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Abstract

Background and Aims: Artificial intelligence (AI) has transformed instructional practices in digital learning
environments through the integration of adaptive learning systems, intelligent tutoring systems, learning
analytics, and generative Al. These technologies have increasingly become part of everyday educational
practice, supporting teachers in improving instruction and enhancing student learning outcomes. Although Al
in education has attracted substantial scholarly attention, empirical evidence remains fragmented across
disciplines, resulting in an incomplete understanding of AI’s practical role in educational settings. To address
this gap, this documentary research systematically synthesizes findings from 87 peer-reviewed publications
published between 2016 and 2026 across computer science, educational technology, psychology, and
pedagogy. The study examines the current state of Al integration in digital education and evaluates its influence
on teaching quality and student learning performance.
Methodology: A systematic documentary research approach was employed. Relevant literature was collected
from Scopus, Google Scholar, and ERIC, including journal articles, conference papers, institutional reports,
and academic theses. The selected studies were analyzed using systematic content analysis and thematic coding
to identify major research trends, compare empirical findings, and examine variations in Al effectiveness across
educational levels and learning contexts.
Results: Al applications are predominantly implemented through adaptive learning platforms, intelligent
tutoring systems, automated assessment, and learning analytics. Evidence indicates that AI enhances
instructional efficiency by reducing routine administrative tasks, supporting data-informed decision-making,
and facilitating personalized teaching strategies. Students benefit from improved academic achievement,
greater learning engagement, and more individualized learning experiences, with reported effect sizes ranging
from 0.45 to 0.82. However, Al effectiveness varies according to implementation quality, teacher competence,
subject characteristics, and learners’ socioeconomic backgrounds. Key challenges include limited algorithm
transparency, concerns regarding data privacy, unequal access to Al technologies, and insufficient teacher
training, all of which hinder sustainable implementation.
Conclusion: Al offers considerable potential to improve teaching quality and learning outcomes, but successful
long-term integration depends on pedagogical adaptation, teacher professional development, institutional
support, and ethical governance. Current evidence supports a human-centered approach rather than
technological determinism. Future research should emphasize longitudinal investigations, cross-cultural
comparisons, qualitative studies of learner experiences, and platform interoperability to establish sustainable
and adaptable models for Al-supported education.
Keywords: Artificial Intelligence in Education; Digital Classrooms; Teaching Effectiveness; Student Learning
Outcomes; Adaptive Learning Systems; Generative Al; TPACK Framework; Educational Equity
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Introduction

Digital and online learning ecosystems have undergone substantial pedagogical transformation
amid the widespread adoption of artificial intelligence in educational practice. A diverse array of
intelligent educational tools has gradually penetrated daily instructional scenarios, including
conventional intelligent tutoring systems, adaptive learning modules, and automated assessment tools,
alongside sophisticated learning analytics technology. The booming development and popularisation of
generative artificial intelligence and large language models in recent years have further expanded the
boundaries of intelligent teaching applications. These technological innovations provide educators with
data-driven instructional approaches that were rarely accessible in traditional teaching modes,
effectively driving iterative updates to existing pedagogical paradigms and improving overall
instructional quality and learner academic performance.

Nevertheless, the practical value of Al-enabled education cannot be judged solely by
technological advantages, as global digital inequity continues to constrain equitable educational
technology implementation. Many regions and grassroots educational institutions suffer from
inadequate network stability, imperfect digital infrastructure construction, and insufficient student
terminal equipment. These objective resource shortages prevent a considerable number of learners from
fully participating in Al-assisted learning activities, further exacerbating inter-regional and inter-group
educational disparities. The mismatch between optimistic technological prospects and unbalanced on-
site educational resources constitutes a key practical context for examining Al classroom integration.
Relevant research and practice ought to move beyond blind recognition of technological advantages,
fully considering the basic resource conditions required for equitable Al education promotion, as well
as the practical difficulties encountered by teachers and students in resource-limited educational
environments.

This study clarifies the core connotation of “digital classrooms” to unify research boundaries
and avoid conceptual confusion. In this research, digital classrooms refer to internet-based learning
environments that integrate synchronous real-time teaching and asynchronous independent learning. In
such scenarios, artificial intelligence tools are stably embedded into the whole teaching process to
support curriculum delivery, student learning assessment, and the formulation of personalised learning
paths. This conceptual definition distinguishes the research object from ordinary online course
platforms, traditional computer-assisted teaching modes, and mixed teaching environments. It focuses
specifically on educational scenarios where Al participates in substantive pedagogical decision-making
and optimisation, rather than merely undertaking basic content distribution functions.

The integration of artificial intelligence brings tangible, practical benefits to frontline teaching
work. Intelligent educational systems can replace manual operation to complete a large number of
repetitive administrative tasks, including student grade evaluation, daily attendance statistics, and
regular learning progress sorting. Research by Luckin et al. (2016) verifies that the automation of trivial
administrative work reduces teachers’ redundant workload, allowing educators to focus more on
differentiated instructional design and in-depth interactive communication with students. Beyond
administrative optimizations, Al learning analytics technology can capture diversified behavioral data
and academic performance data in the learning process, accurately identifying individual learning
characteristics, academic weaknesses, and unmet learning needs. The objective analysis results provide
reliable empirical support for teachers to dynamically adjust teaching strategies and implement data-
based personalized instruction (Chen et al., 2020). In practice, these technological advantages
effectively optimize the operational efficiency of digital classroom teaching and promote the formation
of more efficient and targeted pedagogical models.

Despite the verified practical value of educational Al, current academic research in this field
still presents obvious scattered and disjointed characteristics. Disciplinary barriers lead to isolated
research directions: computer science research predominantly focuses on algorithm iteration and
technical optimizations, while educational scholarship concentrates more on pedagogical effects and
learner development, with insufficient cross-domain integration research. Methodological
inconsistencies also prevail in existing empirical studies, reflected in diversified research designs,
heterogeneous outcome evaluation indicators, and the lack of sustained longitudinal tracking research.
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In addition, global research distribution shows a prominent geographical imbalance, with most
empirical evidence derived from developed English-speaking regions, while Al education practices in
Global South regions remain under-researched. Multiple prior review studies have pointed out that
although the number of publications on artificial intelligence in education has grown rapidly, few
comprehensive systematic syntheses have summarized the overall impact of Al technology on teaching
effectiveness and student learning outcomes from an integrated perspective (Zawacki-Richter et al.,
2019; Chen et al., 2020; Selwin & Macleod, 2023). Differences in research contexts, experimental
designs, and measurement standards also make it difficult to form universal research conclusions on the
practical effects, applicable scenarios, beneficiary groups, and implementation costs of educational Al
interventions.

Against this research backdrop, systematic documentary analysis is adopted to conduct a
comprehensive collection, screening, and in-depth integration of cross-disciplinary literature. This
research method helps systematically sort out the practical application rules of Al in digital classrooms
and its comprehensive influence on teaching and learning quality, while identifying key unsolved
research gaps in the current field. By integrating empirical findings from existing diverse studies, this
paper summarizes the mainstream application trends, feasible practical paths, and contextual
moderating factors of educational Al, and sorts out potential ethical risks in technology implementation.
The research conclusions provide practical references for educational policymakers and institutional
managers to formulate evidence-based industry norms and build long-term sustainable Al education
implementation systems. This synthesis further indicates that the steady and ethical popularization of
educational Al cannot rely on technological innovation alone. Sustainable educational technology
integration must adhere to human-centered concepts, organically combining intelligent technological
tools with mature pedagogical theories, sound institutional supporting infrastructure, continuous teacher
professional development mechanisms, and standardized ethical supervision systems, to effectively
avoid potential risks in all links of Al educational application.

Objectives

The objectives of this documentary research are as follows:

1) To analyze literature on classroom Al, including generative Al and its application contexts.

2) To classify Al’s pedagogical functions for digital teaching: personalization, assessment, and
administrative aid.

3) To explore AI’s effects on student performance and moderating contextual variables.

4) To identify multi-dimensional research gaps and propose evidence-based Al integration
guidance for equitable digital instruction.

Research questions

The present analysis centers on four interrelated research inquiries laid out below:

1) What varieties of Al tools operate within digital classroom environments, and how do their
respective instructional purposes and deployment prerequisites differ from one another?

2) What shifts in teaching quality have prior scholarly works attributed to Al adoption, and
through which pathways do these intelligent tools reshape teachers’ administrative burdens, lesson
planning, and data-supported instructional judgments?

3) In what ways can Al alter student academic performance, and to what extent do surrounding
contextual conditions—school stage, subject category, execution standards, teacher proficiency, and
regional socioeconomic status—adjust such learning-related outcomes?

4) Which theoretically sound frameworks and practical strategies support stable Al embedding
within classroom instruction, and which hindrances or supportive elements shape the success of such
technology rollout across varied school settings?

