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ABSTRACT | Background: The rapid integration of artificial intelligence (AI) into 
educational systems worldwide presents significant opportunities for personalised 
learning, inclusive pedagogy, and data-informed instructional practice, yet AI systems 
designed without an understanding of how learners acquire knowledge, sustain 
motivation, regulate emotions, and respond to diverse social and cultural contexts 
may unintentionally reinforce existing educational inequalities. Objective: This paper 
proposes a conceptual framework that positions educational psychology as the primary 
foundation, rather than a secondary consideration, for the design and evaluation of 
AI-supported educational systems. Methods: The framework was developed through 
a systematic narrative synthesis of peer-reviewed literature, international policy 
documents, and recent empirical evidence, drawing on searches of PsycINFO, ERIC, 
Scopus, and Web of Science (2011–2025), supplemented by forward and backward citation 
tracking and review of international policy reports. The search yielded approximately 
620 potentially relevant sources, of which approximately 65 were incorporated 
following title/abstract screening and full-text review against explicit inclusion criteria. 
Results: The resulting framework comprises three interconnected components — a 
psychologically informed understanding of learner diversity, AI-enabled inclusive and 
innovative pedagogical practices, and reflective teaching within intelligent learning 
environments — mapped, through a reference table, against specific AI applications, 
illustrative empirical evidence, and inclusion implications. A comparative analysis 
across East Asia, Europe, Sub-Saharan Africa, and South Asia further identifies region-
specific challenges, policy contexts, and persistent gaps in cross-cultural validation, 
particularly regarding generative AI and adaptive learning tools. Conclusion: The 
framework offers AI designers, teacher educators, and policymakers a psychologically 
grounded, empirically mapped, and internationally contextualised basis for developing 
AI-supported educational systems that advance equity, learner engagement, and 
meaningful educational transformation, provided that access, teacher readiness, 
cultural validity, and ethical safeguards are adequately addressed.
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RESUMO | Contexto: A rápida integração da inteligência artificial (IA) aos sistemas educacionais em todo o mundo 
apresenta oportunidades significativas para a aprendizagem personalizada, a pedagogia inclusiva e as práticas instrucionais 
orientadas por dados. No entanto, sistemas de IA desenvolvidos sem uma compreensão de como os estudantes adquirem 
conhecimento, mantêm a motivação, regulam as emoções e respondem a diferentes contextos sociais e culturais podem, 
inadvertidamente, reforçar desigualdades educacionais já existentes. Objetivo: Este artigo propõe um referencial 
conceitual que posiciona a psicologia educacional como fundamento principal, e não como consideração secundária, para o 
desenvolvimento e a avaliação de sistemas educacionais apoiados por IA. Métodos: O referencial foi desenvolvido por meio 
de uma síntese narrativa sistemática da literatura revisada por pares, de documentos internacionais de políticas públicas 
e de evidências empíricas recentes, com base em buscas realizadas nas bases PsycINFO, ERIC, Scopus e Web of Science, 
abrangendo o período de 2011 a 2025. O processo foi complementado pelo rastreamento retrospectivo e prospectivo de 
citações e pela análise de relatórios internacionais de políticas públicas. A busca identificou aproximadamente 620 fontes 
potencialmente relevantes, das quais cerca de 65 foram incorporadas após a triagem de títulos e resumos e a leitura dos 
textos completos, conforme critérios explícitos de inclusão. Resultados: O referencial resultante é composto por três 
componentes interconectados: uma compreensão da diversidade dos estudantes fundamentada psicologicamente; práticas 
pedagógicas inclusivas e inovadoras viabilizadas por IA; e ensino reflexivo em ambientes inteligentes de aprendizagem. Esses 
componentes são relacionados, por meio de uma tabela de referência, a aplicações específicas de IA, evidências empíricas 
ilustrativas e implicações para a inclusão. Uma análise comparativa entre o Leste Asiático, a Europa, a África Subsaariana 
e o Sul da Ásia também identifica desafios específicos de cada região, diferentes contextos de políticas públicas e lacunas 
persistentes de validação intercultural, particularmente no que se refere à IA generativa e às ferramentas de aprendizagem 
adaptativa. Conclusão: O referencial oferece a desenvolvedores de IA, formadores de professores e formuladores de políticas 
públicas uma base fundamentada psicologicamente, empiricamente mapeada e contextualizada internacionalmente para 
o desenvolvimento de sistemas educacionais apoiados por IA que promovam equidade, engajamento dos estudantes e 
uma transformação educacional significativa, desde que sejam adequadamente considerados o acesso, a preparação dos 
professores, a validade cultural e as salvaguardas éticas.
Palavras-chave | Inteligência Artificial na Educação; Psicologia Educacional; Aprendizagem Adaptativa; Pedagogia Inclusiva; 
Analítica da Aprendizagem; Ética da Inteligência Artificial; Inteligência Artificial Generativa

1. INTRODUCTION

Education in the twenty-first century is experiencing substantial transformation due to two 
major developments: increasing diversity within learner populations and the rapid emergence of 
artificial intelligence (AI) as an influential force in the creation, dissemination, and assessment of 
knowledge. These developments are not separate processes; rather, they are closely interconnected 
and require a coherent and well-grounded response from researchers, educators, and policymakers.

Despite growing interest in the use of AI within educational contexts, an important gap remains 
between technological advancement and pedagogically meaningful implementation. AI systems 
designed without consideration of established theories of learning, motivation, and individual 
differences may focus primarily on performance outcomes while overlooking broader developmental, 
emotional, and educational needs of learners. Supporting this concern, a meta-analysis by García- 
Martínez et al. (2023), which reviewed 25 studies on adaptive learning technologies, reported that 
although these technologies consistently improved learner engagement and performance, their 
effectiveness was strongly influenced by the extent to which system design reflected established 
learning theories. This highlights the importance of integrating educational psychology into the 
development and implementation of AI technologies in education.
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To address this gap, the present paper proposes a conceptual framework that integrates 
educational psychology with AI-driven educational innovation and positions psychological theory 
as both the foundation and the evaluative basis for intelligent educational technologies. The 
proposed framework consists of three interconnected components: a psychologically informed 
understanding of learner diversity, AI-enabled inclusive and innovative pedagogical practices, and 
reflective teaching within AI-enhanced intelligent learning environments.

