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Abstract

Personalised learning enabled by artificial intelligence is argued to be an approach to foster sustainable development
of education. Evidence from meta-analysis demonstrates that Al-based adaptive learning yields higher cognitive
gains than non-adaptive methods (g = 0.70) in terms of academic achievement (adding 0.36 standard deviation) and
mathematics (adding 0.42 standard deviation), amounting to three to five months' additional learning. The meta-
analysis on intelligent tutoring systems yields g = 0.86 on the basis of 30 studies, although its effects on motivation,
knowledge and problem solving have not been conclusive yet. However, the connection between personalised
learning and sustainable development is not as straightforward as it sounds — there is a lack of coherence in the
concept of Al-enabled personalisation in terms of adaptive engines, learning analytics, and generative feedback.
Likewise, the fields of Al in education and education for sustainable development have developed independently
of each other without articulating the necessary conditions for the implementation of sustainable and lasting
interventions. To remedy this situation, this paper introduces the AI-Enabled Personalised Learning for Sustainable
Educational Development Framework, which is a multi-tiered framework consisting of learner modelling, adaptive
instructional sequencing, human-in-the-loop teacher orchestration, and sustainable governance.
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Introduction

The issue of education is highly relevant within the framework of sustainable development goals because it acts as a
goal in itself and as a condition for other goals. Goal four states that countries need to ensure inclusive and equitable
quality education and lifelong learning opportunities for all, which can be provided with the help of advanced
information technologies (Alamiki et al., 2024). Education technologies should consequently promote
sustainability-based transformation (Abulibdeh et al., 2024).

However, Al is the preferred option because of its features of intelligent tutoring systems, adaptive learning, and
educational analytics, where personalization is essential (Ma et al., 2014); algorithms and machine learning make the
process of personalizing content based on engagement and performance outcomes (Crompton & Burke, 2023). In a
meta-analysis of 45 articles, there was a medium to large effect (g =0.70) related to cognitive outcomes and an increase
by 0.36 SD in academic achievement and 0.42 SD in mathematics (approximately three to five months' worth of
learning) (Chen, 2025). In intelligent tutoring systems, g = 0.86 was determined based on 30 articles and the largest
effects were in attitudes to learning and test outcomes and not motivation and problem-solving abilities (Chan, 2023).
Tutoring systems could improve performance by providing personal instruction and feedback (Kulik & Fletcher, 2015).

Nevertheless, there are two weaknesses from the perspective of sustainability. The first one is fragmentation, whereby
adaptive engines, learning analytics, and feedback processes have been adopted separately without considering their
relationship with each other and without paying much attention to the pedagogical and ethical contexts within which
they operate. The second one is conceptual weakness, whereby the literature on Al and the literature on education for
sustainable development have developed independently of each other (Adams et al., 2023), while research on their
combination does not involve analyses of ethical concerns, impact of Al on education for sustainable development,
and ways of their effective integration (Ayeni et al., 2024). The level of teacher trust in educational Al is also
influenced by experience, perception, and educational contexts in various countries (Viberg et al., 2024).

Equity and ethics matter (Bond et al., 2024). Given the techno-solutionist paradigm, the current practice is most likely
to result in inequalities and inequitable distribution of resources (Colchester et al., 2016), and the questions of consent,
privacy, bias, fairness, accountability, and transparency should be resolved. The use of Al by teachers requires insight
into how Al works and the preservation of professional autonomy via professional development (Ayanwale et al.,
2024), and individualization can influence the outcomes as well (Wang et al., 2024). Thus, the paper explores how
personalized learning can be designed, managed, and evaluated in order to ensure the match between cognitive
development and sustainable educational development (Bhatta, 2026). Existing frameworks describe the capabilities
of Al technology or the goals of sustainable development but not both, and we provide the framework of “Al-Enabled
Personalized Learning for Sustainable Educational Development,” which includes four levels (learner modeling,
adaptive instruction sequencing, human-in-the-loop orchestration, and sustainability governance) and the
requirements at each level (Bulathwela et al., 2024).