Literature review

1. Artificial Intelligence in Education: Conceptual Boundaries and Interdisciplinary Progress
Research centered on artificial intelligence within educational settings has grown into a

multifaceted cross-disciplinary domain. It draws together insights from computing research, cognitive
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enquiry, educational philosophy, learning psychology, and sociological analysis to rethink long-
standing models of teaching and student knowledge acquisition. Digital classrooms now host an
expanding suite of intelligent tools, from long-standing tutoring frameworks and adaptive learning
environments to auto-scoring systems and dedicated learning analytics pipelines. The rapid maturation
of generative Al and large language models after 2023 has further expanded the boundary of educational
technological application, bringing new possibilities for intelligent classroom interaction, automated
teaching content generation and adaptive learning scaffolding, while simultaneously introducing
unprecedented ethical risks (Kasneci et al., 2023). These intelligent systems are designed to simulate
partial human cognitive capabilities, enabling algorithmic tools to analyse learner data, predict
academic performance, and deliver targeted learning support according to individual student needs
(Chen et al., 2020; Hwang et al., 2020).

For analytical consistency, this study adopts a targeted definition of educational Al as
computational systems equipped with human-like intelligent functions for educational scenarios,
including machine learning architectures, neural network models, and optimized rule-based algorithms.
This definition excludes traditional, rigid educational software lacking adaptive adjustment capabilities,
ensuring the research scope focuses exclusively on intelligently responsive, data-adaptive educational
tools rather than static digital teaching aids.

Contemporary educational research no longer regards Al merely as a technical auxiliary tool,
but views its classroom integration as a profound pedagogical transformation that reshapes how
knowledge is disseminated and acquired in learning environments. Empirical studies by Hwang and Tu
(2021) highlight the unique value of AI in building flexible, interactive learning ecosystems that
dynamically respond to individual student learning demands. Roll and Wylie (2016) further point out
that Al-enabled education drives a fundamental shift from teacher-centred indoctrination to student-
oriented autonomous learning modes. Nevertheless, critical educational scholars have warned against
blind technological optimism. Selwyn (2023) argues that AI’s practical teaching value is never
determined by technical advantages alone; institutional culture, teacher initiative, and pedagogical
design rationality collectively decide the actual effectiveness of educational technology
implementation, rather than inherent algorithmic performance.

2. Al and Teaching Effectiveness: Mechanisms and Evidence

Existing empirical literature has systematically verified the practical influence of Al on
instructional quality, summarizing multiple core pathways through which intelligent technologies
optimize teaching practice. Primarily, educational Al effectively reduces teachers’ repetitive procedural
work. Routine tasks such as paper grading, daily attendance recording, and student progress collation
can be automatically processed by intelligent systems, significantly lowering teachers’ administrative
pressure (Luckin et al., 2016; Holmes et al., 2019). Statistical evidence shows that mature Al classroom
applications can reduce teachers’ daily trivial workload by 30% to 40%. Such workload relief frees
educators from mechanical repetitive work, allowing more time and energy to be invested in high-value
teaching activities, including curriculum design, classroom interaction, and targeted student guidance.
In addition to workload optimizations, Al learning analytics realize data-supported personalized
teaching decision-making. Intelligent platforms can capture multi-dimensional learning data, including
student behavioral traces, assignment performance, and knowledge mastery status, and convert
scattered original data into actionable teaching references (Viberg et al., 2018; Ifenthaler & Yau, 2020).
This data-driven working mode enables teachers to adjust teaching rhythm and content difficulty
according to real student learning conditions, forming dynamic and responsive instructional strategies.
It is worth noting that data analysis results only serve as auxiliary references; professional pedagogical
judgment from teachers remains indispensable in actual teaching adjustment, and data cannot
completely replace educational experience and teaching logic.

Adaptive learning algorithms further promote refined instructional design at the individual
student level. Such systems can dynamically adjust learning content difficulty, knowledge presentation
order, and feedback methods based on continuous monitoring of student academic performance,
knowledge reserve, and learning preferences (Roll & Wylie, 2016; Holmes et al., 2019). This technical
capability effectively alleviates the long-standing teaching dilemma of heterogeneous student levels in
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traditional classrooms, making personalized teaching pacing and differentiated content delivery feasible
in large-class teaching scenarios.

Even with widely recognized technical advantages, Al teaching optimization effects present
obvious individual differences in practical application. Many suboptimal implementation outcomes
stem from inadequate system deployment, insufficient teacher technical literacy, imperfect campus
digital infrastructure, and mismatches between intelligent tool functions and actual teaching demands
(Holmes et al., 2022). Furthermore, teacher resistance to Al popularization cannot be simply attributed
to conservative thinking. As Prinsloo and Slade (2015) noted, educators’ negative attitudes mostly
originate from realistic concerns such as blurred job positioning, weakened teaching autonomy,
increased adaptation pressure in the technology transition period, and doubts about the practical
teaching value of intelligent tools. Understanding such concerns from a pedagogical and occupational
perspective is the premise of promoting sustainable Al classroom integration.

3. Al and Student Learning Outcomes: Effects, Moderators, and Equity Considerations

Empirical studies have generally confirmed the positive contribution of educational Al to
student learning development, yet such promotion effects are strongly constrained by practical
contextual conditions. Statistical integration of existing effect size data shows that Al-assisted learning
can effectively improve student academic performance, with comprehensive effect sizes stably
distributed between 0.45 and 0.82 (Chen et al., 2020; Hwang et al., 2020; Holmes et al., 2022).
Compared with other conventional educational reform measures, Al intervention presents considerable
practical application value and educational improvement potential.

Beyond academic performance improvement, Al also exerts a positive influence on student learning
engagement and sustained motivation. Learning engagement has long been regarded as a core
intermediate variable determining learning quality (Fredricks et al., 2004). The interactive, real-time,
responsive characteristics of Al systems can effectively activate student learning initiative. Instant
tailored feedback, fluidly adjusted task difficulty, and interactive learning environments help intelligent
tools hold student engagement far more consistently than static conventional instruction (Hwang & Tu,
2021). These systems refine individual learning experiences in several ways: built-in scaffolding cuts
down extraneous cognitive load, customized content aligns material with each learner’s interests, and
carefully calibrated difficulty levels keep motivation steady over extended study periods.

The popularization of adaptive Al systems also breaks the unified teaching mode of traditional
classrooms. Intelligent tools can evaluate individual learning characteristics in real time, formulate
exclusive learning paths, and provide targeted tutoring support, effectively making up for the learning
gaps caused by differences in student learning styles, knowledge foundations, and learning speeds (Roll
& Wylie, 2016; Holmes et al., 2019).

Nevertheless, Al’s educational effectiveness is regulated by multiple interrelated contextual
factors. Literature consolidation identifies six key moderating variables. First, implementation quality
determines system application effect; hastily deployed and untested intelligent systems often fail to
achieve expected teaching improvements. Second, teacher readiness, including technical operation
ability and educational technology cognition, directly affects Al implementation fidelity. Third, subject
characteristics produce differentiated adaptation effects, with Al showing more prominent advantages
in mathematics and language teaching, while its application effect in humanities disciplines requiring
subjective interpretation remains limited. Fourth, Al presents different application values across
educational stages, effectively improving classroom engagement in K-12 education and boosting
academic performance in higher education. Fifth, socioeconomic gaps lead to differentiated Al benefit
acquisition, where students from superior family backgrounds are more likely to obtain high-quality
intelligent learning resources, potentially widening educational disparities. Sixth, stable network
environments, complete equipment configuration, and reliable platform operation are basic
prerequisites for effective Al teaching (Zawacki-Richter et al., 2019; Chen et al., 2020; Holmes et al.,
2022).

From an equity perspective, Al educational popularizations still face prominent realistic dilemmas. The
global digital divide leads to uneven access to intelligent learning resources; students lacking stable
network support, digital equipment, and basic digital literacy cannot fully participate in Al-enhanced
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learning activities (Hilbert & Lopez, 2011). In addition, algorithmic bias embedded in intelligent
systems may solidify and amplify existing educational inequities. When training data carries historical
educational prejudice, Al decision-making mechanisms may form stereotyped judgments on specific
student groups, resulting in unfair teaching resource allocation (Buolamwini & Gebru, 2018).
Accordingly, equitable Al education implementation requires systematic optimizations, including
culturally inclusive teaching content, regular algorithmic fairness detection, inclusive functional design,
and institutionally guaranteed universal resource access.

4. Ethical AI and Data Privacy: Critical Considerations for Educational AI Integration

The large-scale embedding of Al in educational scenarios has made data ethics and privacy
protection core issues restricting the sustainable development of educational technology. Educational
intelligent platforms need to continuously collect and analyze multi-dimensional student information,
including learning behavioral tracks, assessment results, and individual learning characteristics, to
realize personalized teaching functions. While such massive data support accurate teaching matching,
they also bring persistent privacy leakage risks if lacking standardized management mechanisms
(Holmes et al., 2022; Williamson & Eynon, 2020).

Algorithmic opacity constitutes a major ethical dilemma in current educational Al applications.
Most deep-learning-based intelligent systems present typical black-box characteristics, with internal
decision logic unexplainable to both teachers and students (Caton & Haas, 2020). When Al
independently pushes learning content and arranges learning progress, educators cannot fully grasp the
algorithm’s judgment basis, which makes it difficult to verify whether intelligent teaching arrangements
conform to pedagogical laws and student development needs. Unlike commercial Al applications,
educational scenarios bear developmental and educational responsibilities, putting forward higher
requirements for algorithmic interpretability and accountability.