The framework is positioned in relation to existing approaches within AI in education. Models 
such as TPACK (Mishra & Koehler, 2006), the AI in Education ethics framework proposed by Holmes 
et al. (2019), Universal Design for Learning (UDL) (Meyer et al., 2014), and human-centred AI design 
principles address important aspects of educational technology integration. However, these 
frameworks largely focus on specific dimensions such as teacher knowledge, learner accessibility, 
or ethical governance. The framework proposed in this paper differs by placing psychological 
theory across constructivist, cognitive, motivational, and socio-emotional dimensions at the centre 
of AI design and evaluation. Rather than viewing psychology as an additional consideration within 
technological systems, it is treated as the primary foundation guiding educational AI development and 
implementation. This perspective is particularly important given that much of the existing research 
on adaptive learning technologies has been concentrated in the United States, China, and Europe, 
with limited evidence regarding cross-cultural psychological validity (Strielkowski et al., 2024).

The remainder of this paper is organised as follows. Section 2 outlines the methodological 
approach. Section 3 discusses the scope of convergence between educational psychology and AI in 
education. Section 4 presents the theoretical foundations of the framework, and Section 5 introduces 
the conceptual framework itself. Sections 6 to 9 elaborate on the evidence mapping and the three 
framework components in turn. Section 10 presents an international comparative analysis, followed 
by ethical and equity considerations in Section 11. Section 12 discusses implications, limitations, and 
future research directions, while Section 13 concludes the paper.

2. METHODOLOGICAL APPROACH: NARRATIVE SYNTHESIS

This paper presents a conceptual framework developed through a systematic narrative synthesis 
of the existing literature. A narrative synthesis approach was considered appropriate because 
the primary objective was to integrate theoretical perspectives across multiple fields, including 
educational psychology, artificial intelligence in education, inclusive education, and international 
policy contexts, which differ considerably in their conceptual orientations and research traditions 
(Popay et al., 2006). Unlike formal systematic reviews that emphasise quantitative synthesis, this 
approach enables broader theoretical interpretation and conceptual integration.

Relevant literature was identified through searches conducted across four major databases: 
PsycINFO, ERIC, Scopus, and Web of Science. Search strategies involved combinations of key terms 
such as artificial intelligence and education, adaptive learning and psychology, intelligent tutoring 
systems, learning analytics and equity, inclusive education and AI, and generative AI and learning. 
To ensure greater comprehensiveness, forward and backward citation tracking of influential 
studies was also undertaken. In addition, policy documents and reports published by international 
organisations including UNESCO, OECD, and the European Union were reviewed.
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The inclusion criteria comprised peer-reviewed empirical studies and theoretical papers 
published in English between 2011 and 2025, together with policy documents and authoritative 
reports from recognised international organisations. Studies were included if they addressed 
artificial intelligence in education, educational psychology, inclusive education, or the intersections 
among these areas. Selected non-peer-reviewed sources, including industry reports such as Ellucian 
(2024), were used cautiously where relevant and are clearly identified within the manuscript. To 
provide transparency in the selection process, the database searches and citation tracking together 
yielded approximately 620 potentially relevant sources. Following title and abstract screening 
against the inclusion criteria, approximately 180 sources were identified as relevant for closer 
examination. After full-text review and exclusion of sources that did not address the conceptual 
intersections targeted by this framework, approximately 65 sources were incorporated into the 
synthesis, including empirical studies, theoretical papers, and policy documents. The remaining 
sources were excluded primarily because they focused on technology implementation without 
addressing psychological or equity dimensions, or because they reported findings specific to highly 
contextualised interventions without broader theoretical relevance.

The selected literature was examined through thematic coding focused on psychological 
constructs, AI applications, equity concerns, and international educational contexts. Emerging 
and recurring themes were reviewed iteratively to identify relationships, patterns of convergence, 
areas of disagreement, and existing research gaps. These themes informed the development of 
the proposed three-component framework and the evidence mapping presented in Section 5. The 
conceptual scope and limitations of the framework are discussed later in Section 10.

3. EDUCATIONAL PSYCHOLOGY AND AI IN EDUCATION: SCOPE AND 
CONVERGENCE

Educational psychology is a core discipline that focuses on understanding learning processes, 
human development, motivation, individual differences, assessment, and socio-emotional wellbeing 
within educational settings. Over time, theoretical perspectives such as cognitive load theory, self-
determination theory, the zone of proximal development, and socio-emotional learning frameworks 
have played a central role in shaping instructional practices and pedagogical decision-making. In 
contemporary educational environments, these theoretical foundations are increasingly influencing 
the design, evaluation, and ethical use of AI-based educational technologies.

The relationship between educational psychology and AI in education operates across several 
interconnected dimensions. At the design level, psychological theories of learning contribute to 
the development of adaptive systems that align AI recommendations with the ways learners 
process, understand, and retain information. At the implementation level, psychological principles 
support educators in interpreting AI-generated information and applying it in ways that strengthen 
instructional practice. At the policy level, psychological perspectives offer a framework for 
evaluating whether AI technologies promote educational equity and inclusion or unintentionally 
reinforce existing disparities (Holmes et al., 2019; Luckin et al., 2016).