Literature Review

Adaptive Systems and Personalisation as the Dominant Application

Similarly to numerous other studies on the use of Al in HE, much attention is paid to the topics of adaptive technologies
and personalization. According to the results of a systematic review, there were four main application domains of Al,
such as profiling and prediction, assessment and evaluation, intelligent tutoring systems, and adaptive technologies
and personalization, with very little contribution by teachers and educationalists (George-Reyes & Lopez-Caudana,
2026). As reported by a tertiary review, the majority of reviews focused on Al in HE generally (47.0%) and Al and
profiling and prediction specifically (28.8%) but failed to explore the common capabilities of Al (Memarian & Doleck,
2023). Al has a positive effect on students' performance (Dong et al., 2025) and contributes to personalized learning
and educational administration (Zawacki-Richter et al., 2019).

Educational Al raises questions of privacy, fairness, and accountability that need implementation steps to be taken in
order to address those ethical questions properly. It is important in relation to its implications for stakeholders such as
policy-makers, researchers, and practitioners in the development of a well-effective, ethical, and inclusive learning
environment (Ifenthaler et al., 2024), and can contribute to enhancing education quality and availability despite
questions related to equity, ethics, and sustainability (Pedré et al., 2019), with latest developments providing more
opportunities for educational activities (Zawacki-Richter et al., 2024).
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They rely on learner models. Adaptive systems take into account the uniqueness of each learner’s process, merging
the recognition of learners’ needs with the pedagogical know-how for addressing them; student models are created
through the analysis of the affective state of learners, their level of knowledge, and personality traits and skills, thus
supporting either the pedagogy of the designers or self-learning and adaptation of the system. A literature review of
63 studies regarding the application of artificial intelligence and machine learning in e-learning indicates that adaptive
algorithms enhance learning paths, foster engagement, and lead to better academic results, although higher test scores
have been indicated only in some of the reviewed studies, and there is an issue with privacy and complexity issues
(Huang et al., 2025). Intelligent approaches in e-learning include machine learning, educational data mining,
knowledge tracing, learning analytics, learner modeling, and intelligent agents (Gligorea et al., 2023), while
democratizing Al in education means equal access and proper usage (Prinsloo & Khalil, 2024).

Evidence on Learning Outcomes

Meta-analysis is regarded as the strongest form of quantitative data. In 45 independent studies conducted in 18
scholarly databases, an Al-powered adaptive learning had a medium-to-large effect (g = 0.70) on cognitive learning
outcomes in comparison to non-adaptive measures; publication type, country of study, level and major of learners,
length of time, methodology of research, types of adaptivity (cognitive, affective, behavioral) and targets (navigation
and assessment) are moderators of effect while the type of artificial intelligence is not. Meta-synthesis revealed 0.36
and 0.42 standard deviation improvements in general and mathematics achievement as opposed to traditional teaching
approach with the magnitude similar to three to five months of extra learning (Steenbergen-Hu & Cooper, 2013). The
meta-analysis of 29 empirical studies with 2,657 participants indicates a substantial positive effect of artificial
intelligence on academic performance (effect size 0.924). The evidences that support intelligent tutoring are more
complicated. Meta-analyses of 107 effect sizes involving 14,321 participants reported that ITS was more efficient than
large group teaching by teachers (g = 0.42), computer-based learning (g = 0.57), textbooks/workbooks (g = 0.35),
individual human tutoring (g = —0.11), and small-group teaching (g = 0.05). A review of 50 controlled experiments
resulted in an average effect size of 0.66 standard deviations and strongly depended on the kind of local or standard
tests used. ITS were moderately efficient in higher education (g = 0.32 to 0.37) and better than all other strategies
except for human tutoring with the effect increasing with time. A meta-analysis of 30 studies (g = 0.86) revealed
considerable improvements in learning attitude and test scores without any clear ITS influence on knowledge
acquisition, motivation, performance, problem solving, or education level.