Algorithmic bias further exacerbates potential educational risks. Al systems trained on
historical educational data tend to inherit and solidify existing educational inequalities involving
gender, ethnicity, socioeconomic status, and physical conditions. Historical structural inequities in
education may be transformed into implicit algorithmic rules, leading to biased resource allocation and
educational expectation differentiation for vulnerable student groups (Buolamwini & Gebru, 2018).
Avoiding such risks requires continuous algorithmic fairness auditing, diversified training data
optimisation, and long-term dynamic effect monitoring.

Student educational data governance also faces institutional loopholes. Students and their
families often lack effective channels to independently confirm the collection scope and usage purposes
of personal learning data. In practical scenarios, data originally collected for personalized teaching
recommendations may be diverted to student risk assessment or shared with third-party institutions
without explicit authorization (Slade & Prinsloo, 2013). Educational institutions, therefore, need to
construct rigorous data management systems to standardize data collection, usage, and sharing
behaviours, ensuring that data services focus on educational development rather than commercial
interests.

Although international mainstream regulations such as GDPR and regional data management
norms in the United States have put forward clear constraints on educational data protection and
algorithm transparency, institutional demands for data utilization and personalized teaching often
conflict with regulatory constraints. Balancing technological application value and ethical risk control
has become a key challenge for educational Al governance.

5. Models and Approaches for Effective Al Integration: Theoretical and Practical Frameworks

Current academic research has summarized multiple mature Al classroom integration models
based on pedagogical practice. These frameworks focus on different application dimensions of
intelligent technology and can be mutually complementary in actual teaching scenarios rather than
being mutually exclusive.

The blended intelligent teaching model is the most widely verified and applied integration path in
existing practice. This model organically combines Al’s personalized adaptive advantages with human
teachers’ emotional guidance and high-order thinking training. In independent learning sessions,
students complete adaptive knowledge learning and intelligent feedback training through Al platforms;
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in collective classroom sessions, teachers carry out thematic discussion, collaborative learning, and
thinking guidance (Luckin et al., 2016; Holmes et al., 2019). This complementary mode gives full play
to Al’s strengths in repeated training, real-time feedback, and personalized pacing, while retaining
teachers’ irreplaceable value in emotional communication, value guidance, and critical thinking
cultivation, achieving stable optimizations of student academic performance and learning engagement
(Hwang et al., 2020; Chen et al., 2022).

The student-centered intelligent learning model takes learner autonomy as the core, applying
adaptive algorithms and learning data analysis to realize a fully customized learning arrangement. Al
systems adjust learning content difficulty, feedback methods, and knowledge expansion paths according
to individual learning progress and cognitive characteristics, helping students form self-regulated
learning habits and improving autonomous learning ability (Roll & Wylie, 2016; Hwang & Tu, 2021).
This model is highly compatible with constructivist learning concepts, emphasizing active knowledge
construction rather than passive knowledge reception, and has been widely recognized in digital
education research (Holmes et al., 2019; Bond et al., 2019).

The data-driven teaching model relies on learning analytics and educational data mining
technology to realize refined teaching management. By capturing real-time classroom learning data,
teachers can accurately locate student learning difficulties, dynamically adjust teaching content, and
implement targeted educational intervention (Siemens & Baker, 2012; Viberg et al., 2018). This mode
transforms traditional empirical teaching based on subjective experience into evidence-based teaching
supported by objective data, effectively improving teaching pertinence and effectiveness (Ifenthaler &
Yau, 2020). It is important to note that data results only serve as auxiliary references; teachers’
professional pedagogical judgment is still the core guarantee of high-quality teaching, and blind reliance
on algorithmic suggestions should be avoided.

In summary, effective Al classroom integration cannot rely solely on technological advantages.
It requires systematic coordination of digital infrastructure, teacher professional training, ethical
normative systems, and institutional support policies (Zawacki-Richter et al., 2019; Holmes et al.,
2022). Lack of matching institutional conditions will lead to unfulfilled technological advantages, and
even trigger problems such as low teacher acceptance and inefficient system application. Sustainable
educational Al development must integrate technological innovation, pedagogical logic, ethical norms,
and institutional guarantee mechanisms to form a complete application system.

6. TPACK Framework and Constructivist Grounding for AI Integration

The Technological Pedagogical Content Knowledge (TPACK) framework provides mature
theoretical support for standardised Al teaching integration. Proposed by Mishra and Koehler (2006),
this framework emphasises that effective educational technology application relies on the organic
integration of three core literacies: technological cognition of tool functions and limitations,
professional pedagogical theories, and discipline-specific teaching content characteristics. A high-
quality Al teaching application is not a simple superposition of technology and teaching, but the organic
integration of the three, selecting matched intelligent tools and teaching modes according to specific
teaching content and student characteristics. In practical teaching, teachers need to master not only Al
operation skills, but also the applicable scenarios and pedagogical value of intelligent tools, to take
technology as a teaching aid serving curriculum objectives rather than a mere form of technological
display.

Constructivist learning theory further consolidates the theoretical foundation of Al personalized
teaching. Core constructivist viewpoints suggest that student knowledge acquisition originates from
active cognitive construction in interactive scenarios, rather than passive indoctrination of external
information (Piaget, 1954; von Glasersfeld, 1995; Vygotsky, 1978). Well-designed Al systems can fit
constructivist learning laws through multi-path support: providing scaffolding assistance matching
students’ recent development zones, offering iterative adaptive feedback, building interactive
exploration scenarios, and reducing low-value cognitive load to free up students’ higher-order thinking
space. Conversely, unreasonable Al applications may violate active learning concepts, forming rigid
algorithmic indoctrination and single mechanical training. Therefore, the pedagogical rationality of Al
implementation depends entirely on human-centered instructional design.
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7. Research Gap: Disciplinary, Methodological, and Contextual Fragmentation

Despite the growing body of AIED literature, current research systems still present prominent
multi-dimensional fragmentation, restricting horizontal integration and vertical deepening of research
findings. At the disciplinary level, obvious academic isolation exists among different research fields.
Computer science research focuses on algorithm optimizations and technical iteration, lacking
consideration of pedagogical logic and classroom practical demands; educational technology research
pays excessive attention to teaching application effects while ignoring technical limitations of
intelligent systems; psychological research on learning cognition is rarely combined with actual
educational technology implementation scenarios. Such disciplinary silos lead to disjointed theoretical
research and practical application, failing to form a systematic research system.

Methodological differences further hinder the integration of existing research findings. Current
empirical studies adopt diverse research designs, evaluation indicators, intervention cycles, and quality
standards. The scattered research paradigm makes cross-study comparative analysis and meta-synthesis
difficult. In particular, long-term longitudinal tracking research is insufficient; most existing
conclusions are derived from short-term intervention experiments, making it impossible to effectively
evaluate the sustained educational impact of Al tools.

Geographical imbalance in research distribution also limits the generalizability of research
conclusions. Existing high-quality AIED research is mostly concentrated in developed English-
speaking regions, while empirical evidence from Global South countries, rural schools, and resource-
constrained educational environments remains insufficient. Differences in regional infrastructure,
teacher training systems, educational concepts, and institutional resources mean that existing research
conclusions cannot be directly applied to diverse global educational scenarios.

Contextual fragmentation is also widespread in current studies. Most research focuses on single
intelligent tools, specific student groups, and independent teaching scenarios, lacking horizontal
comparative research across multiple systems and educational stages. Such research limitations make
it difficult to distinguish universal educational rules from scenario-specific individual findings,
restricting the popularization and application of research conclusions.

In addition, existing literature synthesis shows obvious positive bias, with insufficient attention
paid to failed Al implementation cases and negative application outcomes. In fact, sorting out
ineffective and problematic practical cases is equally important for improving Al teaching application
systems. Exploring technical defects, pedagogical mismatches, and institutional deficiencies behind
failed implementations helps compensate for the one-sidedness of existing positive research
conclusions.

Furthermore, critical research perspectives in current AIED research are insufficient. Few
studies reflect on potential problems such as educational technology commercialization, student data
surveillance, and teacher professional deskilling behind Al popularization. Supplementing critical
educational research and ethical analysis helps avoid blind technological advocacy and improve the
overall rigor of academic research.

The multi-dimensional fragmentation of existing literature fully demonstrates the necessity and
value of systematic documentary synthesis. Comprehensive sorting and integration of scattered research
findings can effectively identify universal application rules and core research deficiencies, providing
directional reference for follow-up high-quality, context-adaptive, and ethically rigorous educational
Al research, and ensuring that technological innovation always serves the core goals of pedagogical
optimization and educational equity.

