educators should 

scaffold to ensure learners are not just copying AI outputs. Truly creative tasks – design projects, open-ended 

challenges, artistic expression – should remain core, with AI serving as a catalyst rather than a crutch. 

Finally, ethical reasoning and digital citizenship are imperative. As we integrate AI into learning, students must 

grapple with questions of fairness, bias, privacy, and responsibility. UNESCO's framework explicitly calls for AI use 

that is ethical, safe, equitable, and meaningful (UNESCO, 2023). This means teaching students about the societal 

implications of technology. For example, learners should recognise that an AI's output may reflect hidden biases or 

understand what data privacy entails. Ethical reasoning also extends to academic integrity: students must learn when 

it is appropriate to use AI assistance and how to give credit for it. Incorporating discussions of AI ethics into the 

curriculum is part of deep learning in the digital age. 

These competencies—critical thinking, self-regulation, creativity, and ethics, are collectively forming the 

foundation of deep learning in a complex world. They enable learners to go beyond rote facts, adapt to novel problems, 

and act responsibly. An education system that masters this triad of pedagogy, technology, and deep learning will 

produce graduates who can think deeply and act wisely in an uncertain future. 

A Human-Centred Conceptual Framework 
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Drawing these threads together, we propose a three-layered framework for future education as shown in Figure 1.  

 

Figure. 1. A Human-Centred Conceptual Framework Integrating Innovative Pedagogies, AI-Enhanced Learning, and Deep Learning Approaches 

for Future Education. 

Note. The conceptual content and relationships in Figure 1 were developed by the authors. The figure is a conceptual illustration and does not 

contain AI-generated data or empirical results. 

At the core is Pedagogical Design, informed by constructivist and socio-cultural principles. This layer includes 

curriculum goals, teaching methods, and classroom practices. It emphasises active learning, collaboration, and 

scaffolding, as well as the innovative pedagogies discussed above. Pedagogy defines what we want students to learn 

and how, providing the foundation for all else. 

The middle layer is AI-Enhanced Learning Infrastructure, but its use is governed by a pedagogy-first 

implementation cycle. First, educators specify the intended knowledge, deep-learning competency, assessment 

evidence, and a viable non-AI learning route. Second, they select the minimum AI function needed, such as feedback, 

translation, practice generation, simulation, or pattern detection rather than adopting a platform wholesale. Third, the 

tool is piloted with a small group and compared with the non-AI baseline for learning, equity, accessibility, teacher 

workload, and unintended effects. Fourth, teachers review consequential outputs and learners must verify claims, 

disclose assistance, and explain their own reasoning. Fifth, scaffolds are progressively reduced so that students 

demonstrate independent performance. In low-resource or standardised settings, the same cycle can use shared 

devices, teacher-mediated demonstrations, downloadable or offline materials, low-bandwidth interfaces, and 

scheduled access; every AI-supported task must have an equivalent non-AI pathway. AI is expanded only when it 

adds educational value beyond the baseline (Kim et al., 2022; UNESCO, 2024). 

The outer layer is deep learning outcomes, representing the skills and dispositions we aim to cultivate (critical 

thinking, creativity, collaboration, ethical reasoning, etc.). This is the system's ultimate goal. All pedagogy and AI 

support should align to develop these outcomes. For instance, if critical thinking is an outcome, then tasks and tools 

should be chosen to challenge reasoning (e.g., debate using AI-generated sources), and assessments should measure 

analytical ability. The AI infrastructure can aid by providing feedback or resources, but the success criterion is whether 

the learner has achieved a deeper understanding (Thornhill-Miller et al., 2023; Weng et al., 2024). 
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The framework is human-centred because authority remains distributed among educators, learners, and accountable 

institutions rather than delegated to an opaque system. No mechanism can guarantee that AI will be neutral; instead, 

the framework makes technological influence visible, bounded, testable, and contestable. Required controls include 

purpose limitation and data minimisation; documentation of the tool, model limits, and known risks; bias and 

performance testing across language, disability, gender, socioeconomic, and other locally relevant groups; teacher 

approval for high-stakes recommendations; learner access to explanations and correction routes; human override; 

procurement review; incident reporting; and periodic re-evaluation. Institutions should reject or suspend tools that 

cannot provide adequate privacy, transparency, accessibility, or subgroup evidence. These safeguards reduce the risk 

that personalisation quietly becomes automated instruction or that historical patterns are reproduced as apparently 

objective recommendations (UNESCO, 2023, 2024). 