Sustainable Education and Ethical Conditions

Sustainable education is based on systematic acquisition of knowledge. There have been many researches that have
pointed out the incremental inclusion of SDGs within the educational curriculum along with new issues in relation to
Al and information technology (Nazaretsky et al., 2022). Yet, there is a need for more research on the ethical issues
related to Al, personalization, and pedagogy of Al (Lin et al., 2023).

The ethics of integrating Al in education involve accountability, privacy, transparency, fairness, reliability, and learner
autonomy (Nguyen et al., 2022). For K-12 education, there is also an additional focus on the rights of children,
pedagogically appropriate use, Al literacy, teachers’ well-being, explainability, and sustainability.

Teachers have a significant role to play in Al-assisted learning by assessing and adapting the suggestions made
automatically. Explainable Al, together with professional training, can help address problems of trust and
implementation on the part of teachers. There are other challenges, including workload issues, transparency of
algorithms, new teaching approaches, and digital literacy (Roy, 2020). Additional research involving STEAM teachers
highlights that Al literacy can mitigate biases and increase acceptance of Al-assisted assessments (Lucas et al., 2024).

Equity as a First-Order Design Constraint

Last but not least, the equity literature exposes risks associated with personalised learning through Al. If nothing
changes, Al in education will increase the disparity between well-educated people and others because of
techno-solutionism, meaning that technology is a quick and flawless solution. Bandwidth, devices, and Al literacies
can increase the disparities that already exist, and the literature is primarily concerned with the use of Al in solving
insufficient education rather than its role within the context of power and inequality, as well as what knowledge
becomes legitimate, who benefits and who loses out. Positional work defines Al democratising education and
education democratising Al; some of the solutions can be open-source material accessibility, training of educators,
and interdisciplinarity.
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Research Gap

This literature review points out three gaps influencing the significance of this study.

1. Integration gap. Adaptive engines, learner models, tutoring modules, and analytics are treated as separate
interventions rather than parts of one learning system. Reviews of Al in higher education note that technical
and methodological aspects are often explored but educational, ethical, and institutional integration is rarely
addressed, with further barriers of cost, infrastructure, and unequal access to high-speed Internet.

2. Pedagogical—ethical gap. There is little critical discussion of pedagogical and ethical challenges of using Al
in higher education, namely privacy, fairness, and learner autonomy. The FATE review shows that concepts
have developed much faster than empirical studies, and similar challenges appear in the Al and education for
sustainable development literature.

3. Sustainability-impact gap. Existing approaches do not link personalized learning outcomes, such as
knowledge gain, motivation, and problem solving, with sustainability criteria, namely accessible learning,
teacher competency, and institutional sustainability. While personalization can enhance learning, little is
known about its wider impact, and without attention to digital access and skills, Al-driven personalization
might widen the educational gap.

Contribution

This research will bridge this gap by introducing a novel Al-driven personalized learning framework that combines
adaptive technology, pedagogical practice, ethics, and sustainability. The connection between personalized learning
impacts and accessible learning, teachers' competency, and institutional sustainability would advance Al in education

Proposed Framework

Framework Components

Layer 1 — Learner Modeling. The first layer generates and updates the learner’s multi-dimensional model. From the
research into adaptive systems, it can be seen that the proper learner profile requires analysis of affective state,
knowledge level, and personal skills and characteristics, and that the models not only support the pedagogy of the
designers but also enable the system to learn and adapt the learning environment on-the-fly. This is because from the
literature on adaptive systems it can be seen that the sources (cognitive, affective, behavioral) and targets (navigation,
assessment) of adaptive systems mediate the effect of adaptation on learning, so that cognitive modeling alone would
ignore sources of variation.

The governance layer imposes two limitations in this regard: information gathering should take into consideration the
hesitancy of the learners to provide all information about themselves due to the fear of misusing it, and profiling
should permit the testing of impartiality.