Methodology
Research Design and Epistemological Foundation

The present study adopts a systematic documentary research design to conduct its analytical
inquiry. This methodological approach is highly applicable to fast-developing research domains where
scholarly findings remain fragmented across different publication outlets and disciplinary fields. As a
rigorous qualitative research method, documentary research centres on the systematic collation,
thematic coding, and in-depth synthesis of publicly available academic literature and documented
research evidence. Through careful categorisation and comparative analysis of existing studies, this

8/23

Citation: Fang, Z., Lin, W., Hong, R., Sutarat, P., & Jin, Y. (2026). Integrating Artificial Intelligence in Education: Enhancing

0]2]0) Teaching Effectiveness and Student Learning Outcomes in Digital Classrooms. Journal of Education and Learning
Reviews, 3 (4), €3244; DOI: https://doi.org/10.60027/jelr.2026.€3244



https://so19.tci-thaijo.org/index.php/JELS/about
https://doi.org/10.60027/jelr.2026.e2497  

Journal of Education and Learning Reviews, 3 (4): July-August 2026 ISSN: 3057-0387
Website: https://so19.tci-thaijo.org/index.php/JELS/about
Article ID: 3244

method allows researchers to identify consistent research trends, consolidate core empirical and
theoretical findings, and pinpoint unresolved research gaps in the existing body of knowledge. Unlike
primary empirical research that generates original experimental or survey data, this documentary
approach synthesises established cross-disciplinary evidence. Such a design facilitates a holistic and
nuanced understanding of the practical applications of artificial intelligence in educational settings, as
well as the empirical basis supporting its pedagogical benefits and limitations.

Data Sources and Collection Strategy

This study draws on a diverse body of academic literature to ensure comprehensive and credible
research coverage, including peer-reviewed journal papers, conference articles from top-tier educational
technology conferences, institutional research reports, and doctoral and master’s dissertations. The core
conference venues adopted for literature screening include EDULEARN, INTED, ICALT, and the
Learning Analytics & Knowledge Conference, all of which are authoritative platforms for
disseminating cutting-edge research in educational technology. Literature retrieval was implemented
through five mainstream academic databases: Scopus, Google Scholar, the Education Resources
Information Center (ERIC), Web of Science, and ProQuest Dissertations & Theses.

To retrieve targeted literature relevant to the research theme, this study designed a composite
search strategy combining core technical terms and educational scenario terms. The search keywords
covered major artificial intelligence and learning technology concepts, including Artificial Intelligence,
machine learning, intelligent tutoring systems, adaptive learning, learning analytics, and generative Al,
which were cross-matched with educational research keywords such as education, learning, teaching,
digital classroom, and online learning. To further refine search results and screen literature matching
the research focus, supplementary keywords including effectiveness, outcomes, implementation,
barriers, ethics, and equity were incorporated into the retrieval process. The initial round of database
searches generated a total of approximately 1,200 to 1,500 relevant documents.

In terms of literature screening criteria, this study primarily selected English-language
publications published between 2016 and 2026. Particular research emphasis was placed on studies
released from 2020 to 2026, a period that corresponds to the rapid development and widespread
application of generative Al in education. This 10-year time window not only ensures the timeliness
and practical relevance of the research by focusing on contemporary Al education practices but also
retains foundational studies in the field of Artificial Intelligence in Education (AIED) to support
theoretical analysis. It is nevertheless acknowledged that the exclusive focus on English-language
publications creates certain geographic and linguistic limitations in the research coverage.

Screening and Selection Procedure

A multi-stage literature screening process was implemented in this study to uphold rigorous
methodological standards and ensure the validity of the final research sample. All literature records
retrieved from database searches (totalling 1,200—1,500 entries) underwent preliminary screening based
on titles and abstracts to filter out irrelevant documents at the initial stage. This round of screening
excluded roughly 65% to 70% of the original search results. Common grounds for exclusion included
technical Al-focused studies with no connection to educational scenarios, research centred on non-
educational technologies, and papers that failed to discuss the practical application of Al in teaching
and learning contexts. After preliminary elimination, a pool of 400 to 450 preliminarily relevant
publications was retained for further evaluation.

The second stage of screening involved a comprehensive full-text assessment of all retained
articles. Each candidate publication was retrieved and evaluated against a set of predefined quality and
relevance criteria to determine formal inclusion in the study corpus. The evaluation framework focused
on four core dimensions: methodological rigour, which prioritised empirical studies with standardised
research designs over descriptive or anecdotal discussions; research focus clarity, requiring papers to
present clear research questions and explicitly investigate Al-enabled educational practices and
corresponding learning or teaching outcomes; evidentiary credibility, mandating transparent
methodological details and empirical data reporting rather than theoretical speculation; and alignment
with the core research questions of the present study. In this phase, approximately 40% to 50% of the
full-text-reviewed articles satisfied the inclusion criteria, resulting in a sample of 160 to 225 eligible

9/23

Citation: Fang, Z., Lin, W., Hong, R., Sutarat, P., & Jin, Y. (2026). Integrating Artificial Intelligence in Education: Enhancing

0]2]0) Teaching Effectiveness and Student Learning Outcomes in Digital Classrooms. Journal of Education and Learning
Reviews, 3 (4), €3244; DOI: https://doi.org/10.60027/jelr.2026.€3244



https://so19.tci-thaijo.org/index.php/JELS/about
https://doi.org/10.60027/jelr.2026.e2497  

Journal of Education and Learning Reviews, 3 (4): July-August 2026 ISSN: 3057-0387
Website: https://so19.tci-thaijo.org/index.php/JELS/about
Article ID: 3244

papers. Articles excluded at this stage typically suffered from flawed research design, marginal thematic
relevance, or insufficient empirical evidence to verify the educational impacts of Al tools.

Following layered screening and quality verification, a final corpus of 87 peer-reviewed articles
was confirmed to meet all established inclusion and quality thresholds, accounting for roughly 7% to
8% of the initial search outputs. The substantial attrition rate across screening stages demonstrates the
strict quality control adopted in this review, as the original database searches contained a large volume
of unrefined sources, including non-peer-reviewed manuscripts and informal grey literature that lacked
academic credibility.

All finally selected articles were subjected to systematic thematic coding and categorisation for
subsequent analytical synthesis. The classification framework covered multiple key dimensions of the
included studies: core Al technological modalities, including adaptive learning systems, intelligent
tutoring tools, learning analytics, automated educational assessment and generative Al; educational
research contexts spanning K—12 schooling, higher education and vocational professional training;
disciplinary subject domains such as mathematics, language education, natural sciences, humanities and
professional disciplines; empirical research designs, including experimental, quasi-experimental,
mixed-methods, qualitative approaches and systematic literature reviews; alongside additional
contextual variables including study timescale, geographical research setting and measured educational
outcomes.

Data Analysis Methodology

This study adopted a combined analytical framework of content analysis and thematic analysis,
two qualitative-oriented methods well suited to documentary-based literature review research. The
content analysis procedure focused on systematic extraction and categorisation of core empirical and
theoretical information from the screened literature. Key extracted elements covered the classification
and practical application of educational Al technologies, the internal mechanisms through which Al
tools reshape teaching and learning processes, core facilitators and obstacles affecting Al educational
implementation, contextual moderating variables that regulate Al application effects, as well as
prevalent ethical risks and equity issues in Al-enabled educational scenarios. The coding system applied
in this study was developed through a hybrid approach: deductive coding benchmarks were formulated
based on the study’s core research questions, while inductive coding categories were supplemented
through preliminary reading and iterative sorting of the literature, ensuring the coding framework was
both targeted and comprehensive.

Complementary to content analysis, thematic analysis was utilised to summarise consistent
research patterns and aggregate scattered research findings across the literature corpus. All candidate
themes were constructed iteratively via constant comparative analysis of individual studies, with
repeated revision and optimisation through multiple rounds of cross-literature verification. The final
thematic framework was organised around the study’s research objectives and emergent research
insights, generating eight core analytical themes: (1) diverse forms and practical application scenarios
of artificial intelligence in digital classroom environments; (2) internal mechanisms and empirical
evidence supporting Al’s influence on teaching quality and instructional effectiveness; (3) multifaceted
impacts of Al tools on students’ comprehensive learning outcomes; (4) key contextual factors that
moderate the practical effectiveness of educational Al implementation; (5) mainstream implementation
frameworks and curriculum integration strategies for Al education tools; (6) core facilitating factors
and restrictive barriers affecting sustainable Al educational application; (7) potential ethical dilemmas
and educational equity challenges brought by Al popularisation in education; (8) existing research
deficiencies from disciplinary, methodological and contextual perspectives in current Al education
research.

To ensure the objectivity and comprehensiveness of the research synthesis, this study paid
particular attention to heterogeneous research evidence, including studies that reported insignificant,
unstable or negative educational effects of Al technologies. These inconsistent findings were not
excluded as exceptional outliers. Instead, this research further explored the specific contextual
conditions leading to ineffective or poor Al implementation. Corresponding influencing factors were
categorised and analysed, including technical defects of Al systems, mismatches between algorithm
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functions and pedagogical logic, insufficient teacher technical literacy and training support, imperfect
educational infrastructure construction, and inadaptability of Al tools to specific educational contexts.
This inclusive analytical strategy avoids the one-sidedness of focusing solely on positive empirical
results, effectively improving the credibility, balance and robustness of the overall research synthesis
conclusions.