Policy and Practice Implications 

In order to realise this vision, systemic changes are needed in policy, curriculum, assessment, and professional 

development. First, curriculum and standards must explicitly include AI literacy and deep learning competencies. The 

OECD (2023) recommends that both teachers and students be equipped to understand AI's capabilities and limitations. 

This requires integrating AI lessons (how it works, its biases, and appropriate uses) into the curriculum and ensuring 

that digital infrastructure is accessible to all schools. UNESCO (2023) also warns that digital transformation can widen 

inequalities if not managed effectively; thus, policy must guarantee equitable access to technology and high-quality 

digital resources. New curriculum frameworks should explicitly emphasise skills such as critical thinking, creativity, 

and ethical reasoning (e.g., through project-based or inquiry modules). Competency-based approaches that value these 

outcomes over rote memorisation are encouraged. 

Second, teacher education and professional development must be redesigned without converting AI literacy into 

an additional, unfunded responsibility. UNESCO's AI competency framework supports staged progression across a 

human-centred mindset, ethics, AI foundations and applications, AI pedagogy, and professional learning (UNESCO, 

2024). Institutions can protect well-being through six measures: (1) conduct training during paid working hours and 

provide workload credits or release time; (2) begin with one curriculum-linked use case rather than multiple tools; (3) 

use short, modular, role-specific learning with classroom-ready templates; (4) establish coached communities of 

practice and shared resource banks so teachers do not duplicate preparation; (5) automate only low-risk administrative 

tasks and reinvest the time saved in planning, feedback, and student relationships; and (6) monitor workload, stress, 

confidence, and time saved at baseline and after implementation. Participation in pilots should be voluntary where 

possible, expectations should be phased, and redundant reporting or legacy tasks should be removed before new 

requirements are added. OECD guidance similarly recommends restructuring workload, involving teachers directly in 

tool design, and using AI to streamline non-core work (OECD, 2023, 2024). A programme should be paused or 

redesigned if it increases weekly workload, after-hours work, or burnout indicators without a compensating 

educational benefit. 

Third, assessment and evaluation practices must evolve. Traditional exams that test memorisation are increasingly 

untenable when AI can generate answers on demand (UNESCO, 2023). Assessment should shift towards authentic 

tasks that require higher-order thinking. For instance, rather than writing a factual report (easily compiled by AI), 

students might analyse conflicting AI-generated sources to evaluate credibility. UNESCO (2023) argues that higher-

order thinking, creativity, and ethical reasoning should be measured as AI changes what is worth assessing. Portfolio-

based assessments and project assessments, peer critiques, and performance tasks are examples of methods less 

susceptible to AI shortcutting. Such reforms may demand new rubrics and teacher training in assessment literacy. 

Importantly, any automated grading or analytic system must be transparent and validated; blind trust in an AI grader 

is discouraged. In sum, assessment policy should align with the deep learning outcomes we value, using AI as a tool 

for feedback where appropriate but not as the sole arbiter of student success. 

Evaluation should use a balanced scorecard rather than usage counts. Suggested student indicators are: gains on 

pre/post performance tasks; transfer to a novel, AI-free problem; quality of claims, evidence, counterarguments, and 

source verification; metacognitive explanations of strategy and uncertainty; originality and usefulness of solutions; 
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accuracy in identifying biased or fabricated outputs; and the proportion of a final product that the learner can defend 

independently. Process indicators include productive revisions after feedback, diversity of strategies, calibrated trust, 

appropriate disclosure, and a planned reduction in prompts or hints. Equity indicators compare access, error rates, 

participation, and learning gains across relevant learner groups. Implementation indicators include teacher time, after-

hours work, perceived workload, tool reliability, privacy breaches or bias incidents, and cost per learner. Evidence of 

success should show improvement over the non-AI baseline, maintenance on delayed or AI-free assessment, and no 

material widening of subgroup gaps. Increased log-ins, faster completion, or polished output alone do not constitute 

deep learning. 

Fourth, robust governance and ethical guidelines are required. Policymakers must ensure AI in education is fair, 

transparent, and accountable. UNESCO's global guidance calls for regulatory frameworks that protect student data 

privacy and ensure human oversight of AI systems (UNESCO, 2023). Schools and ministries should enforce data 

protection standards (e.g., GDPR-like rules) and age-appropriate usage policies. They should also audit AI tools for 

bias: for example, if a predictive algorithm is used to flag at-risk students, it must be checked so it does not unfairly 

target certain groups. Educational equity must be front and centre: as Kasneci et al. (2023) observe, AI systems can 

introduce bias into their outputs and require ongoing human oversight to prevent misuse. In practice, this could mean 

interdisciplinary ethics committees (teachers, parents, experts) reviewing any new AI tool before adoption. 