Layer 2 — Adaptive Instructional Sequencing. The current layer transforms the learner profile into actions such as
content selection, task difficulty and pace adjustment, and assessments administration. This layer relies on evidence
from moderators that navigation and assessment can be seen as adaptivity targets, and that the sources of adaptation
span from cognitive to affective to behavioural. The results presented here represent the benchmark that the framework
should preserve: a medium to large effect of the adaptive system on cognitive outcomes (g = 0.70), an improvement
of 0.36 standard deviation on average and 0.42 in mathematics, and a positive effect of 0.924 based on 29 studies.
Furthermore, the sequencing should adhere to the limits of evidence: the effects of ITS on-knowledge acquisition,
motivation, performance, and problem-solving are ambiguous, while those on learning attitudes and tests are clear-
cut.

Personalization Logic has to remain within the bounds of what adaptive technology is capable of, which is learning
optimization, engagement, and improved testing outcomes, while being aware of the privacy challenges still ahead.

Layer 3 — Human in the Loop Teacher Orchestration. In this case, the teacher’s judgement becomes structurally
essential rather than optional. Teachers gain trust in Al systems if they know about the differences between Al
decision-making and human experts’ decisions and that the former complement rather than replace the latter, therefore
requiring tools for teachers to critique, revise and, where necessary, override Al’s decision-making before reaching
the learner. Professional development is key in doing so as it increases awareness of Al-driven assessment, mitigates
biases and misconceptions, and promotes adoption.
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It also takes into account adoption barriers such as fear of radical changes in pedagogy, increased workload, lack of
clarity in decision-making process by Al and a bias toward human rather than Al advice. Therefore, this layer develops
three different interfaces for teachers, including recommendation review, override with explanation and cohort
monitoring.

Layer 4 — Governance for Sustainability. This upper layer includes ethical, equitable and sustainable principles as
constraints in the form of responsibility and accountability, privacy, neutrality, transparency, non-maleficence,
precaution, and system reliability, as well as school-specific constraints of pedagogical appropriateness, children's
rights, Al literacy and teacher well-being. Implementation requirements stem from comprehensive policy frameworks
(accuracy, auditability, explainability, fairness, human-centricity and well-being, alignment with human rights,
inclusiveness, progressiveness, robustness and security and sustainability). In this case, sustainability refers to
preferences of implementations that provide sustainable insights. Responsibility and accountability are obligatory
instead of desirable due to their role in legitimisation of Al adoption within organisation.

This is where the issue of equity comes to the fore. Since issues of uneven bandwidth, devices, and literacy can
aggravate current inequalities and since technological solutionism may only widen gaps and inequities, standards of
access and equity must be developed before implementation and outcomes are measured. One more issue that must
be considered is that of Al literacy, which current definitions do not incorporate (see Table 1).

Table 1: Framework Layers, Functions, and Grounding Evidence

Layer Primary function Grounding evidence
1 Learner Build multidimensional cognitive, | Affective states, knowledge level, and personality traits as profile
Modelling affective, behavioural profile inputs; cognitive, affective, behavioural adaptive sources as
significant moderators
2 Adaptive Select content, adjust difficulty Navigation and assessment as significant adaptive targets; g =
Sequencing and pacing, schedule assessment 0.70 cognitive effect; 0.924 effect across 29 studies
3 Teacher Review, modify, and override Al Teacher agency identified as key; override before
Orchestration recommendations recommendations reach students; PDP improved trust and
reduced misconceptions
4 Sustainability Enforce ethical, equitable, and Principle sets in; bandwidth, device, and literacy inequity
Governance durability constraints
Methodology

Research Design

The proposed methodology in question employs sequential mixed methods, using design-based research for fine-
tuning the framework and a quasi-experiment for measuring its effectiveness. This is done in response to the criticism
of Al-in-education studies that the area has been more concerned with technology than education and ethics, as well
as to the preponderance of definitions over empirical studies of the concepts.

Participants and Sampling

Participants will be learners and educators at two educational levels, as the impact of adaptive learning on achievement
changes depending on the learner’s educational level and subject domain, while the effectiveness of ITSs does not
have any significant relationship with the educational level but only with the country. Ethical tools that are appropriate
for children will be used in school level settings.

