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Abstract

Help-seeking is a central self-regulated learning (SRL) process; however, generic scaffolds
often misalign with learners’ heterogeneous needs. This systematic review addresses the
lack of consolidated evidence on how artificial intelligence (Al), including large language
models (LLMs), customises help-seeking scaffolds, the effects thereof, and the
methodological and ethical constraints. Guided by SRL theory, this review examined
empirical studies on Al-driven customised help-seeking support, focusing on evidence
availability, comparative impacts versus standard scaffolds, evaluation approaches, and
reported gaps. Database searches (IEEE Xplore, Web of Science, ERIC, and ScienceDirect)
conducted on 28 May 2025 yielded 3,576 records; blinded multi-reviewer screening in
Rayyan following PRISMA procedures identified 31 eligible studies for narrative synthesis.
Data extraction by three reviewers showed high raw agreement (87.3%) but low chance-
corrected agreement (Cohen’s Kk = 0.05; Fleiss’ k = 0.17), resolved via structured
adjudication and full consensus. The included interventions (2017-2025) ranged from rule-
based intelligent tutoring and learning-analytics dashboards to LLM-based textbooks,
writing feedback, laboratory guidance, and coding assistants, enabling conversational,
intent-sensitive, on-demand scaffolding. Most studies reported improved academic
performance and engagement, particularly for lower-performing or lower-prior knowledge
learners, although null or mixed effects and inconsistent satisfaction outcomes were
common. The recurrent limitations concerned sample scope, duration, measurement
heterogeneity, usability, and risks related to hallucinations, bias, privacy, equity, and
overreliance. The review concludes that although Al-customised help-seeking scaffolds are
promising, they are context-dependent and delineate methodological and design priorities
to advance SRL-aligned, responsible Al support for help-seeking.

Introduction

Help-seeking is a well-established self-regulated learning (SRL) strategy: learners who
recognise difficulties and actively seek assistance tend to outperform those who do not
(Karabenick & Newman, 2006). Instructional scaffolds hints, prompts, and models
delivered at the right moments improve learning outcomes by building competence within
learners’ zone of proximal development until support can be withdrawn (Puntambekar &
Hubscher, 2005; Reiser, 2004).

Adaptive learning systems intelligent tutoring systems, learning analytics dashboards, and
Al-driven platforms have long addressed this need by monitoring learner behaviours and
adjusting feedback accordingly (Gomes, 2024; Roll & Winne, 2015). The latest wave of
educational technology extends these capabilities through generative Al and large
language models (LLMs) such as ChatGPT, which can engage in open-ended dialogue,
interpret the intent behind a query, and generate varied explanations in real time (Kasneci
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et al., 2023). This shift from rule-based adaptation to conversational co-construction of
support represents a qualitatively different form of scaffolding: on-demand, intent-
sensitive, and unconstrained by predefined scripts (Hong et al., 2025; Naseer & Khawaja,
2025).

Despite rapid adoption, rigorous empirical evidence on how these tools scaffold help-
seeking remains limited (Cheong et al., 2024; Zaharuddin et al., 2024). There is little
systematic research comparing Al-mediated help-seeking with conventional scaffolds, and
the effectiveness of Al-generated explanations for skill development is unclear (Lai, 2024).
ChatGPT compared with human experts or conventional systems(Bit et al., 2024).
Similarly, although generative Al can produce personalised explanations, the effectiveness
of these Al-generated scaffolds in improving understanding and skill development remains
unclear. Overall, the application of generative Al in higher education is underexplored and
its educational impact is not well documented (Lai, 2024; Mcgrath et al., 2024).

This systematic review addresses that gap. By synthesising empirical evidence through the
lens of SRL theory, this review identifies cross-study patterns, evaluates outcomes, and
assesses design strategies and persistent challenges (Guettala et al., 2024; Xiao et al.,
2025).