Governance also extends to digital infrastructure and research. Governments and institutions should invest in high-

quality, open-source AI educational resources and share best practices. Collaboration with industry is important, but 

must be guided by educational goals, not commercial interests. For instance, if a private company offers an AI tutoring 

app, educators should be involved in its design and evaluation to ensure it aligns with curriculum standards. Some 

countries have already launched national AI-in-education initiatives (OECD, 2023) involving stakeholders in co-

designing policies. Such efforts reflect the principle that technology policy in education must involve teachers, 

students, and communities, ensuring the system serves learners' needs. 

In summary, transforming education for the AI era requires coordinated action: updating curricula for AI literacy 

and deep-learning competencies; preparing and supporting teachers without increasing burnout; redesigning 

assessment around higher-order and transferable learning; and establishing transparent, equitable, and accountable 

governance. Technological innovation should proceed only when it produces educational value beyond a viable non-

AI baseline and does not impose disproportionate costs on learners or educators. 

CONCLUSION 

The convergence of innovative pedagogy, artificial intelligence, and deep learning represents a fundamental 

transformation in education. AI offers unprecedented opportunities for personalisation, efficiency, and engagement, 

but it is not a panacea. As we have argued, pedagogy must remain the driving force. The design of learning experiences 

should be grounded in sound educational theory and human values, with technology serving those ends. Deep learning 

outcomes, including critical thinking, creativity, collaboration, and ethical judgment, must remain the ultimate goals. 

This paper has outlined a human-centred framework that links active, inquiry-driven, collaborative, and 

interdisciplinary pedagogies with bounded AI functions and observable deep-learning outcomes. The framework 

should be tested through pilots using pre/post and delayed performance tasks, comparison with a non-AI baseline, 

transfer tasks completed without AI, reasoning and creativity rubrics, source-verification accuracy, metacognitive 

reflections, and measures of calibrated reliance. Institutions should also track subgroup learning gaps, accessibility, 

teacher workload, time saved, and privacy or bias incidents. A credible result is not simply higher engagement or a 

more polished product; it is improved reasoning, transfer, originality, ethical judgment, and independent performance 

without disproportionate cost to equity or educator well-being. 

Future empirical studies should examine the framework across educational levels, disciplines, and resource 

contexts using mixed methods and longitudinal designs. Researchers should test whether scaffolds can be gradually 

faded without loss of performance, whether students can explain and defend work produced with AI assistance, and 

whether gains persist when AI is unavailable. Evidence of surface reliance would include weaker AI-free performance, 

uncritical acceptance of outputs, low source-verification accuracy, homogeneous solutions, or inability to reconstruct 
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reasoning. Evidence of deep learning would include independently generated questions, justified decisions, transfer 

to unfamiliar contexts, reflective revision, creative divergence, and responsible disclosure. These benchmarks make 

the framework falsifiable and keep human development, rather than technology adoption as the criterion of success. 

Declarations 

Author Contributions: [First Author]: Conceptualization, Formal Analysis, Writing – Original Draft, Writing – 

Review & Editing. [Second Author]: Conceptualization, Validation, Writing – Review & Editing. [Third Author]: 

Literature Review, Visualization, Writing – Review & Editing. [Fourth Author]: Literature Review, Writing – Review 

& Editing. (Mandatory — use the CRediT taxonomy; to be completed by the authors.) 

Funding: [Sponsor and grant number, or a statement that no specific grant was received.] (Mandatory.) 

Acknowledgments: [Optional — delete if not applicable.] 

Conflicts of Interest: [Declare any competing interests, or state that none exist.] (Mandatory.) 

Data Availability: Data sharing is not applicable to this article because no new data were created or analyzed in 

this study. (Mandatory.) 

Informed Consent: Not applicable. This conceptual paper did not involve human participants. (Mandatory.) 

Institutional Review Board Statement: Not applicable. This conceptual paper did not involve research involving 

human participants or animals. 