Instruments and Data Sources

Data will be collected from four different sources: (i) logs for the performance and interaction of the platform, which
constitute the behavioral data proven to be adaptive from previous studies; (ii) cognitive achievement tests, depending
on whether they are standardized or local as the amount of improvement depends very much on that factor; (iii) surveys
on trust, agency, and workload for teachers; and (iv) governance documents, such as consent forms and data-access
documentation, since learners refuse to share all their data.

Procedure

Phase 1 develops constructs that can be measured at all four levels and establishes governance boundaries. Phase 2
carries out two rounds of design-based research in actual classrooms, where the teachers' reviewing, adapting, and
overriding actions are recorded as primary data. Phase 3 makes a comparison of the adaptive and non-adaptive
conditions for a time period sufficient to uncover the dependency on time demonstrated by meta-analyses. Phase 4
checks on the equity and ethics (access level, distributional impact, procedural accuracy) in relation to the adopted

17



International Academic Journal of Social Sciences,
Vol. 13, No. 2, pp. 13-21.

principles. Phase 5 assesses teachers' competencies before and after a professional development module comparable
to those which are known to address concerns and build trust.

Evaluation Dimensions

Table 2: Evaluation Dimensions and Candidate Indicators

Dimension Indicator focus Rationale
Cognitive Pre/post change in achievement; adaptive Established outcome of interest; achievement as
achievement versus non-adaptive comparison reported outcome of adaptive instruction; ITS

effects on test scores

Learner engagement
and retention

Completion and engagement indices;
retention rates

Optimised learning paths, engagement, and
completion reported as AI/ML outcomes

Equity of access and
outcome

Distribution of device, bandwidth, and
literacy access; outcome variance across
learner groups

Access inequality as a documented threat; risk of
widening inequity gap

Teacher agency and

Frequency of recommendation acceptance,

Teacher agency identified as key to trust

trust modification, override; trust measures
Ethical and Consent coverage, data-access control, Privacy protection, transparency, and auditability as
procedural auditability, explainability documentation core principles
compliance
Institutional Continuity of implementation; cost and Infrastructure, cost, and readiness identified as
sustainability infrastructure feasibility critical barriers; technical, financial, and literacy
barriers
Results

As this framework is conceptual in nature and not empirically tested, predictions are made in the form of directional
hypotheses based on published standards, which the protocol being developed will be benchmarked against;
considering the many definitions offered by the literature and lack of empirical research on ethics in educational Al,
making predictions rather than performing an experiment would be counterproductive.

Hypothesis 1 - Integration maintains cognitive advantages. Integrating the four layers into a protocol may maintain
the cognitive advantages of adaptive learning because the moderators of effect sizes in meta-analysis (adaptive source
and target, time period, domain, level of learner) are the same variables that this framework controls.

Hypothesis 2 — Override capabilities boost recommendation acceptance. Teacher override capabilities are anticipated
to increase acceptance levels relative to automated approaches, due to the increased trust associated with teacher
capability to review, modify, and reject recommendations prior to their receipt by learners.

Proposition 3 — Governance-first deployment results in reduced outcome variability. Benchmarking access equity
outcomes prior to implementation is likely to result in reduced outcome variability in order to mitigate the risk of
increased inequities due to Al technology in education.

Proposition 4 — Teacher PD reduces reported burdens. Teacher professional development in the design of the program
is expected to mitigate burdens of teacher workload and transparency, due to increased familiarity with Al-assisted
assessment and avoidance of misconceptions and biases.

Reference magnitudes based on actual observations rather than predictions: average post-assessment scores increasing
from 68.4 to 82.7 for 300 participants and 50 teachers, with higher completion and engagement, along with barriers
associated with technical capability, teacher training, and infrastructure.