Zimmerman'’s (2002) SRL framework guides this review because it positions help-seeking
as a fundamental regulatory strategy: self-regulated learners recognise difficulties and
seek assistance rather than persisting in confusion or abandoning a task (Karabenick &
Newman, 2006; Panadero, 2017). This lens allows us to evaluate whether Al-driven
scaffolds facilitate productive help-seeking processes, not just performance gains (Kong &
Yang, 2024). The review addresses four research questions:. Instead of persisting in
confusion or abandoning a task, a self-regulated learner recognises the need for assistance
and promptly seeks it (Karabenick & Newman, 2006; (Memon et al., 2022). The SRL
perspective is valuable for our review because it focuses on the learning process (not just
outcomes) and places help-seeking within a wider range of regulatory behaviours
(Panadero, 2017). By adopting SRL as the theoretical foundation, we can explore whether
and how generative Al and adaptive systems facilitate productive help-seeking processes
(Kong & Yang, 2024; Sardi et al., 2025).

1.1 Research questions

1. What evidence exists regarding the use of generative Al and adaptive systems to
customise help-seeking scaffolds for learners in educational settings?

2. Compared to standard or non-customised scaffolds, how do Al-driven customised
scaffolds impact learner engagement, academic performance, and satisfaction?

3. What are the standard methodologies and study designs used to evaluate the
effectiveness of generative Al and adaptive systems in scaffold customisation?
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4. What gaps and limitations have been reported in studies on Al-driven help-seeking
scaffold customisation in education?s

2 Literature Review

2.1 Importance of Help-Seeking and Scaffolding in
Education

Effective learning requires students to recognise when they need help and seek it
strategically. This help-seeking behaviour is central to self-regulated learning, yet students
often struggle to identify appropriate help sources.

Instructional scaffolding, rooted in Vygotsky theory, provides strategic support that is
gradually withdrawn as learner competence increases. In help-seeking contexts, scaffolds
enable learners to recognise when they need help and seek it effectively. Traditional
scaffolding relied on teachers to diagnose gaps and provide support; scaling this remains
challenging with large heterogeneous classes.

2.2 Evolution of Traditional and Adaptive
Scaffolding Systems

Scaffolding has evolved from static, teacher-delivered support to dynamic, technology-
improved approaches that adapt to learner needs.

Soft scaffolding emerged to provide dynamic, responsive support that adapts to learner
needs, addressing limitations of static systems.in" on the appropriate level of support
needed, similar to how a human tutor personalises instruction (Ginting et al., 2024; Singh
et al., 2024; Walker et al., 2011). Research in this field has shown that adaptive
scaffolding tends to support self-regulated learning more effectively than fixed support
because it can be adjusted to meet students' immediate learning needs (Roll et al., 2014).
Students who receive adaptive help are guided by obstacles with timely feedback, ideally
without revealing the solution, thus maintaining an optimal challenge level.

Traditional adaptive systems (e.g. rule-based ITS) have limitations: they require extensive
manual rule definition, cannot easily adapt to novel domains, and provide static support.
These constraints motivated researchers to explore Al-based approaches.

2.3 Emergence of Generative Al in Personalised
Learning Support

Recent Al advancements, particularly large language models, enable powerful
personalisation of help-seeking support. LLMs can generate context-aware, responsive
feedback at scale, addressing limitations of earlier adaptive systems.
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LLM-based support can simulate a "more knowledgeable other”, providing contextual
scaffolding that adapts to learner needs. This dynamic, responsive support represents a
qualitative shift from earlier adaptive systems.