From a broader international perspective, this relationship becomes particularly significant 
because educational systems differ considerably in terms of cultural values, available resources, 
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and policy priorities. AI technologies developed in highly advanced technological contexts may 
reflect assumptions about learner behaviour, motivation, and communication patterns that do not 
necessarily apply across diverse cultural settings. Strielkowski et al. (2024), in their bibliometric 
analysis of 3,518 publications, observed a rapid expansion of research in this field, particularly after 
2022. This growth highlights the increasing need for stronger theoretical grounding to ensure that 
AI implementation in education remains effective, equitable, and responsive to diverse learning 
contexts across the world.

4. THEORETICAL FOUNDATIONS: PSYCHOLOGICAL PERSPECTIVES INFORMING 
AI-DRIVEN EDUCATION

The proposed framework draws on four major psychological perspectives that carry direct 
implications for the design and deployment of AI in education.

4.1 Constructivist Perspective

Constructivist theory, rooted in the contributions of Piaget (1952) and Vygotsky (1978), holds 
that learners actively construct knowledge through interaction with their environment, prior 
knowledge, and social contexts. For AI in education, constructivism implies that intelligent systems 
should scaffold active knowledge construction rather than merely deliver content. Vygotsky’s zone 
of proximal development (ZPD) is especially relevant: adaptive AI systems can dynamically calibrate 
task difficulty to maintain learners in the productive challenge zone. Empirical studies confirm 
that ITS designed around ZPD principles produce stronger learning gains than those optimising for 
speed or completion rates alone (VanLehn, 2011). A critical limitation, however, is that most current 
adaptive systems use statistical mastery estimates that approximate but do not fully operationalise 
the socially negotiated, culturally embedded nature of ZPD as Vygotsky conceived it.

4.2 Cognitive Perspective

Cognitive Load Theory (Sweller, 1988) offers important guidance for designing AI-generated 
instructional content, feedback, and assessment in ways that support learning without placing 
excessive demands on working memory. However, the growing use of generative AI tools introduces 
an important challenge. When such tools are used without appropriate instructional scaffolding, they 
may reduce the level of cognitive effort required from learners and potentially limit opportunities 
for deeper learning. Stadler et al. (2024) reported that assistance provided by large language models 
(LLMs) reduced students’ mental effort but also weakened the depth of scientific inquiry. Similarly, 
Deng et al. (2024), in their meta-analysis of ChatGPT-related studies, reported comparable findings 
regarding the relationship between AI-supported learning and cognitive engagement.

These findings highlight an important design concern. The accessibility and fluency associated 
with AI-generated content, while beneficial in many situations, may unintentionally reduce the 
productive cognitive struggle that contributes to meaningful understanding and long-term learning. 
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One possible response to this challenge is the use of AI-supported metacognitive scaffolds that 
encourage learners to plan, monitor, and evaluate their own learning processes instead of relying 
uncritically on AI-generated responses (Zimmerman, 2000).

At the same time, reduced cognitive effort should not automatically be interpreted as a 
negative outcome. In certain educational contexts, lowering unnecessary cognitive demands 
may improve accessibility and provide valuable support for learners with different levels of prior 
knowledge, learning difficulties, or diverse educational needs. Therefore, the central concern may 
not be whether AI reduces cognitive effort itself, but whether it decreases the type of meaningful 
cognitive engagement necessary for deeper understanding and sustained learning.

4.3 Motivational Perspective

Self-determination theory (Deci & Ryan, 2000) identifies competence, autonomy, and 
relatedness as fundamental psychological needs that influence learner engagement, motivation, 
and overall learning outcomes. Research within AI-supported learning environments suggests that 
learner autonomy and perceived control continue to play important roles in sustaining engagement 
and participation. From the perspective of self-determination theory, AI systems may enhance 
motivation when they provide meaningful choices, adaptive learning pathways, and opportunities 
for self-directed learning experiences.

Learning analytics systems that offer timely, actionable, and growth-oriented feedback are 
also consistent with the principles of formative assessment and mastery goal orientation (Dweck, 
1986). Such systems can support learners by encouraging progress, self-improvement, and active 
participation in the learning process. However, an important concern emerges when AI systems are 
designed primarily to maximise engagement, particularly through extensive use of gamification 
techniques. In some situations, reliance on external rewards may unintentionally weaken intrinsic 
motivation rather than strengthen it. Therefore, psychologically informed gamification should focus 
not simply on rewards or incentives but on fostering competence, meaningful choice, and sustained 
learner engagement.

4.4 Socio-emotional Perspective

Socio-emotional theories highlight the foundational importance of emotional regulation, 
interpersonal relationships, and psychological safety in learning. AI systems capable of detecting 
affective states through multimodal signals and responding with appropriate scaffolds represent 
a promising frontier (D’Mello & Graesser, 2012). However, the deployment of emotion-sensing AI 
raises significant ethical questions about privacy, consent, and algorithmic misidentification across 
cultures. A further concern is that affective computing models trained on WEIRD (Western, Educated, 
Industrialised, Rich, Democratic) populations may systematically misread emotional expressions 
in other cultural contexts. Educational psychology is unambiguous: the primacy of psychological 
safety, trust, and positive teacher-student relationships must remain central, with AI serving as a 
support tool rather than a surveillance mechanism (Baker & Hawn, 2022).
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5. A PSYCHOLOGICALLY GROUNDED FRAMEWORK FOR AI-DRIVEN INNOVATION 
AND INCLUSION

This paper proposes a practice-oriented conceptual framework integrating educational 
psychology with AI-driven educational innovation. The framework comprises three interrelated 
components, each operationalised through specific AI applications, pedagogical strategies, and 
empirical evidence.