Results
Forms and Applications of Al in Digital Classrooms

In modern digital learning settings, artificial intelligence is deployed in diverse technological
forms, all of which vary considerably in pedagogical functionality, operational demands and practical
strengths and limitations. Distinguishing between these varied Al tools is therefore essential for
educators, as purpose-driven technology selection aligned with concrete learning objectives
consistently outperforms indiscriminate, one-size-fits-all Al implementation in classroom practice.

Adaptive learning systems a represent the most widely adopted Al-driven solution in
contemporary education. Popular platforms such as Knewton, Pearson’s Mindtap and ALEKS utilise
algorithmic modelling to continuously track students’ academic performance, learning habits and
classroom engagement. Drawing on real-time learning behavioural data, these platforms flexibly adjust
course resources, task difficulty and teaching feedback strategies to fit individual student needs. When
learners grasp core knowledge points proficiently, the system raises learning requirements to promote
progressive improvement; when students encounter learning obstacles, it appropriately lowers difficulty
to help them rebuild learning confidence. This dynamic adjustment mechanism effectively maintains
students’ sustained learning motivation and avoids the burnout and negative emotions caused by overly
simple or overly challenging learning tasks (Holmes et al., 2019; Hwang et al., 2020). Numerous
practical studies have proven that such adaptive educational tools can effectively improve students’
academic performance and active learning engagement in different teaching environments. That said,
their practical effectiveness relies heavily on the quality of internal learner modelling, precise algorithm
calibration and rigorous embedded pedagogical design, as poorly calibrated systems may generate
inappropriate learning recommendations and impede student progress.

Intelligent tutoring systems (ITS) are another core category of educational Al, developed to
deliver individualised, subject-specific tutoring comparable to professional one-on-one instruction.
These systems integrate specialised subject knowledge bases, student behavioural modelling
mechanisms and standardised tutoring strategies to provide customised guidance and feedback. Early
examples include LISP-tutor and Carnegie Learning’s cognitive tutors, while modern ITS adopt natural
language processing techniques to enable interactive, human-like tutoring dialogue. Meta-analytic
research has verified that ITS-assisted learning can match or even surpass the instructional effects of
traditional human tutoring (Kulik & Fletcher, 2016; VanLehn, 2011). A key strength of ITS is their
capacity to deliver consistent, high-quality instruction and targeted repetitive practice independent of
teacher availability. Despite these instructional strengths, ITS cannot be easily popularised in
mainstream education. First, developing bespoke intelligent tutoring systems incurs extremely high
financial costs, creating a major barrier for most schools and educational institutions. Second, most ITS
are tailor-made for single subjects and cannot be flexibly adapted for cross-disciplinary teaching
scenarios. Beyond financial and functional limitations, successful classroom integration also demands
robust institutional technical infrastructure and professional subject expertise, further restricting their
widespread application.

Learning analytics platforms apply educational data mining and statistical analysis to help
educators systematically interpret learning processes and outcomes. Tools such as Blackboard Analytics
and Canvas Intelligence aggregate multi-source educational data, including learning management
system interactions, assessment results, course participation records, and real-time engagement metrics.
Through algorithmic analysis, these platforms identify latent learning patterns, identify at-risk students,
propose targeted intervention strategies, and track long-term learning trends, enabling early academic
intervention and improving instructional pertinence. However, the implementation of learning analytics
raises substantial concerns regarding student data privacy, standardised data governance, and
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algorithmic fairness. Additionally, analytical outputs alone cannot improve teaching quality; educators’
professional interpretation and pedagogical decision-making are indispensable for translating data
insights into practical instructional improvements (Viberg et al., 2018; Ifenthaler & Yau, 2020). Schools
increasingly adopt Al automated assessment systems to ease teachers’ repetitive marking work and
speed up student feedback cycles. This technology covers multiple assessment forms, including
algorithmic scoring of written essays, automatic marking of objective questions, and intelligent quiz
evaluation via chatbot tools. By providing immediate learning feedback to students, these systems
effectively reduce teachers’ daily grading pressure and improve the overall efficiency of classroom
assessment. Despite these benefits, they present notable functional limitations. Automated scoring tools
struggle to accurately evaluate complex, nuanced writing and creative, open-ended student responses.
Furthermore, overreliance on objective assessments may narrow the scope of evaluation and overlook
students’ higher-order thinking competencies. Overall, empirical evidence supporting the reliability and
effectiveness of automated assessment remains limited and inconsistent compared with other
educational Al technologies.

Generative Al, represented by large language models including GPT-4, Gemini, and Claude,
has emerged as a fast-growing innovative technology in educational settings over recent years (Kasneci
et al., 2023). These versatile large language models undertake a variety of teaching and learning roles
in classroom scenarios. They can serve as interactive dialogue tutors to answer students’ personalised
questions, generate customised learning materials tailored to different learning levels, assist learners in
completing academic writing and revision, and inspire students’ creative thinking in open-ended
learning tasks. In actual teaching applications, these tools deliver personalised knowledge explanation,
step-by-step learning guidance, and round-the-clock learning support, breaking the time and space
limitations of traditional classroom teaching and enabling more flexible and diversified student learning
experiences. Even so, generative Al faces considerable practical constraints. Large language models
often produce plausible yet factually inaccurate outputs known as “hallucinations” and may carry
implicit biases inherited from training datasets. Their adoption also introduces new academic integrity
challenges, and these general-purpose models lack the structured domain knowledge and specialised
pedagogical logic of custom-built educational tutoring systems. As an emerging technology, generative
Al still lacks comprehensive empirical validation, with research evidence continuing to accumulate.
Current studies indicate that its educational value is highly contingent on rational implementation
design and clear pedagogical positioning.

Collectively, existing literature across all Al application categories reaches a consistent
conclusion: Technological sophistication is not the decisive factor determining educational
effectiveness. Instead, the practical value of Al tools is shaped by multiple contextual factors, including
the alignment between Al functionalities and curriculum objectives, teachers’ pedagogical competence
(rather than mere technical proficiency), institutional infrastructural support, and tool adaptability for
diverse learner groups. Advanced Al systems may fail to deliver expected learning outcomes if
implemented with flawed pedagogical design, inadequate teacher training, or misalignment with
curriculum goals. In contrast, even relatively simple Al tools can generate substantial educational
benefits when integrated with deliberate pedagogical planning and competent teacher guidance. This
consensus highlights that Al adoption in education is fundamentally a pedagogical practice, rather than
a purely technical implementation process.

Al's Impact on Teaching Effectiveness

Artificial intelligence shapes modern classroom teaching through multiple practical
mechanisms, bringing tangible pedagogical benefits while presenting notable implementation
challenges. Clarifying these practical mechanisms is essential for schools and educators to carry out
reasonable Al integration rather than passive technology adoption.

First, Al-assisted automation effectively reduces teachers’ repetitive administrative burdens.
Typical automated work includes routine grading, attendance recording, student progress tracking, and
instructional report generation. Empirical data shows that teachers using integrated Al educational
systems can cut 30—40% of their daily administrative workload each week, freeing up several hours that
can be reallocated to instructional design, student interactive guidance, and personal professional
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improvement (Holmes et al., 2019). Given the general time constraints faced by frontline educators,
such efficiency gains carry practical instructional value. However, these benefits rely heavily on
institutional support. Without targeted institutional guidance to guide the rational use of freed time,
improved administrative efficiency may only increase teachers’ work expectations instead of optimising
classroom teaching quality.

Second, Al empowers data-based teaching adjustment by capturing real-time learning data to
reflect student learning patterns, knowledge weaknesses, and individual progress trajectories. Instead
of relying on personal experience and limited in-class observation to judge student performance,
teachers can refer to systematic learning analytics to identify whole-class learning trends, screen at-risk
students, and pinpoint knowledge modules that pose common learning difficulties. With such data
support, instructors can flexibly adjust teaching rhythms, conduct early academic intervention for
underperforming learners, carry out targeted re-teaching for difficult knowledge points, and
continuously verify the effectiveness of teaching adjustments through follow-up data monitoring
(Viberg et al.,, 2018). The shift from experience-driven teaching to evidence-based instruction
represents a meaningful pedagogical upgrade. That said, data itself cannot improve teaching outcomes.
Teachers need basic data literacy to interpret analytical results objectively, reasonable pedagogical
judgement to ensure data guides rather than dominates teaching decisions, and ethical awareness to
protect student data privacy and algorithmic fairness.

Third, Al facilitates personalised teaching design that is difficult to achieve through purely
manual teaching arrangements. Traditional classroom instruction often adopts unified teaching
arrangements due to the high cost of differentiated design, making it hard to accommodate students’
varied prior knowledge, learning rhythms, and cognitive preferences. In contrast, Al systems can
automatically generate differentiated learning resources and personalised learning paths according to
individual student characteristics. This approach effectively solves the common classroom dilemma
where unified teaching content cannot cater to both advanced learners and struggling students, enabling
every learner to receive teaching arrangements matching their current ability level. Such Al-enabled
personalised optimisation significantly improves the pertinence and overall efficiency of classroom
teaching (Roll & Wylie, 2016). Still, personalised learning only delivers positive outcomes on the
premise of sound pedagogical design. Unreasonable personalised pathways may lead to fragmented
knowledge learning and deviate from preset curriculum objectives.