REFERENCES 

Anwar, M., & Sodik, H. (2025). Kerangka konseptual pembelajaran mendalam (deep learning) dan implementasinya 

dalam pendidikan di Indonesia. Tafhim Al-'Ilmi, 17(01), 69–95. https://doi.org/10.37459/tafhim.v17i01.340 

Bell, S. (2010). Project-based learning for the 21st century: Skills for the future. The Clearing House: A Journal of 

Educational Strategies, Issues and Ideas, 83(2), 39–43. https://doi.org/10.1080/00098650903505415 

Biggs, J., & Tang, C. (2011). Train-the-trainers: Implementing outcomes-based teaching and learning in Malaysian 

higher education. Malaysian Journal of Learning and Instruction, 8, 1–19. 

https://doi.org/10.32890/mjli.8.2011.7624 

Bjork, E. L., & Bjork, R. A. (2011). Making things hard on yourself, but in a good way: Creating desirable difficulties 

to enhance learning. In M. A. Gernsbacher, R. W. Pew, L. M. Hough, & J. R. Pomerantz (Eds.), Psychology 

and the real world: Essays illustrating fundamental contributions to society (pp. 56–64). Worth Publishers. 

Brazão, P., & Tinoca, L. (2025). Artificial intelligence and critical thinking: A case study with educational chatbots. 

Frontiers in Education, 10, Article 1630493. https://doi.org/10.3389/feduc.2025.1630493 

Cotton, D. R. E., Cotton, P. A., & Shipway, J. R. (2024). Chatting and cheating: Ensuring academic integrity in the 

era of ChatGPT. Innovations in Education and Teaching International, 61(2), 228–239. 

https://doi.org/10.1080/14703297.2023.2190148 

Downes, S. (2012). Connectivism and connective knowledge: Essays on meaning and learning networks. National 

Research Council Canada. 

Facione, P. A. (2011). Critical thinking: What it is and why it counts. Insight Assessment. 

Fiorella, L., & Mayer, R. E. (2015). Learning as a generative activity. Cambridge University Press. 

Fisher, D., Frey, N., & Hattie, J. (2017). Teaching literacy in the visible learning classroom, grades K–5. Corwin. 

Goodwin, J. R. (2024). What's the difference? A comparison of student-centred teaching methods. Education Sciences, 

14(7), Article 736. https://doi.org/10.3390/educsci14070736 

Hmelo-Silver, C. E., Duncan, R. G., & Chinn, C. A. (2007). Scaffolding and achievement in problem-based and 

inquiry learning: A response to Kirschner, Sweller, and Clark. Educational Psychologist, 42(2), 99–107. 

https://doi.org/10.1080/00461520701263368 

Holmes, W., Bialik, M., & Fadel, C. (2019). Artificial intelligence in education: Promises and implications for 

teaching and learning. Center for Curriculum Redesign. 

Holmes, W., & Tuomi, I. (2022). State of the art and practice in AI in education. European Journal of Education, 

57(4), 542–570. https://doi.org/10.1111/ejed.12533 



Moneyam, Kussin, Dalian, & Haslah 

Consortium of Asia-Pacific Education Universities (CAPEU) Journal of Education, 2(1), 1-12 

11 

 

Johnson, D. W., & Johnson, R. T. (2009). An educational psychology success story: Social interdependence theory 

and cooperative learning. Educational Researcher, 38(5), 365–379. 

https://doi.org/10.3102/0013189X09339057 

Kasneci, E., Seßler, K., Küchemann, S., Bannert, M., Dementieva, D., Fischer, F., & Kasneci, G. (2023). ChatGPT 

for good? On opportunities and challenges of large language models for education. Learning and Individual 

Differences, 103, Article 102274. https://doi.org/10.1016/j.lindif.2023.102274 

Kim, J., Lee, H., & Cho, Y. H. (2022). Learning design to support student–AI collaboration: Perspectives of leading 

teachers for AI in education. Education and Information Technologies, 27(5), 6069–6104. 

https://doi.org/10.1007/s10639-021-10831-6 

Loyens, S. M. M., Van Meerten, J. E., Schaap, L., & Wijnia, L. (2023). Situating higher-order, critical, and critical-

analytic thinking in problem and project-based learning environments: A systematic review. Educational 

Psychology Review, 35, Article 39. https://doi.org/10.1007/s10648-023-09757-x 

Luckin, R., & Holmes, W. (2016). Intelligence unleashed: An argument for AI in education. Pearson. 

Mansilla, V. B., & Duraisingh, E. D. (2007). Targeted assessment of students' interdisciplinary work: An empirically 

grounded framework proposed. The Journal of Higher Education, 78(2), 215–237. 

https://doi.org/10.1080/00221546.2007.11780874 

Matcha, W., Uzir, N. A. A., Gašević, D., & Pardo, A. (2020). A systematic review of empirical studies on learning 

analytics dashboards: A self-regulated learning perspective. IEEE Transactions on Learning Technologies, 

13(2), 226–245. https://doi.org/10.1109/TLT.2019.2916802 

Mezirow, J. (Ed.). (2000). Learning as transformation: Critical perspectives on a theory in progress. Jossey-Bass. 