Figure 1. Psychologically Grounded Framework for AI-Driven Innovation and Inclusion

Note. Bidirectional arrows indicate that relationships among the three components and the psychological foundations are reciprocal and iterative, not linear 
or hierarchical. Contextual moderators operate across all components simultaneously, and outcomes feed back iteratively into the psychological grounding 
of subsequent design and implementation cycles.
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This framework views innovation and inclusion not as separate or competing goals but as 
interconnected outcomes that can be strengthened through the integration of psychological 
knowledge with AI-enabled educational technologies. The proposed model emphasises dynamic 
interactions among teachers, learners, AI tools, and learning environments rather than presenting 
these relationships as a one-directional process. The framework therefore recognises that 
educational processes are reciprocal and continuously shaped by interactions among multiple 
actors and contextual influences. In addition, factors such as culture, infrastructure, policy 
environments, teacher readiness, and access to digital resources influence the functioning of all 
framework components. Ethical considerations, including transparency, privacy, bias auditing, and 
human oversight, are similarly treated as central elements rather than supplementary concerns.

The framework makes several important theoretical contributions. First, it proposes that 
psychological theory should function as a primary basis for the design of educational AI systems 
rather than being used only as a tool for later evaluation. Second, it recognises that the three 
components of the framework are closely interconnected, as effective AI-supported pedagogical 
practices depend both on an informed understanding of learner diversity and on teachers’ reflective 
capacities. Third, contextual factors are viewed as essential elements that shape implementation 
rather than as external conditions acting independently of the framework. Finally, the framework 
suggests that the impact of AI integration should be examined across multiple levels, including 
learner, teacher, and broader educational systems, in order to understand its implications for equity 
and educational outcomes more comprehensively. These propositions can be examined through 
future empirical research and distinguish the proposed framework from broader models such as 
TPACK and general human-centred AI approaches.

5.1 Distinct Contribution of the Proposed Framework

The proposed framework contributes to the literature in several ways. First, unlike TPACK, 
which primarily focuses on the interaction of technological, pedagogical, and content knowledge, 
the present framework positions psychological theory as the primary basis for AI design and 
evaluation. Second, while Universal Design for Learning (UDL) emphasises accessibility and learner 
support, the framework extends beyond accessibility by integrating motivational, cognitive, and 
socio-emotional dimensions. Third, unlike existing AI ethics frameworks that largely focus on 
governance and accountability, the proposed model connects psychological principles directly with 
instructional practices and learner development. Finally, the framework introduces relationships 
across learner, teacher, and system levels that may be examined empirically in future research.

6. MAPPING PSYCHOLOGICAL PRINCIPLES TO AI TOOLS: A REFERENCE 
FRAMEWORK

Table 1 synthesises the connections between established psychological principles, corresponding 
AI educational tools, illustrative empirical evidence, and implications for inclusive practice. This 
mapping serves as a practical reference for AI designers, teacher educators, and researchers 
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evaluating or developing AI-powered educational interventions. It also highlights where empirical 
evidence is strong, emerging, or outstanding, an important transparency tool for practitioners.

Table 1. Mapping Psychological Principles to AI Tools, Evidence, and Inclusion Implications

Psychological Principle AI Tool / Application Empirical Support Inclusion Implication

Zone of Proximal 
Development (Vygotsky, 
1978)

Adaptive learning 
systems (e.g., Carnegie 
Learning, DreamBox)

VanLehn (2011): ITS gains comparable to one-on-
one tutoring

Supports diverse 
cognitive levels 
in heterogeneous 
classrooms

Cognitive Load Theory 
(Sweller, 1988)

AI content scaffolding; 
worked-example 
generators

Stadler et al. (2024): LLM use reduces mental 
effort; design must compensate with germane 
load strategies

Reduces barriers for 
learners with processing 
difficulties or working 
memory constraints

Self-Regulation 
(Zimmerman, 2000)

AI metacognitive 
prompts; portfolio 
analytics dashboards

Molenaar (2022): most adaptive platforms do not 
yet adequately support SRL

Critical for learners from 
under-resourced or 
high-stress contexts

Self-Determination 
Theory (Deci & Ryan, 
2000)

Learner-controlled 
adaptive paths; AI-
facilitated gamification

Emerging evidence indicates positive associations 
between learner control and engagement in 
AI-supported learning environments. Shi et 
al. (2025) identified autonomy support as 
a consistent design factor in LLM-assisted 
learning environments associated with higher 
engagement. Deng et al. (2024) similarly noted 
that learner-directed use of ChatGPT was 
associated with stronger motivational outcomes 
than instructor-directed use. Cross-cultural 
validation remains limited.

Autonomy support 
reduces disengagement 
among marginalised 
groups

Mastery Goal Orientation 
(Dweck, 1986)

Formative AI feedback; 
learning analytics 
growth dashboards

García-Martínez et al. (2023): meta-analysis of 25 
studies confirms engagement and performance 
gains

Shifts emphasis from 
performance ranking to 
growth equity

Affective Learning 
(D’Mello & Graesser, 
2012)

Emotion-aware AI; 
affective computing 
interfaces

Emerging field; cross-cultural validity and privacy 
concerns remain significant

Addresses socio-
emotional barriers 
to participation and 
belonging

Universal Design for 
Learning (Meyer et al., 
2014)

AI-powered accessibility: 
TTS, NLP simplification, 
multimodal content

Strielkowski et al. (2024): NLP (33%) and ML 
(40%) dominate adaptive platforms

Expands access 
for learners with 
disabilities and language 
differences

Social Learning Theory 
(Bandura, 1986)

AI-facilitated 
collaborative learning; 
discourse analytics tools

Baker & Hawn (2022): algorithmic bias in AI 
collaboration tools risks reinforcing exclusion

Requires participatory 
design with diverse 
learner communities

Note. Where empirical evidence is marked ‘emerging’, this indicates active research areas with insufficient cross-cultural validation. Practitioners should 
exercise caution in deployment pending further evidence.