Fourth, by taking over repetitive administrative work, data sorting, and personalised matching
tasks, Al liberates teachers from trivial mechanical work. This allows educators to focus more energy
on high-value pedagogical work, including building positive teacher-student relationships, organising
collaborative learning activities, cultivating students’ critical thinking and innovative problem-solving
abilities, and providing targeted academic guidance and mentoring. Such a shift refocuses classroom
teaching on humanistic and high-order instructional value, which constitutes the core advantage of Al-
enabled educational reform.

Nevertheless, existing literature also identifies multiple practical barriers limiting AI’s
instructional value. Teacher readiness is a core influencing factor. Teachers lacking operational
proficiency, pedagogical recognition, and systematic training are likely to apply Al tools rigidly and
superficially, failing to release their due instructional value (Holmes et al., 2022). In addition, excessive
reliance on Al automation may trigger teacher professional regression. When teachers are reduced to
simple executors of algorithmic results, their independent pedagogical judgement and instructional
creativity may gradually weaken. In practice, Al integration also brings unintended problems, including
increased workload in the initial adaptation stage, single-dimensional teaching orientation driven by
assessment data, reduced instructional autonomy, and the transfer of freed working time to additional
administrative tasks.

The actual effectiveness of Al in teaching also varies significantly across different application
scenarios. Poorly matched system selection and unscientific pedagogical design will weaken teaching
quality instead of improving it. In most cases, teachers’ resistance to Al tools is not simply a rejection
of technological change, but a rational professional judgement based on practical teaching needs.
Teachers’ concerns about tool applicability, learning improvement effects, professional autonomy, and
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practical implementation barriers are all worthy of full attention. Ignoring these practical demands and
forcibly promoting Al technology often leads to ineffective integration.
Al's Impact on Student Learning Outcomes

Recent educational research on artificial intelligence applications in classrooms has identified
overall beneficial impacts on student learning, though these outcomes are far from uniform. The actual
effectiveness of Al learning tools fluctuates greatly based on how schools design and carry out Al
integration, the unique traits of student groups, and diverse classroom situational conditions.

Academic Achievement The preponderance of evidence indicates that Al-enhanced
instruction produces improvements in academic achievement compared to traditional instruction or
control conditions. Meta-analyses examining multiple Al implementation studies report effect sizes
ranging from moderate (0.45) to large (0.82), with typical effects in the 0.50—0.65 range (Chen et al.,
2020; Hwang et al., 2020; Holmes et al., 2022). To contextualize: a 0.50 effect size represents the
difference between a student at the 50th percentile in control instruction moving to approximately the
69th percentile with Al-enhanced instruction—a substantial improvement corresponding to several
months of additional learning growth. Effect sizes of this magnitude are comparable to or exceed widely
adopted educational innovations.

However, important nuances qualify this positive finding. First, effect sizes vary substantially
across studies, suggesting that implementation quality, contextual fit, and learner characteristics
substantially moderate Al's effectiveness. Second, systematic variation appears: stronger effects emerge
in mathematics and language domains compared to other subjects; K—12 settings compared to higher
education; well-designed systems (like rigorous ITS) compared to hastily-implemented applications;
contexts with strong teacher preparation. Third, effects sometimes diminish over extended time periods,
suggesting that initial enthusiasm effects may inflate short-term measured improvements. Fourth,
counter-evidence documents cases where Al implementation produced negligible or negative effects,
particularly when implementation quality was poor, teacher readiness was insufficient, or context was
misaligned with system design.

Engagement and Motivation Beyond achievement, Al-enhanced learning environments often
produce improvements in student engagement, motivation, and interest. Interactive systems providing
personalized feedback, maintaining appropriate challenge, and responding to student performance often
sustain engagement more effectively than traditional instruction. Engagement encompasses behavioral
engagement (participation and effort), emotional engagement (interest and enjoyment), and cognitive
engagement (depth of processing). Research indicates Al systems can support all these dimensions
through an interactive, personalized, responsive design. Engagement correlates with learning outcomes,
particularly for complex learning requiring sustained cognitive effort. However, engagement
improvements don't automatically translate to learning improvements, and short-term engagement in
interactive systems can diverge from sustained learning. Moreover, engagement effects sometimes
reflect novelty attraction that dissipates over time.

Personalized Learning: Al facilitates personalized learning experiences where instruction is
tailored to individual characteristics, enabling students to progress at appropriate paces with customized
content and support. Research indicates that personalization produces positive effects, particularly for
students with diverse learning needs: advanced learners benefit from accelerated pacing and
enrichment; struggling students benefit from additional scaffolding and review; students with specific
learning preferences benefit from customized modality. Personalization addresses heterogeneity
inherent in real classrooms, enabling all students to receive individually-appropriate instruction.
Moderating Factors Influencing Effectiveness

Existing research consistently shows that Al’s educational effectiveness is not determined by
technology itself. Instead, it is jointly restricted by multiple pedagogical, institutional, and contextual
factors, resulting in obvious differences in practical application effects.

Implementation Quality. System selection matching curriculum objectives, scientific content
design, stable technical operation, effective curriculum docking, and standardised ethical management
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all constitute the basic guarantees for high-quality Al application. Hasty technology promotion without
systematic pedagogical planning cannot produce sustainable teaching value.

Teacher Readiness and Competence. Teachers’ technical operation ability, Al teaching
integration cognition, data analysis literacy, and active willingness to reform teaching methods directly
determine implementation fidelity. Only when teachers possess systematic professional capabilities and
continuous development awareness can Al tools be truly integrated into classroom teaching and produce
stable learning benefits.

Subject Domain. Al performs differently across disciplines. It shows more mature application
effects in structured subjects such as mathematics and language learning, where knowledge systems are
clear, and learning paths are standardised. By contrast, humanities disciplines that emphasise subjective
interpretation, creative expression, and multi-dimensional critical thinking face greater limitations in
Al application, due to the difficulty of algorithmic modelling and intelligent feedback for unstructured
knowledge.

Educational Level. AI’s advantages also vary across educational stages. In K—12 education, it
is more conducive to stimulating learning engagement and consolidating basic knowledge and skills. In
higher education scenarios, it better assists students in completing advanced knowledge exploration and
complex problem-solving tasks. Age-adaptive design and stage-matched pedagogical models are
essential to ensure targeted Al applications.

Socio-Economic Context. Socio-economic gaps bring obvious educational equity risks in Al
applications. Students from advantageous family backgrounds generally gain more benefits from Al
learning tools, due to differences in hardware equipment access, network stability, family educational
support, digital literacy foundation, and cultural adaptation. The lack of inclusive and equitable design
further widens the original educational gap, which is a key problem to be solved in Al educational
promotion.

Technical Infrastructure. Stable network environment, sufficient terminal equipment, and
reliable platform operation are basic prerequisites for Al teaching. Students without basic technical
support cannot participate effectively in intelligent learning activities, regardless of system quality. The
persistent digital divide remains a major constraint restricting equitable Al education.

Student Prior Knowledge and Digital Literacy. Students’ subject foundation and digital
application ability also moderate Al learning effects. Students with insufficient prior knowledge cannot
effectively understand and utilise system push recommendations, while learners with low digital
literacy will face obstacles in tool operation and learning interaction, thus limiting the practical value
of Al tools.

Overall, AI’s educational value is conditional and situational. Its effectiveness depends on
comprehensive guarantees of scientific implementation schemes, sufficient teacher preparation, perfect
institutional support, and equitable resource allocation. Simply relying on technological popularisation
cannot automatically optimise teaching quality and student learning outcomes.

Discussion
Reconsidering Al as Pedagogical Facilitator

A central insight emerging from this synthesis concerns the necessity of positioning Al as a
pedagogical facilitator serving clearly-defined educational objectives rather than as an autonomous
technological solution. The extensive implementation of adaptive learning systems, intelligent tutoring
systems, and learning analytics signifies a transition toward individualized, data-informed educational
methodologies aligned with constructivist and differentiated learning theories. However, the literature
consistently demonstrates that technology alone cannot produce educational benefits; rather, technology
must be deployed with pedagogical intentionality within institutional contexts supporting effective
implementation.

This finding aligns with critical educational technology scholarship questioning technological
solutionism—the assumption that technological innovations automatically improve education. Selwyn
(2023) cautions against uncritical technological optimism, emphasizing that technology outcomes
depend on institutional values, educational purposes, teacher agency, and pedagogical deliberateness
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rather than technology's inherent properties. Applied to Al integration, this perspective suggests that
beneficial outcomes require educators and institutions actively choosing to deploy Al toward
pedagogically sound objectives, not merely adopting Al because it exists. Conversely, Al systems can
produce harmful outcomes if deployed without pedagogical grounding: algorithmic ranking of student
performance can damage self-concept if used punitively rather than developmentally; personalized
learning pathways can fragment curricula if designed without attention to disciplinary coherence;
automated assessment can narrow learning toward easily-measurable dimensions while neglecting
complex thinking.