The capabilities of generative Al offer promising solutions to the persistent limitations of
adaptive scaffolding. Notably, they significantly alleviate the authoring burden, as
educators no longer need to pre-program every hint; Al can generate novel assistance in
real time (Rizvi, 2023). This adaptability also allows scaffolds to be highly context-aware.
A single Al model, if adequately trained and guided by effective prompts, can potentially
support learning across various domains by leveraging extensive knowledge. Early
evidence of the efficacy of Al-based scaffolding is promising (Lee et al., 2022; Siu et al.,
2025). Students who used ChatGPT or similar Al tools often demonstrate improved
learning performance and engagement levels. For example, a recent meta-analysis of
studies from late 2022 to early 2025 found that using the ChatGPT had a substantial
positive effect on students’ learning outcomes. These results suggest that when used
appropriately, generative Al can improve certain aspects of learning by providing timely
and personalised content (Ali et al., 2024; Anjum et al., 2025). Additionally, Al-driven
scaffolds can assume multiple roles, such as an intelligent tutor offering explanations, a
learning companion prompting reflection, or a brainstorming tool, making them versatile
additions to educational environments (Rathika et al., 2024).

However, integrating generative Al into learning support presents challenges, particularly
regarding ethical implications and content quality. Key concerns include data privacy,
potential Al-generated inaccuracies, and equitable access. These limitations must be
addressed in research and deployment.

Additionally, this review aims to guide future research by identifying methodological and
evaluative shortcomings in existing studies and proposing directions for advancing the
reliability assessment of Al-based scaffolding. Drawing on ethical Al frameworks and prior
work on bias in Al-improved education (Cheng et al., 2015), this review suggests the need
for new metrics and evaluative frameworks, such as accuracy confidence indices,
epistemic reliability markers, and culturally responsive validity checks, to systematically
assess the quality of Al-generated scaffolds. These measures can inform future standards
for the responsible integration of generative Al into educational settings, so that
scaffolding remains pedagogically sound and ethically grounded.

2.4 Gaps in Research and Need for Synthesis

Al-improved help-seeking scaffolds represent a rapidly developing research frontier. This
review consolidates disparate evidence to uncover patterns and identify research gaps.
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By consolidating these disparate strands of evidence, this review seeks to uncover novel
patterns and theoretical linkages that clarify how Al-driven scaffolds support or hinder
SRL phases, including goal-setting, strategy use, and self-monitoring (Faza & Lestari,
2025). In doing so, it advances the conceptual framework for effective design patterns
specific to Al-improved help-seeking, moving beyond the generic recommendations
typically found in general syntheses of educational technology. This integrative approach
identifies empirical consistencies and divergences and maps how different forms of Al
scaffolding (e.g. adaptive hints, generative feedback, or conversational tutoring) align with
SRL constructs, thereby deepening theoretical understanding and guiding pedagogical
design (Lan & Zhou, 2025).

Another issue compounded by study fragmentation is the inconsistent use of measurement
tools to evaluate help-seeking and SRL outcomes. Current studies employ heterogeneous
instruments ranging from self-report surveys and log data to performance scores, making
cross-study comparisons difficult. Building on comprehensive reviews of Al-improved
personalised learning systems (Guettala et al., 2024), this review proposes the need for a
standardised evaluative framework that incorporates multidimensional metrics. Such a
framework could include (a) behavioural indicators of adaptive help-seeking (e.g.
frequency, timing, and relevance of help requests), (b) cognitive measures of
metacognitive awareness and regulation, and (c) affective dimensions, such as learner
confidence and trust in Al feedback. Establishing consistent metrics of this kind would
enable a more robust meta-analytical synthesis, but also provide a foundation for
assessing the educational quality and SRL relevance of Al-generated scaffolds in future
research.

Quality and safety concerns around Al-generated scaffolding content remain largely
unexplored in the literature. Most studies lack explicit quality checks or content validation
mechanisms.