7. COMPONENT I: PSYCHOLOGICALLY INFORMED UNDERSTANDING OF LEARNER 
DIVERSITY

Learner diversity has become a defining feature of contemporary classrooms across the 
world. The effective integration of AI into educational settings therefore requires a nuanced and 
psychologically informed understanding of the many dimensions of learner diversity, including 
cognitive, motivational, cultural, linguistic, and socio-emotional factors.
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AI systems can generate large amounts of information related to learner behaviour, including 
response times, error patterns, navigation behaviour, participation trends, and textual interactions. 
However, interpreting these data meaningfully requires psychological understanding. Without such 
grounding, learning analytics systems may identify patterns that appear statistically significant 
but provide limited pedagogical value or may even lead to misleading conclusions. For example, a 
learner who responds rapidly but incorrectly may reflect impulsive decision-making rather than 
lack of knowledge, while a learner who takes longer to respond may be demonstrating deeper 
reflection and cognitive processing. Psychologically informed interpretation of AI-generated 
information therefore enables educators to distinguish meaningful educational patterns from 
superficial behavioural indicators.

Universal Design for Learning (Meyer et al., 2014) provides a useful framework for developing AI 
systems that offer multiple forms of representation, engagement, and expression. Such approaches 
can help reduce barriers experienced by learners with disabilities, language differences, or diverse 
learning needs. AI-supported diagnostic tools, including natural language processing-based writing 
analysis and adaptive pre-assessment systems, may also assist in identifying learner needs on 
a larger scale. However, the effectiveness of these tools depends heavily on the psychological 
assumptions and learning models embedded within them.

Culturally responsive AI design is also essential for ensuring equitable and effective educational 
implementation across diverse contexts. Educational systems differ in communication patterns, 
motivational orientations, and prior learning experiences, and AI systems should be sensitive to 
these differences. Strielkowski et al. (2024) reported that approximately 73% of empirical studies 
on adaptive learning were published between 2023 and 2024, with machine learning (40%) and 
natural language processing (33%) emerging as dominant approaches. However, the review also 
highlighted a significant lack of cross-cultural validation within existing research. This limitation 
suggests an important need for greater involvement of educational psychologists in the design and 
development of AI systems across global educational contexts.

8. COMPONENT II: AI-ENABLED INCLUSIVE AND INNOVATIVE PEDAGOGICAL 
PRACTICES

The second component encompasses the range of AI-enabled pedagogical practices that, 
when grounded in psychological theory, can substantively advance both inclusion and educational 
innovation. Four key areas are examined.

8.1 Adaptive Learning Systems and Differentiated Instruction

Adaptive learning systems use machine learning algorithms to dynamically adjust content, 
pacing, and difficulty based on individual learner performance data. These systems operationalise 
the psychological principle of differentiated instruction at scale. Platforms such as Knewton, 
Carnegie Learning, and DreamBox deploy item response theory and Bayesian knowledge tracing to 
estimate learner mastery states and recommend optimal next learning steps.
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Empirical evidence is accumulating: the meta-analysis by García-Martínez et al. (2023) found 
consistent benefits for engagement and performance across 25 studies. Strielkowski et al. (2024) 
found that adaptive learning platforms may yield higher pass rates and improved retention compared 
to traditional instruction. However, systems that optimise for completion metrics rather than deep 
comprehension risk training learners in superficial performance strategies. A critical tension is that 
most adaptive algorithms are trained on behavioural trace data that captures what learners do, 
not why they do it—a limitation that psychological collaboration in algorithm design can address.

8.2 Intelligent Tutoring Systems and Generative AI Feedback

Intelligent tutoring systems (ITS) simulate one-on-one tutoring by providing immediate, 
individualised feedback. Decades of research demonstrate that well-designed ITS can produce 
learning gains comparable to human tutoring (Bloom, 1984; VanLehn, 2011). The integration of large 
language models (LLMs) into tutoring environments such as Khan Academy’s Khanmigo represents 
a qualitative advance in flexibility and naturalness.

However, a central tension remains. Stadler et al. (2024) found that LLM assistance reduced 
mental effort while compromising depth of inquiry, and Deng et al. (2024) similarly found in a meta-
analysis of ChatGPT studies that performance gains were accompanied by diminished cognitive 
effort. This is precisely the kind of unintended consequence that psychologically informed evaluation 
can detect. LLM generated feedback that is task aligned and iterative has been shown to enhance 
revision quality and engagement (Escalante et al., 2023), but sustained depth of engagement rather 
than superficial task completion must be the criterion for evaluating LLM powered tutors.

8.3 Universal Design for Learning and AI-Powered Accessibility

AI technologies dramatically expand the practical implementation of UDL principles. Automated 
speech recognition enables real-time transcription for learners who are deaf or hard of hearing. 
NLP-powered text simplification tools reduce linguistic barriers for learners with reading difficulties 
or limited language proficiency. Multimodal content generation allows concepts to be represented 
across visual, auditory, and interactive modalities.

The global relevance of AI-powered UDL is particularly significant in lower-resource educational 
systems, where human specialists like speech therapists, special education teachers are scarce. 
AI tools embedding UDL principles can extend inclusive learning opportunities to learners where 
specialist human support is unavailable, provided that systems are designed with input from 
educators who understand local learner needs and cultural contexts.

8.4 AI-Facilitated Collaborative Learning and Social Inclusion

AI tools can facilitate collaborative learning at scale by intelligently forming learner groups 
based on complementary knowledge profiles, facilitating asynchronous collaborative problem-
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solving, and providing real-time process feedback on group dynamics. However, social inclusion 
requires AI systems designed with explicit attention to bias. Baker and Hawn (2022) document 
how AI algorithms may disadvantage students from underrepresented groups by providing less 
accurate or biased feedback. Research has raised broader concerns that predictive algorithms 
used in educational settings may unintentionally reinforce existing inequalities when trained on 
historically biased datasets. This highlights the need for psychologically informed bias auditing and 
participatory design practices that centre diverse learner communities. Psychologically informed 
bias auditing, combined with participatory design practices centring diverse learner communities, 
is essential.