Understanding AI's Contextual and Conditional Effectiveness

A critical finding concerns Al's contextually-conditional effectiveness: Al is not uniformly
effective or ineffective but rather produces different outcomes depending on multiple moderating
factors. Strong evidence supports this variability: implementation quality, teacher readiness, subject
domain, educational level, socio-economic context, and technical infrastructure all substantially
moderate Al's effectiveness. This finding has important implications: the question "Does Al improve
education?" is fundamentally unanswerable in absolute terms. Rather, productive questions are: "Under
what conditions does this particular Al application improve learning?" "For which students?" "In which
contexts?" "With what implementation quality?" "With adequate teacher preparation?" "At what cost?"
Understanding this conditionality enables sophisticated implementation: rather than universally
assuming Al benefits, educators and institutional leaders can ask empirically-grounded questions about
likely effectiveness in their particular context.

This contextual perspective highlights why counter-evidence—cases where Al produced
negligible or negative effects—deserves serious scholarly attention rather than dismissal.
Understanding what differentiates successful implementations from unsuccessful ones requires learning
from failures. The literature suggests that failures typically reflect poor pedagogical alignment,
inadequate teacher preparation, technical inadequacy, contextual misalignment, or infrastructure
constraints. Diagnosing failure reasons enables learning: How can better pedagogical alignment be
achieved? What teacher preparation would be more adequate? How can technical quality be improved?
This failure-learning approach stands in contrast to both uncritical enthusiasm and blanket skepticism,
instead adopting sophisticated pragmatism: "Al can improve education under certain conditions; our
job is to understand and create those conditions."

Teacher Agency and Professional Concerns Reconsidered

This synthesis suggests reconsidering conventional narratives about teacher resistance to Al
integration. Typically, resistance is framed as psychological resistance to change, attributed to
educators' attachment to traditional methods or fear of technology. While some resistance certainly
reflects such factors, more nuanced analysis reveals that much teacher resistance reflects legitimate
professional concerns: skepticism about whether particular systems genuinely improve learning
(sometimes justified based on weak evidence); concerns about job security or autonomy erosion;
recognition that implementation demands substantial time and effort without guaranteed benefits;
practical barriers including inadequate training, support, and resources; and philosophical concerns
about technological solutionism.

From this perspective, teacher resistance deserves consideration not as an implementation barrier to
overcome but as important information about implementation challenges and contextual constraints.
Rather than viewing resistant teachers as problems to solve, a more respectful approach listens to
teachers' concerns, validates legitimate concerns, addresses remediable problems (inadequate training,
insufficient support, misalignment with pedagogical values), and respects teachers' professional
judgment about whether particular implementations serve their students' interests. This approach
recognizes teachers' professional expertise rather than positioning them as passive recipients of
mandated technology. Additionally, recognizing that some teacher skepticism reflects appropriate
professional judgment protects against uncritical technology adoption driven by commercial interests
rather than genuine pedagogical benefits.

The Persistent Digital Divide and Equity Imperative
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While this synthesis documents substantial potential for Al to enhance learning outcomes, this
potential remains inaccessible to substantial populations due to persistent digital divide realities.
Students without reliable internet connectivity, adequate devices, and digital literacy support cannot
effectively access Al-enhanced learning regardless of system quality. Geographic variation in
infrastructure, socio-economic disparities in device access, and global inequities in technical
connectivity create fundamental access barriers. Moreover, even among students with basic access,
differential benefit patterns suggest that higher-SES students often derive greater benefits from Al
implementations than lower-SES students, potentially widening achievement gaps.

These equity realities suggest that Al implementation without explicit, deliberate equity
commitment risks exacerbating rather than reducing educational inequities. The equity imperative
requires universal access to devices and reliable connectivity as prerequisites; culturally-responsive
system design serving diverse learner populations; deliberate bias auditing, identifying and correcting
algorithmic discrimination; accessibility features supporting diverse learners including those with
disabilities; examination of implementation patterns to identify and address differential benefit; and
commitment to equity as explicit educational objective guiding implementation rather than afterthought.
This equity-centered approach recognizes that technology alone cannot resolve inequities rooted in
socio-economic disparities and historical discrimination; rather, technology must be deliberately
deployed within broader equity frameworks.

Toward Integrated Framework

Having examined research fragmentation and documented patterns, this synthesis proposes an
integrated framework attempting to unify dispersed findings into coherent understanding. This
framework positions Al within TPACK theory (Technological Pedagogical Content Knowledge) and
constructivist learning principles, specifying how particular Al technologies can support particular
pedagogical functions when deployed with appropriate teacher knowledge and institutional support.
The framework operates through multiple interconnected layers. At the foundation stands ethical
governance and data governance algorithmic transparency, bias monitoring, student data privacy, policy
alignment. This foundation supports mediating factors including TPACK knowledge (understanding
how technological, pedagogical, and content knowledge intersect); constructivist principles (active
learning, scaffolding, social interaction, authentic tasks); and institutional support (infrastructure,
professional development, ethical governance). These mediating factors enable implementation quality
through context-appropriate design, teacher readiness and agency, equitable access, and ethical
frameworks.

The framework positions Al technologies (adaptive learning systems, intelligent tutoring
systems, learning analytics, automated assessment, generative Al) as tools serving pedagogical
functions within these layers. Effective implementation produces enhanced teaching effectiveness
(reduced administrative burden, data-informed instruction, personalized design, time for higher-order
pedagogy) and enhanced student outcomes (academic achievement, engagement, personalized learning,
reduced achievement gaps when equity-centered).

Throughout this process, multiple moderating factors operate: subject domain, educational level, socio-
economic context, technical infrastructure, and teacher pedagogical beliefs. Feedback loops ensure
continuous assessment of equity impacts, adjustment of implementation based on outcomes, and
iterative refinement of pedagogical integration. This framework emphasizes that effective Al
implementation requires orchestrating multiple elements rather than depending on any single factor.
The Unique Contribution of This Synthesis

This synthesis uniquely bridges disciplinary fragmentation by: (1) mapping interdisciplinary
gaps between technical Al and pedagogical implementation studies, systematically integrating
computer science, educational technology, psychology, and sociology literature typically siloed within
separate disciplines; (2) integrating generative Al developments (2023—2026) with foundational AIED
research, demonstrating how emerging large language models and Al applications build upon and
extend decades of scholarship while introducing novel possibilities and challenges; (3) categorizing
contextual moderating factors—implementation quality, teacher readiness, subject domain, educational
level, socio-economic context, technical infrastructure—that systematically influence Al effectiveness
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outcomes, enabling sophisticated understanding of conditions under which implementations succeed or
fail; and (4) proposing an integrated TPACK-grounded framework positioning Al as pedagogical
facilitator aligned with constructivist learning principles and sound educational theory rather than as a
standalone solution.

New Knowledge from Research: "Integrating Al in Education: Enhancing Teaching
Effectiveness and Student Learning Outcomes in Digital Classrooms"
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Conclusion

A review of contemporary educational literature confirms that artificial intelligence (Al) offers
substantial potential to optimise teaching practices and enhance student learning outcomes in digital
educational contexts. Nevertheless, such beneficial effects cannot be generated by Al technology itself
in a spontaneous manner. Instead, the realisation of substantive educational improvements relies on
theoretically grounded and well-conceived pedagogical design, long-term institutional backing,
systematic teacher training, and rigorous attention to ethical norms and educational equity in practical
application.

Empirical studies have verified the multiple core strengths of rational Al application in
education. In terms of teaching practice, standardised and targeted Al deployment can reduce teachers’
daily administrative workload by 30—40%, allowing teachers to allocate more time and energy to high-
value teaching activities and interactive communication with students. In terms of student development,
Al-assisted learning has been proven to steadily improve students’ academic performance, with its
effect size ranging from 0.45 to 0.82. This optimisation effect is equivalent to or even superior to that
of many mature educational improvement strategies. Most importantly, Al technology provides a
feasible and scalable solution for personalised and differentiated teaching, which can effectively
respond to the diverse learning competencies and individual developmental needs of students in
conventional classroom environments. Furthermore, the introduction of Al tools helps transform
traditional classroom evaluation modes, shifting teaching decision-making from teachers’ subjective
experience and fragmented informal assessment to systematic, data-supported analysis of students’
learning characteristics and developmental rules.

While Al presents promising application prospects in education, its popularisation and
implementation still face prominent limitations and potential risks. The practical efficacy of educational
Al tools is highly variable, which is constrained by multiple factors including implementation standards,
teachers’ technical literacy and adaptive capacity, disciplinary characteristics, educational stages, social
and economic conditions, and local digital infrastructure. Improper or hasty Al integration may fail to
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produce educational benefits and even hinder students’ sustainable learning progress. In addition,
persistent digital divide issues leave a large number of students without stable network access and
qualified digital learning equipment, forming fundamental barriers to equitable Al-enabled education.
Algorithmic bias embedded in Al systems may also solidify and exacerbate the long-standing inequities
in the education system. Meanwhile, teachers’ cautious and sceptical attitudes towards emerging Al
tools originate from reasonable professional concerns, which should be fully valued and addressed
rather than ignored. In the absence of standardized supervision and scientific planning, Al educational
applications may further widen the gap between different groups of students.