2.5 Theoretical Framework

Before presenting the theoretical framework, it is necessary to clarify the conceptual
boundaries of this review. We define a help-seeking scaffold as an instructional support
mechanism that (a) is activated in response to a learner-initiated request for assistance or
a system-detected learning impasse, and (b) provides graduated, context-sensitive
guidance aimed at resolving the impasse while promoting the learner’s capacity for
independent problem-solving. This definition distinguishes help-seeking scaffolds from
broader forms of Al-supported personalised learning, such as content sequencing based on
learning-style inventories, automated grammar correction, or Al-generated instructional
media, which deliver adaptive support but do not specifically scaffold the help-seeking
process. Accordingly, included studies were classified as either core (directly meeting
both criteria) or adjacent (providing adaptive learning support that partially overlaps with
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help-seeking but does not fully meet the operational definition). Both categories are
retained in the synthesis to preserve comprehensiveness, but findings are reported with
this distinction to ensure analytical precision (see Section 3 and Appendix A).

2.5.1 SRL served as the theoretical foundation for
this study

Self-Regulated Learning (SRL) served as the foundation for this review. SRL comprises
forethought (planning), performance (execution), and reflection, explaining how learners
manage cognition, metacognition, motivation, and behaviour. Help-seeking is a critical
metacognitive process within SRL: learners must identify knowledge gaps, decide when to
seek help, engage with support, and reflect on effectiveness. Al-customised help-seeking
scaffolds improve learners' self-regulatory capacity by supporting goal-setting, progress
monitoring, and strategy reflection.

2.5.2 SRL-Informed Design and Evaluation of
Scaffolds

Building on SRL theory has significant implications for designing and evaluating help-
seeking scaffolds. Modern SRL-informed scaffolds are meticulously designed to target
specific regulatory processes and encourage learners to adopt the strategies employed by
expert self-regulators. Instead of merely providing answers, SRL-aligned scaffolds promote
goal setting ("What is your plan for tackling this problem?"); monitoring ("Have you
checked your work for errors?"), and strategic planning (*"What strategy could you try
next?") learning process (Azevedo et al., 2022; Andrade, 2019; Lim et al., 2022). When
students encounter difficulties, SRL-based help-seeking scaffolds offer hints that
encourage such reflections. The aim is to improve, rather than circumvent, learners’ self-
regulation, thereby enabling them to internalise effective learning habits over time
(Jarvela et al., 2023).

In practice, educational technologies incorporate SRL scaffolding through self-checklists,
metacognitive prompts, and pedagogical agents that act as external regulators (Y. Guo et
al., 2023). For example, the MetaTutor system uses multiple agents to prompt students to
plan, monitor their understanding, and reflect on complex science learning tasks (Azevedo
et al., 2019). These agents intervene with prompts based on SRL models and are designed
to shift regulatory responsibility from software to students.

Evaluating SRL-informed scaffolds requires moving beyond test scores to include
metacognitive awareness, self-efficacy, and help-seeking behaviour. Comprehensive
evaluation aligns theory with practice.
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2.5.3 Justification for an SRL Conceptual
Foundation

Grounding this systematic review in Self-Regulated Learning (SRL) theory was a
deliberate choice because of the strong alignment between the goals of help-seeking
scaffolds and the core principles of SRL. Both scaffolding and SRL aim to empower
students to become autonomous and effective learners by transitioning from assisted
performance to independent competence (Miao and Ma, 2023). SRL theory provides a
well-researched framework for independent learning, emphasising goal-directedness, self-
monitoring, strategies, and reflection. Anchoring this review in SRL ensures that Al-driven
and adaptive scaffolding tools are evaluated for both their immediate performance and
their role in supporting students’ self-regulatory skills (Taub et al., 2020).

SRL captures the complexity of help-seeking by integrating cognitive, metacognitive,
motivational, and social factors.

By examining generative Al and adaptive systems as scaffolds for SRL, this review is
positioned at a critical intersection of research and practice, exploring how these
technologies can support students’ capacities for autonomous help-seeking and lifelong
learning (Banihashem et al., 2025; Faza & Lestari, 2025).

The model in Fig. 1 integrates SRL with help-seeking through cognitive/metacognitive,
motivational/affective, and social-interactive factors. This framework guides design and
evaluation of adaptive scaffolding systems.