8.5 Implications for Generative AI-Specific Challenges

The preceding sections reference large language models (LLMs) at several points (4.2, 8.2), 
but the pace and reach of generative AI warrants explicit, focused treatment. Generative AI tools 
raise at least four psychologically consequential challenges that the proposed framework must 
directly address. First, hallucination — the generation of fluent but factually incorrect content — 
interacts with cognitive load in troubling ways: learners with limited prior knowledge are least 
equipped to detect errors precisely when cognitive load theory would predict they benefit most 
from AI scaffolding, making critical appraisal training (Component III) a psychological necessity 
rather than an optional add-on. Second, prompt engineering is increasingly treated as a literacy 
skill in its own right; from a self-determination theory perspective, teaching learners to formulate, 
iterate, and critically evaluate prompts can support autonomy and competence, whereas 
passive consumption of AI output undermines both. Third, concerns about academic integrity 
in AI-assisted writing are often framed narrowly as detection problems, but a psychologically 
grounded response instead asks what genuine engagement with the writing process looks 
like when AI assistance is available, and designs assessment and feedback practices around 
demonstrating that engagement (for example, through process-visible drafting, oral defence 
of AI-assisted work, or reflective annotation) rather than relying solely on prohibition. Fourth, 
AI-assisted writing tools illustrate the cognitive-effort paradox discussed in Section 4.2 in its 
sharpest form: Escalante et al. (2023) found that task-aligned, iterative LLM feedback improved 
revision quality and engagement, while Stadler et al. (2024) and Deng et al. (2024) documented 
reduced mental effort and depth of inquiry, suggesting that the psychological value of generative 
AI in writing instruction depends heavily on whether it is deployed to scaffold the writing process 
or to substitute for it. These GenAI-specific tensions reinforce the framework’s central claim 
that psychological theory, not technical capability alone, should guide how generative AI is 
integrated into educational practice.
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9. COMPONENT III: REFLECTIVE TEACHING WITHIN AI-ENHANCED INTELLIGENT 
LEARNING ENVIRONMENTS

Technology alone does not transform education. The third component foregrounds the essential 
role of teachers as reflective practitioners who mediate the relationship between AI systems and 
learners, interpreting algorithmic outputs through a psychological lens and exercising professional 
judgment in ways AI cannot replicate.

Reflective teaching, as conceptualised by Schön (1983), involves continuous self-examination 
of instructional beliefs, decisions, and practices. In AI-enhanced environments, reflective practice 
extends to critical evaluation of AI-generated recommendations: teachers must ask not only whether 
an adaptive system’s suggested next steps align with pedagogical goals, but whether the system’s 
model of the learner reflects the complexity and individuality of the actual student. Transparency 
is a prerequisite: surveys indicate that substantial proportions of students are unaware that their 
learning management system data is being used to predict academic performance, a profound 
informed consent challenge that reflective teachers must actively address.

Learning analytics dashboards present AI-synthesised summaries of learner engagement, 
performance trends, and risk indicators. For these tools to support rather than supplant professional 
judgment, teachers need training in data literacy, understanding variance, measurement error, 
the difference between correlation and causation, and the construct validity of educational 
assessments. Educational psychology provides the conceptual vocabulary for this training.

The enabling learning environment characterised by psychological safety, equitable 
participation, and emotionally supportive relationships remains the irreplaceable human dimension 
of effective education. AI tools that handle administrative efficiency or personalised content 
delivery free teacher time and cognitive resources that can be redirected toward the relational and 
emotional dimensions of teaching. This complementarity AI systematising what can be systematised, 
teachers investing more deeply in what requires human connection is a powerful argument for 
psychologically informed AI integration.

10. INTERNATIONAL COMPARATIVE ANALYSIS: AI, PSYCHOLOGY, AND INCLUSION 
ACROSS EDUCATIONAL SYSTEMS

Educational systems across the world are at markedly different stages of AI adoption, shaped 
by infrastructure, policy, cultural norms, and economic resources. This section provides a structured 
comparative analysis across four major regions, documented in Table 2 below.
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Table 2. International Comparative Analysis of AI in Education Across Regions

Region AI Applications Psychological Tensions Policy Context Evidence Gaps

East Asia (China, South 
Korea, Japan)

Large-scale 
personalized platforms, 
automated essay 
scoring, classroom 
surveillance AI

Performance 
orientation over 
intrinsic motivation; 
autonomy concerns

National AI in Education 
plans; heavy central 
coordination

Overemphasis on 
measurable outcomes; 
limited socio-emotional 
integration

Europe (EU, Nordic 
countries)

Adaptive platforms, 
learning analytics, AI 
literacy curricula

Strong alignment with 
autonomy-supportive 
and rights-based 
learning

GDPR; EU AI Act 
classifies edu-AI as 
high-risk (mandatory 
audits)

Implementation equity 
across Member States; 
teacher readiness gaps

Sub-Saharan Africa 
(Kenya, South Africa, 
Ghana)

Mobile-based literacy/
numeracy platforms 
(e.g., Eneza, Kolibri)

Access barriers limit 
motivational and 
cognitive scaffolding 
potential

UNESCO priorities; 
limited national AI 
policy frameworks

Infrastructure; cross-
cultural validation of AI 
tools almost absent

South Asia (India, 
Pakistan, Bangladesh)

Low-bandwidth 
adaptive tools; LLM-
assisted teacher 
support in pilot 
programs

Large class sizes 
constrain individualised 
psychological 
scaffolding

India National Education 
Policy 2020 includes AI; 
implementation nascent

Language diversity; 
digital divide; under-
representation in global 
research

In East Asian educational systems including China, South Korea, and Japan, AI tools have been 
deployed extensively for personalised learning, automated essay scoring, and real-time classroom 
analytics. These implementations have generated significant performance data but have raised 
concerns about surveillance, learner autonomy, and the narrowing of educational goals toward 
measurable outcomes. Baker and Hawn (2022) note that AI systems used for continuous behavioural 
monitoring in classroom settings raise significant ethical concerns about learner agency, data 
privacy, and psychological safety that are particularly acute in high-stakes, performance-oriented 
educational cultures. Educational psychology’s emphasis on intrinsic motivation and holistic 
development provides a necessary counterweight.