Discussion

Effect sizes are gathered from fig. 1, which summarizes findings from the independent meta-analyses discussed
previously as 0.32 to 0.37 for ITS in higher education, 0.36 and 0.42 for overall and mathematics achievement in
adaptive instruction, 0.66 for median of 50 controlled ITS studies, 0.70 for adaptive learning with Al, 0.86 for overall
ITS impact size, and 0.924 for Al impact on academic achievement. Two important cautions need to be made, however.
One, these are based on different research questions, comparative scenarios, and outcome measures, with 0.66 median
being very sensitive to local vs. standardized measures. Two, none of the meta-analyses evaluates the sustainability
impacts such as equity, teaching capacity, and organizational robustness. Arguments supporting this view can be stated
in three points
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Al and academic achievement (effect size) - INREGCGGEEGEGEEEEEEEEEEEEEEEEEEEE——
Intelligent tutoring systems, overall (g) | I S
Al-enabled adaptive learning, cognitive outcomes (g) | I
ITS, median across 50 evaluations (SD) - EEGEG_G_EEEEEEEEEEEEEEE————__
Adaptive instruction, mathematics achievement (SD gain) - I——
Adaptive instruction, overall achievement (SD gain) | I
ITS in higher education (g, range 0.32-0.37) |
0 0.5 1
Reported effect magnitude

Fig. 1: Reported Effect Sizes for AI-Supported Personalised Learning Across Meta-Analyses

First, although there is a certain level of certainty in the cognitive outcomes, there is not much certainty in the broader
claim that Al revolutionizes education; this is due to the positive effect on achievement and testing, the uncertain
effect on motivation, knowledge, performance, problem-solving ability, and the decreasing effect in the latest research
studies.

Second, the issue of integration is institutional and not technological because even though there was an Al-based
approach in adaptive engines, the learning effects were not moderated by the algorithm, implying that improvement
of the same will not yield any extra value; what is hindering integration and standardization is the gap between Al
technology and existing educational frameworks.

Finally, equity is an aspect of design and not a post-hoc distribution issue because there exists the risk of increasing
inequity with techno-solutionism while there are still unresolved issues about who the winner and loser groups are.

Educational Implications

For teachers and teaching. Teacher capacity is part of the system performance and not the user support cost since
teacher agency is essential for trust. Therefore, institutions need to consider override capability as an essential
procurement criterion and investment in professional development that helps reduce misconceptions and increase
adoptability.

For institutions. Readiness of the institution technically, financially, and infrastructurally emerges again as a critical
barrier. Institutions need to align adoption with the capacity of the infrastructure and measure sustainability in terms
of continuity and cost feasibility.

For policymakers. The framework provides support for the requirements of auditing, explainability, and fairness as
qualities that need to be evaluated in educational Al, along with school-based requirements for pedagogical
appropriateness, children’s rights, Al literacy, and teacher well-being, as well as the pedagogical support that is lacking
in Al literacy.

For designers. As the class of algorithm does not affect the outcome, while fairness issues arise due to biased data and
the training inputs, the focus needs to be shifted from algorithm innovation to data quality and explainability.

Equity Work. In light of the fact that inequalities in access to connectivity, devices, and knowledge about Al can create
additional inequalities, access must be inclusive of resources and educator development for equity.

Conclusion and Future Scope

While it is clear from empirical studies that Al-based personalised learning is effective in boosting cognitive gains,
having effect sizes ranging from 0.32 to 0.924 in various meta-studies, the proven success is not sufficient to ensure
sustainable development of education. As it was argued in this paper, there is a certain gap between the proven
effectiveness of personalised learning and sustainable development that could be addressed via the process of
integration and governance of Al technologies. The proposed AIPL-SED model consists of four interrelated layers of
learner modeling, adaptive sequencing, teacher orchestration, and sustainability governance, where the last one
regulates the other three layers and provides feedback on the results of the outcomes. The following four directions
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may serve as the subject for future investigation. Firstly, testing this theory via a mixed-methods approach that includes
comparison of situations that are adaptive and non-adaptive in terms of achieving equity in access to resources.
Secondly, longitudinal research in order to study the effect of equity because there is no such research available yet
on the possibility of increasing disparities. Thirdly, indicators for the governance construct as the concepts of fairness,
accountability, transparency, and ethics were not tested empirically as components of a classroom system.
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