Three categories of influence-cognitive/metacognitive, motivational/affective, and social-
interactive-were systematically mapped onto all phases. Cognitive/metacognitive factors
include awareness of task demands and knowledge of strategies used. Motivational and
affective constructs encompass self-efficacy, goal orientation, and perceived value of help-
seeking. Socio-interactive aspects reflect the environmental conditions and norms that
shape learners’ willingness to seek help from peers. The structure of the diagram
demonstrates that help-seeking acts as a contingent intervention when self-regulation
stalls (impasses) and as a process influenced by broader motivational and social dynamics.
Thus, it does not bypass self-regulation but reinforces the cycle. The outcome box,
Improved SRL,” emphasises that successful scaffolding and help-seeking should ultimately
support greater learner autonomy and strategic competence.

This integrated SRL-help-seeking model offers a nuanced framework for designing
adaptive scaffolding and evaluating interventions. Measurements should extend beyond
performance metrics to capture shifts in self-regulatory behaviours (e.g. increased
planning, calibrated self-assessment, and strategic help use), as advocated by
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contemporary SRL studies. Thus, the figure operationalises the core premise of SRL
theory: scaffolds and interventions should support transferable regulatory skills, equipping
learners with independent task management over time. In summary, SRL theory provides
a principled and contemporary foundation that keeps the review focused on the long-term
development of self-reliant, reflective, and adaptive learners, so that the excitement
around generative Al and adaptivity is always connected to deep learning goals.

Methodology
3.1 Search strategy and study selection

The original search was conducted on 28 May 2025 across four databases (IEEE Xplore,
Web of Science, ERIC, and ScienceDirect) that were exported in the RIS format based on
database-based identification of publications on technology-improved learning reviews.
The final database with references was converted to Rayyan, enabling blinded
independent decisions, conflict resolution, and documentation of exclusion reasons (Abbas
et al., 2022; Hernandez-Cruz et al., 2024; Ouzzani et al., 2016). The searches were created
to capture the most recent empirical literature on generative Al and help-seeking scaffolds
for higher education and were updated through 2025. The search phrases used were
(learner OR student OR universe* OR higher education) AND (generative AI OR gen-Al OR
adaptive learning OR personalised learning OR intelligent tutor*) AND (support* OR
scaffold* OR intervention*) AND (academic performance OR learning outcome¥*), in line
with the current terminology in contemporary Gen Al-in-education research.

The study selection process was conducted in two phases.

In Phase 1, three reviewers examined each citation and abstract to assess eligibility using
Rayyan’s functionality for blinding and conflict marking. This process allowed for the
registration of independent decisions and conflicts, which were resolved through
discussion and, when necessary, by consulting the full texts (Valizadeh et al., 2022).

In the second stage, the same three reviewers independently read all candidate papers
and recorded the reasons for exclusion (including the absence of a generative Al
component, help-seeking, scaffolding in Al, and adaptive systems). This resulted in 31
studies that referred to one or more Al and adaptive systems and help-seeking outcomes
of the use of generative Al, which constituted sample-relevant qualitative syntheses. We
also followed the updated PRISMA guidelines for the transparent reporting of study
selection (Page et al., 2021). We present a PRISMA-style flow diagram to summarise the
identification, screening, eligibility, and inclusion steps of this study.

3.2 Inclusion and Exclusion Criteria
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Articles were considered based on the inclusion and exclusion criteria listed in Table 1. A
database of 3576 articles containing titles, abstracts, and full texts was created using
Rayyan reference management software. The results are summarised in Appendix A.
Figure 2 provides an overview of our search protocol based on the Preferred Reporting
Items for Systematic Reviews and Meta-Analysis (PRISMA) statement (Page et al., 2021).

Table 1
Inclusion and Exclusion Criteria

Inclusion Exclusion

Studies published in peer-reviewed journals Non-peer-reviewed articles, opinion

or conference proceedings pieces, editorials.