In Sub-Saharan Africa and South Asia, AI in education is being explored primarily as a tool 
for expanding access and compensating for teacher shortages. Mobile-based adaptive learning 
platforms deployed in Kenya, India, and South Africa have demonstrated promise in improving 
foundational literacy and numeracy outcomes at scale. For example, mobile-based programmes 
such as Eneza Education in Kenya and similar low-bandwidth literacy interventions in South Africa 
have reported improved learner engagement and foundational skill development in low-resource 
settings, though independently peer-reviewed outcome evidence for specific platforms remains 
limited (UNESCO, 2021). In South Asia, pilot programmes using LLM-assisted teacher support tools 
have been explored as a means of addressing large class sizes and teacher shortages in India and 
Bangladesh, though systematic evaluations of psychological and equity outcomes are largely 
absent from the peer-reviewed literature (Shi et al., 2025). However, as Strielkowski et al. (2024) 
note, geographic concentration of published research in the US, China, and Europe means that 
evidence from these contexts remains underrepresented globally, creating a risk that internationally 
deployed AI tools embed assumptions derived from culturally specific datasets.

In European contexts, the General Data Protection Regulation (GDPR) and the EU AI Act which 
classifies educational AI as high-risk, requiring mandatory transparency audits are shaping AI 
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deployment with increasing attention to learner agency. Psychological frameworks of autonomy-
supportive instruction align well with these policy orientations. UNESCO’s Recommendation on 
the Ethics of AI (2021) underscores the global relevance of psychologically informed AI design, 
particularly its emphasis on learner wellbeing, equity, and agency at the centre of AI integration.

A cross-cutting finding from this comparative analysis is that the psychologically grounded 
framework proposed here is most urgently needed in contexts where AI is being scaled rapidly 
without adequate evidence from local populations precisely the contexts where cross-cultural 
psychological validity cannot be assumed.

The comparative findings also indicate that AI implementation cannot be guided by universal 
assumptions regarding learner behaviour, motivation, or engagement. While East Asian contexts 
demonstrate large-scale implementation supported by centralised educational systems, South Asian 
and Sub-Saharan contexts remain more strongly influenced by issues of access and infrastructure. 
European contexts place greater emphasis on learner rights, transparency, and ethical governance. 
These differences suggest that psychologically grounded AI frameworks should be adapted to local 
educational conditions rather than applied uniformly across contexts.

11. ETHICAL AND EQUITY IMPLICATIONS OF AI IN EDUCATION: A PSYCHOLOGICAL 
LENS

The ethical deployment of AI in education is inseparable from its psychological foundations. 
Several dimensions merit particular attention.

Algorithmic bias constitutes one of the most significant equity challenges in educational AI. 
Systems trained on historically biased datasets may systematically underestimate the abilities of 
learners from marginalised groups, recommend less challenging content, or misidentify culturally 
diverse communication styles as deficits. Previous research on algorithmic bias suggests that 
predictive systems in education may unintentionally reproduce historical inequities and disadvantage 
learners from underrepresented groups when trained on biased datasets. This finding is consistent 
with Baker and Hawn’s (2022) broader documentation of algorithmic bias in educational AI. 
Educational psychology’s research tradition on stereotype threat (Steele & Aronson, 1995), cultural 
deficit narratives, and asset-based approaches to learner diversity provides essential critical tools 
for identifying and mitigating such bias.

The datafication of learners, understood as the reduction of complex human beings to 
behavioural metrics and predictive risk scores, poses psychological risks to learner identity, 
dignity, and agency. Educational psychology emphasises that learners are not merely data-
generating subjects but meaning-making, socially embedded persons whose development cannot 
be adequately captured in algorithmic representations. Industry surveys indicate that concerns 
over bias in AI models among faculty and administrators increased from 36% in 2023 to 49% in 
2024 (Ellucian, 2024). This is an industry source and is not subject to peer review, so it should be 
interpreted cautiously alongside peer-reviewed evidence.

From a psychological perspective, the central concern is not simply the quantity of learner 
data collected but the assumptions embedded within the interpretation of that data. Educational 
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decisions based exclusively on algorithmic patterns risk oversimplifying learner experiences and 
overlooking contextual factors that influence educational participation and development.

The digital divide, referring to unequal access to devices, connectivity, and AI powered tools, 
represents a systemic equity challenge that AI in education can either exacerbate or address 
depending on implementation choices. Policies ensuring universal access, prioritising low bandwidth 
AI solutions, and providing educator training for AI interpretation are essential for preventing AI 
from becoming a further mechanism of educational stratification.

12. IMPLICATIONS, CHALLENGES, LIMITATIONS, AND FUTURE RESEARCH

12.1 Implications for Practice

For teacher education programmes, the framework suggests that AI literacy training must go 
beyond tool operation to encompass data literacy, psychological interpretation of AI outputs, and 
critical appraisal of algorithmic recommendations. Teacher educators should co-design professional 
development that draws explicitly on educational psychology knowledge bases such as cognitive 
load, motivation theory, and socio-emotional development as lenses for interpreting AI generated 
learner data.

For AI tool designers, the framework advocates for psychologist in the loop co-design 
processes. Educational psychologists should be embedded in AI development teams rather than 
consulted only after design decisions have been made. Psychological principles such as zone of 
proximal development calibration, germane load optimisation, autonomy support, and affective 
sensitivity should be specified as design requirements rather than post hoc evaluation criteria.

For inclusive classroom practice, the framework points toward AI as a tool for extending 
rather than replacing the range of pedagogical approaches available to teachers. Universal Design 
for Learning aligned AI tools, bias audited predictive systems, and transparency by design data 
governance are practical implementation priorities.