This study therefore clarifies a core cognitive perspective for educational Al research: Al
should not be regarded as an independent technological solution to solve educational dilemmas, but as
a flexible pedagogical auxiliary tool whose application effect depends on teachers’ professional
judgment and sound institutional support. This viewpoint is consistent with the core connotation of
constructivist learning theory and the Technological Pedagogical Content Knowledge (TPACK) model.
The TPACK framework emphasises that the successful integration of educational technology requires
the organic combination of technological literacy, pedagogical ability and professional subject
knowledge, and the whole application process must be guaranteed by continuous and effective
institutional support.

The research conclusions of this study have practical guiding significance for frontline
educators and educational administrators to promote the responsible and high-quality integration of Al
in education. First, the adoption of Al technology should be based on actual pedagogical demands and
educational goals, rather than blind pursuit of technological trends. Second, sustained and high-standard
teacher training is a necessary prerequisite for Al application, and the current investment scale and
training intensity need to be further improved. Third, educational equity should be taken as the core
principle throughout the whole process of Al implementation, rather than being regarded as a
supplementary consideration. Fourth, complete data governance mechanisms need to be established to
protect students’ personal privacy and ensure the fairness and standardisation of algorithm operation.
Fifth, institutional promotion of educational Al should fully respect teachers’ professional experience
and teaching autonomy, and avoid simplistic top-down promotion modes that restrict teachers’
subjective initiative. Finally, universal and equitable access to stable network resources and qualified
digital equipment is a basic prerequisite to realise inclusive Al-enhanced education for all students.

Recommendation
For Educational Practitioners

Schools and educators should adopt Al in teaching based on pedagogical needs rather than
technological trends, ensuring Al serves institutional educational goals instead of merely improving
operational efficiency or cutting costs. Al implementation should be led by educational demands
rather than technology vendors.

Sustained and systematic teacher training is essential for successful Al integration. Beyond
one-off workshops, ongoing training should cover Al system operation and troubleshooting, Al-based
pedagogical design, learning data analysis literacy, and core ethical norms including data privacy and
algorithmic fairness. Technical teams need to provide continuous on-site support. Importantly,
teachers should be positioned as active adapters of educational technology, rather than passive users
of preset Al systems.

Institutions must bridge the digital divide to ensure equitable Al learning access for all
students, providing universal access to learning devices and stable internet. When selecting Al
systems, schools should prioritize culturally inclusive designs and adaptive functions for diverse
learners, and continuously monitor learning outcomes across different student groups to timely
identify and mitigate inequitable gaps caused by Al application.

Sound data governance and ethical rules are indispensable. Schools need to formulate clear
policies to standardize the collection, usage, storage and sharing of student data, restricting data
collection to teaching-related purposes and requiring explicit consent for secondary data use.
Meanwhile, institutions should limit third-party data sharing, guarantee students’ data access and
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deletion rights, and conduct pre-launch fairness audits of Al algorithms, with relevant policies
updated regularly.

Schools should adopt Al-assisted blended learning models instead of full intelligent
automation. Al can undertake personalized learning tasks such as targeted practice and adaptive
progress adjustment with real-time feedback, while teachers focus on explaining complex knowledge,
organizing classroom discussions and building teacher-student relationships. This complementary
model gives full play to the advantages of both Al technology and human teaching.

Humanistic education values must be retained in Al-enabled teaching. Al only serves as a
teaching auxiliary tool to improve learning efficiency and personalization. Teachers remain the core
of education, responsible for cultivating students’ critical thinking, collaborative ability, creativity,
emotional intelligence and ethical cognition. Educational Al should empower rather than replace
human teaching and emotional communication.

For Institutional Leaders

School leaders should regard educational Al integration as a key strategic institutional project,
requiring clear positioning, long-term investment and sustained management support.

Leaders must clarify the educational value of Al application first, ensuring technology adoption
serves institutional educational missions and student development, and avoiding decisions driven by
vendor commercial interests or single efficiency goals.

Adequate and balanced resource allocation is critical for effective Al implementation. Funds
need to cover digital infrastructure construction, teacher professional training, Al system procurement
and maintenance, and effect evaluation. Leaders should reserve sufficient budget margins, as actual
Al implementation costs usually exceed initial estimates, and insufficient investment will directly
undermine teaching application effects even with high-quality Al systems.

To solve the problem of high one-time technology investment costs, leaders need to build
sustainable funding mechanisms, including public-private cooperation, educational foundation grants,
phased Al implementation, and long-term institutional financial planning for educational technology
investment.

Leaders should fully engage teachers, students and parents in Al-related decision-making
including system selection and implementation plans, and keep open and transparent about Al
application modes, data collection scopes and decision-making logic. This can effectively build
stakeholder trust and promote orderly Al implementation.

Special governance committees composed of educators, technical personnel, ethics experts and
community representatives should be established to supervise the whole process of Al application.
The committee is responsible for reviewing ethical risks of Al systems, improving data governance
policies, tracking unintended application problems, and ensuring Al use conforms to institutional
educational values.

Beyond targeted pre-service training for Al projects, schools should popularize general Al
literacy training for all teachers, helping teachers objectively recognize the functions and limitations
of educational Al, critically evaluate intelligent systems, and master basic norms of Al-assisted
teaching and data ethics.

For Policy Makers

National and regional education policies play a decisive role in standardizing and supporting
educational Al development, and can either facilitate or restrict high-quality Al integration.
Governments need to formulate unified student data protection standards for educational Al systems,
clarifying that data collection is limited to teaching scenarios, prohibiting unauthorized secondary use
and third-party sharing, requiring algorithm transparency and regular bias audits, and protecting
students’ and families’ legitimate data rights.

Policies should mandate pre-launch fairness detection and long-term dynamic monitoring of
educational Al algorithms to avoid demographic discrimination. Technology vendors are required to
fully disclose algorithm logic, training data sources and fairness evaluation results to ensure system
credibility.
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Unified national teacher Al literacy standards should be established, covering Al system
identification, pedagogical application, data analysis and ethical judgment capabilities. Governments
need to fund in-service teacher Al training programs and integrate Al literacy courses into pre-service
teacher education systems.

Government investment in digital infrastructure is essential to achieve equitable Al education.
Policies should prioritize the construction of regional broadband networks, universal student device
allocation and public technical support services to bridge the urban-rural and inter-school digital
divide.

Relevant departments should fund diversified and long-term educational Al research,
including long-term effect tracking studies, practical research in underdeveloped and non-English-
speaking regions, equity-oriented research, qualitative research on students’ learning experience, and
empirical analysis of implementation barriers and successful practices.

For Future Research

Current educational Al research has obvious gaps, which need to be supplemented and
deepened by follow-up studies.

Existing studies mostly focus on short-term intervention effects. Long-term tracking research
is required to explore the sustained impact of Al teaching, verify the durability of teaching
improvements, and analyze the adaptive changes of teachers and students in long-term Al-enabled
learning scenarios.

Current empirical research is overly concentrated in developed English-speaking regions.
More studies targeting developing countries, non-English regions and resource-constrained schools
are needed to verify the general applicability of existing research conclusions and summarize
localized Al implementation strategies.

Quantitative studies on teaching effects are abundant, while qualitative research based on
students’ subjective experience is insufficient. Follow-up research should focus on students’ actual
feelings, learning difficulties and perceptions of teacher-student emotional communication in Al
classrooms.

It is necessary to conduct targeted research on the equity impact of educational Al, explore
how AI application changes inter-student achievement gaps, analyze its differentiated impact on
different student groups, and summarize Al design and application strategies conducive to educational
equity.

Further research is needed on teachers’ practical Al application behaviors, including teachers’
pedagogical adjustment strategies, changes in teaching modes, and key supporting conditions for
effective Al integration.

Comparative effectiveness research should be strengthened to compare the application effects
of different Al systems and implementation models in similar teaching scenarios, and explore the
applicability of Al tools in different subject fields, so as to clarify key factors affecting teaching
effectiveness.

With the gradual diversification of school Al tools, research on cross-platform data
interoperability is urgently needed to solve the problem of scattered student learning data, realize
integrated student profile construction, and provide holistic learning support.

In addition to effectiveness research, critical ethical research should be increased. Follow-up studies
need to examine the practical value of commercial educational Al tools, analyze the power changes in
intelligent teaching scenarios, assess the risk of teacher professional skill degradation, and explore
how Al technology replicates or exacerbates traditional educational inequities.

Current research overemphasizes successful Al implementation cases. Systematic analysis of
failed cases is equally important. Future research should summarize the causes of ineffective Al
application and negative teaching outcomes, so as to provide practical references for avoiding
implementation risks.
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