Research focused on generative Al and/or Studies not focused on help-seeking

adaptive systems applied to customising scaffolds or customisation.

help-seeking scaffolds in educational

settings.

Empirical studies (quantitative, qualitative, Research outside educational contexts

or mixed methods). (e.g., healthcare, unless explicitly
about learning).

Studies involving learners (K-12, higher Theoretical papers without empirical

education, adult learning). data, review articles, and opinion

pieces without systematic methods.

Publications in English Non-English study

Following study selection, each of the 31 included studies was classified as either core or
adjacent based on the operational definition of help-seeking scaffolds presented in Section
2.5. Core studies (n =25) investigated interventions that (a) were activated by learner-
initiated requests or system-detected impasses and (b) provided graduated guidance to
resolve those impasses. Adjacent studies (n = 6) examined Al-driven adaptive learning
supports that partially overlapped with help-seeking (e.g. learning-style-based content
sequencing, Al-generated instructional videos, automated grammar correction tools, or
game-based incentive mechanisms) but did not directly scaffold the help-seeking process.
Two reviewers independently classified each study, with disagreements resolved through
discussion. Adjacent studies were retained in the synthesis to capture the wider adaptive
learning context but are clearly distinguished in the results to maintain analytical focus on
help-seeking scaffolds (see Appendix A for the classification of each study).

3.3 Data Extraction

Data were extracted using a structured form in Microsoft Excel, following established
protocols for systematic reviews (Hill et al., 2023). A standardised extraction spreadsheet
was created to ensure clarity and consistency in the team. Three reviewers independently
extracted data from each of the 31 included studies and compiled an Excel spreadsheet

Page 10/56



with predefined data fields. The extracted key information included Study Identification
and Context (citation details, year, and educational setting), Intervention Details (type of
Al or adaptive technology, scaffold design, and customisation approach), Study Design and
Sample (methodology, sample size, and participant characteristics), Outcomes and
Measures (academic, engagement, and related indicators, including measurement
approaches and intervention duration), Key Findings, and Limitations (biases, sample size,
and technical constraints) (Ayeni et al., 2024).

To ensure reliability, all reviewers independently completed the extraction process, and
their results were cross-checked for consistency. Inter-rater reliability (IRR) was
calculated using Cohen’s kappa coefficient. This level of concordance aligns with the
established thresholds for excellent reliability in educational and psychological research
(Azevedo et al., 2022; T. Li et al., 2023). Any remaining discrepancies were discussed and
resolved through consensus, following the best practice verification procedures for
systematic reviews. This rigorous double-checking process ensured the accuracy and
reproducibility of the extracted data, with a harmonised extraction table serving as the
foundation for qualitative synthesis (Wu et al., 2024).

3.4 Inter-Coder Reliability

The team evaluated inter-coder reliability at each major review stage (McHugh, 2012).
During title/abstract screening, agreement among the three independent reviewers was
assessed using pairwise Cohen’s kappa coefficients and Fleiss’ kappa for overall three-
reviewer agreement, with the latter accounting for multiple raters and chance agreement
(Moons & Vandervieren, 2025). Raw agreement was high (87.3%); however, chance-
corrected kappa values were low (Cohen’s Kk = 0.05; Fleiss’ Kk = 0.17), which indicates only
slight agreement beyond chance. This discrepancy is attributable to the prevalence effect:
because both reviewers excluded the vast majority of references, the marginal
distributions were highly skewed, which inflates raw agreement while depressing kappa
(Byrt et al., 1993; Cicchetti & Feinstein, 1990; Vanbelle & Albert, 2009). To account for
this, the prevalence-adjusted bias-adjusted kappa (PABAK) was calculated at 0.746,
indicating substantial agreement once prevalence and bias are corrected (Byrt et al.,
1993). Nevertheless, the low standard kappa values represent a methodological limitation
that is fully acknowledged (see Section 4.1). All 453 discordant cases (12.7%) were
independently re-evaluated by a third reviewer, and disagreements were resolved through
structured discussion until full consensus was reached. Inter-coder reliability was also
addressed during data extraction and quality appraisal. The extraction form was pilot-
tested and refined to minimise interpretive divergence, and all three reviewers
independently extracted data as previously described (Bertizzolo et al., 2019). The
extracted entries were compared, and disagreements requiring consensus discussions
were infrequent. For quality appraisal, calibration on example studies preceded