OECD. (2023). OECD digital education outlook 2023: Towards an effective digital education ecosystem. OECD 

Publishing. https://doi.org/10.1787/c74f03de-en 

OECD. (2024). Education policy outlook 2024: Reshaping teaching into a thriving profession from ABCs to AI. OECD 

Publishing. https://doi.org/10.1787/dd5140e4-en 

Piaget, J. (1968). Six psychological studies (A. Tenzer, Trans.). Vintage Books. 

Qian, Y. (2025). Pedagogical applications of generative AI in higher education: A systematic review of the field. 

TechTrends, 69, 1105–1120. https://doi.org/10.1007/s11528-025-01100-1 

Runco, M. A., & Jaeger, G. J. (2012). The standard definition of creativity. Creativity Research Journal, 24(1), 92–

96. https://doi.org/10.1080/10400419.2012.650092 

Schijf, J. E., van der Werf, G. P. C., & Jansen, E. P. W. A. (2023). Measuring interdisciplinary understanding in higher 

education. European Journal of Higher Education, 13(4), 429–447. 

https://doi.org/10.1080/21568235.2022.2058045 

Siemens, G. (2005). Connectivism: A learning theory for the digital age. International Journal of Instructional 

Technology and Distance Learning, 2(1), 3–10. https://www.itdl.org/Journal/Jan_05/article01.htm 

Siemens, G., & Baker, R. S. J. d. (2012). Learning analytics and educational data mining: Towards communication 

and collaboration. In Proceedings of the 2nd International Conference on Learning Analytics and Knowledge 

(pp. 252–254). Association for Computing Machinery. https://doi.org/10.1145/2330601.2330661 

Suriano, R., Plebe, A., Acciai, A., & Fabio, R. A. (2025). Student interaction with ChatGPT can promote complex 

critical thinking skills. Learning and Instruction, 95, Article 102011. 

https://doi.org/10.1016/j.learninstruc.2024.102011 

Thornhill-Miller, B., Camarda, A., Mercier, M., Burkhardt, J.-M., Morisseau, T., Bourgeois-Bougrine, S., Vinchon, 

F., El Hayek, S., Augereau-Landais, M., Mourey, F., Feybesse, C., Sundquist, D., & Lubart, T. (2023). 

Creativity, critical thinking, communication, and collaboration: Assessment, certification, and promotion of 

21st-century skills for the future of work and education. Journal of Intelligence, 11(3), Article 54. 

https://doi.org/10.3390/jintelligence11030054 

UNESCO. (2023). Guidance for generative AI in education and research. 

https://unesdoc.unesco.org/ark:/48223/pf0000386693 

UNESCO. (2024). AI competency framework for teachers. https://unesdoc.unesco.org/ark:/48223/pf0000391104 

Vygotsky, L. S. (1978). Mind in society: The development of higher psychological processes (M. Cole, V. John-

Steiner, S. Scribner, & E. Souberman, Eds.). Harvard University Press. 



Moneyam, Kussin, Dalian, & Haslah 

Consortium of Asia-Pacific Education Universities (CAPEU) Journal of Education, 2(1), 1-12 

12 

 

Weng, X., Ye, H., Dai, Y., & Ng, O.-L. (2024). Integrating artificial intelligence and computational thinking in 

educational contexts: A systematic review of instructional design and student learning outcomes. Journal of 

Educational Computing Research, 62(6), 1420–1450. https://doi.org/10.1177/07356331241248686 

Wood, D., Bruner, J. S., & Ross, G. (1976). The role of tutoring in problem solving. Journal of Child Psychology and 

Psychiatry, 17(2), 89–100. https://doi.org/10.1111/j.1469-7610.1976.tb00381.x 

Zawacki-Richter, O., Marín, V. I., Bond, M., & Gouverneur, F. (2019). Systematic review of research on artificial 

intelligence applications in higher education – where are the educators? International Journal of Educational 

Technology in Higher Education, 16, Article 39. https://doi.org/10.1186/s41239-019-0171-0 

Zhai, C., Wibowo, S., & Li, L. D. (2024). The effects of over-reliance on AI dialogue systems on students' cognitive 

abilities: A systematic review. Smart Learning Environments, 11, Article 28. https://doi.org/10.1186/s40561-

024-00316-7 

Zimmerman, B. J. (2002). Becoming a self-regulated learner: An overview. Theory Into Practice, 41(2), 64–70. 

https://doi.org/10.1207/s15430421tip4102_2 

 