For educational policymakers, the framework recommends mandatory psychological impact 
assessments for educational AI deployments, cross cultural validation requirements before 
international scaling, alignment of AI governance frameworks with psychological principles of 
learner wellbeing and autonomy, and equitable resource allocation to ensure AI benefits are not 
restricted to well-resourced educational systems.

12.2 Challenges and Limitations

Several limitations must be acknowledged. First, the conceptual framework presented here 
requires empirical validation. While the constituent psychological theories are well-established, and 
while recent literature provides growing evidence for specific AI tools, their systematic integration 
as a unified psychologically grounded framework has not yet been empirically tested. Future 
studies should use experimental or quasi-experimental designs to test whether AI implementations 
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explicitly designed around the three components produce stronger learning outcomes and equity 
benefits. To support such validation, it is useful to propose candidate variables or indicators that 
could operationalise the framework’s core constructs. Psychological grounding in Component I could 
be measured through indicators such as learner-reported cognitive engagement, self-regulation 
behaviours (e.g., goal-setting frequency and reflective journaling activity), and psychological 
safety ratings derived from validated instruments. Component II implementation quality could be 
assessed through bias audit scores, teacher-reported use of autonomy-supportive instructional 
strategies, and UDL alignment indices of AI-generated content. Component III reflective capacity 
could be measured via data literacy assessments, frequency of AI recommendation overrides by 
teachers, and teacher-reported professional judgment confidence. At the system level, equity-
related outcomes such as achievement gap metrics across demographic groups, accessibility 
feature uptake rates, and teacher AI literacy scores could serve as indicators. These proposed 
variables are illustrative rather than exhaustive, and the specific operationalisation of each will 
require careful conceptual and psychometric development in future empirical research.

Second, the narrative synthesis methodology, while appropriate for this theoretical integration 
task, carries inherent risks of selection bias. The authors have attempted to include disconfirming 
evidence and critical perspectives throughout, but a formal systematic review with PRISMA 
reporting would provide stronger methodological rigour for a follow-up empirical study.

Third, the Ellucian (2024) industry report cited in Section 11 is not peer-reviewed and should be 
treated with appropriate caution. It is included because it provides relevant trend data unavailable 
in peer-reviewed sources, but readers should weigh it accordingly. 

Fourth, the pace of AI advancement particularly in generative AI and multimodal models is 
outstripping the capacity of educational research to evaluate implications. Rapid deployment of 
LLM-based tutoring tools without adequate pedagogical evaluation risks embedding psychologically 
unsound learning models at scale.

An additional limitation concerns the generalisability of the proposed framework across 
educational settings. Educational systems differ substantially in terms of cultural expectations, 
technological infrastructure, teacher preparation, and policy environments. Consequently, 
relationships proposed within the framework may operate differently across contexts and should 
be interpreted cautiously until validated through empirical research in diverse settings.

12.3 Future Research Directions

Future research should focus on the following priorities:
•	 Cross-cultural validation of psychologically informed AI educational tools across diverse 

linguistic, economic, and pedagogical contexts.
•	 Longitudinal studies of AI-assisted learning and socio-emotional development that track 

equity outcomes over time rather than short-term performance gains.
•	 Participatory design methodologies that centre learner and teacher agency in AI co-creation, 

particularly in under-represented global contexts.



18-20 Review of Artificial Intelligence in Education. Florida (EUA), v. 7, e01125, 2026.

Koul, A., Tandon, B., & Dua, B. (2026). 
Towards a Psychologically Grounded Framework for Ethical, Inclusive, and AI-Enhanced Education.

•	 Development of standardised, psychologically grounded evaluation criteria for educational 
AI systems analogous to clinical trial protocols that can be adopted across jurisdictions.

•	 Empirical testing of the integrated three-component framework itself: do AI implementations 
that explicitly integrate all three components produce better equity and learning outcomes 
than those deploying only one or two?

•	 Investigation of the cognitive effort paradox in LLM tutoring: how can generative AI be 
designed to preserve productive struggle while extending accessibility?

13. CONCLUSION

Artificial intelligence holds transformative potential for education, a potential that can only be 
responsibly realised through a deep and principled engagement with educational psychology. The 
framework proposed in this paper positions psychological theory not as a constraint on AI innovation 
but as its essential foundation and evaluative compass. By grounding AI driven educational tools and 
practices in constructivist, cognitive, motivational, and socio-emotional principles, and by mapping 
these principles to specific AI applications and empirical evidence, educators and AI developers can 
create systems that genuinely serve all learners, particularly those historically marginalised by 
standardised educational approaches.

The framework’s distinctive contribution is threefold. It provides an integrated, multi-level 
model covering learner, teacher, and system levels that makes psychological theory the primary 
design criterion rather than an evaluative afterthought. It includes bidirectional, contextually 
moderated relationships that reflect the complexity of real educational settings. It also surfaces 
genuine tensions and design dilemmas around cognitive effort, algorithmic bias, cultural validity, 
and surveillance that psychologically naive AI implementations risk ignoring.

As AI continues to reshape the landscape of teaching and learning, the most important 
question is not what AI can do in education, but what education in all its human complexity, cultural 
richness, and developmental depth needs AI to do. The answer to that question requires educational 
psychology as much as it requires computer science. Future research should empirically examine 
whether AI systems designed around psychologically informed principles produce stronger 
outcomes in learning, inclusion, learner wellbeing, and educational equity across diverse educational 
settings. Continued interdisciplinary collaboration among educational psychologists, educators, 
policymakers, and AI researchers will be essential for evaluating and refining such approaches.

AI Disclosure Statement

No generative AI tool was used to generate original text, data, analysis, or findings reported 
in this manuscript. Generative AI (a general-purpose large language model) was used in a limited, 
author-supervised capacity during manuscript preparation to assist with language editing and 
formatting consistency (e.g., checking APA 7th edition reference formatting and clarifying phrasing). 
All substantive content, argumentation, the proposed conceptual framework, and interpretation of 
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