Page 11/56



independent ratings, and any rating discrepancies were resolved through discussion until
consensus was reached. These steps ensured consistent inclusion criteria, uniform data
recording, and reliable evaluation of study quality across all review stages (Nussbaumer-
Streit et al., 2023).

3.5 Quality Appraisal

In our systematic review, we conducted a quality appraisal of each included study to
assess its methodological rigor and risk of bias. To ensure transparency and
reproducibility, the studies were rated as High, Moderate, or Low according to the
number of methodological domains that met the established appraisal criteria (Azarian et
al., 2023). The evaluation considered five key domains adapted from the Mixed Methods
Appraisal Tool (MMAT) (Hong et al., 2022), which is designed for systematic reviews that
include studies with diverse designs (quantitative, qualitative, and mixed methods). These
five domains, mapped from the MMAT criteria for quantitative and mixed-methods studies,
included (1) robustness of study design and comparability between groups, (2) internal
validity reflected through the control of confounders and intervention fidelity, (3)
adequacy and representativeness of the sample, (4) validity and consistency of data
collection and measurement approaches, and (5) completeness and transparency of
reporting (Chen et al., 2023; Hong et al., 2022). Each domain was assessed as either
meeting or not meeting quality criteria. Studies meeting four or five domains were rated
as high quality, which indicates strong methodological rigor and minimal bias. Studies
meeting two or three domains were considered to be of moderate quality, indicating some
limitations but acceptable validity, whereas studies meeting only one or none of the
domains were classified as low quality, which indicates significant methodological
weaknesses or insufficient reporting (Wilke et al., 2015).

Three reviewers independently applied these criteria across all 31 studies and provided
brief justifications noting notable strengths and limitations, such as rigorous experimental
design or unaddressed confounding variables. The reviewers’ assessments generally
converged, and any discrepancies were resolved through detailed discussions until a
consensus was reached. No study was excluded solely based on quality, which is
consistent with the best practices for systematic synthesis. Instead, ratings were used to
guide the interpretation and weighting of evidence, with more cautious conclusions drawn
from lower quality studies. This transparent rubric-based approach ensured that
methodological rigor was consistently applied across the corpus and that the synthesis
accurately reflected the strength of the available evidence.

3.6 Data Synthesis

We employed a narrative synthesis approach to compile the evidence from the included
studies. No meta-analysis was conducted; the heterogeneity of interventions, contexts, and
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outcome measures rendered statistical pooling inappropriate.studies, rendering statistical
pooling inappropriate (He et al., 2022). In line with contemporary guidance for narrative
synthesis in systematic reviews (Hong et al., 2022), we used textual descriptions to
systematically summarise the findings from diverse studies. The extracted data were
organised according to the key themes and focal aspects of the research questions.
Studies were categorised according to the type of adaptive learning technology or scaffold
used to facilitate outcome comparisons (Siddaway et al., 2019).

We developed descriptive summaries showing patterns, agreements, and divergences
across studies. Studies were coded against Zimmerman's SRL model to systematically
ground the typology.

To systematically ground the SRL-informed typology, each included study was coded
against Zimmerman'’s (2002) three-phase SRL model. Three phases were operationalised
as follows: (1) Forethought the scaffold prompts goal-setting, task analysis, or strategic
planning before task execution (for example, “What is your plan?” prompts or pre-task
goal-setting interfaces); (2) Performance the scaffold provides real-time feedback, error
correction, hints upon impasse detection, or strategy adjustment during task execution
(e.g. adaptive hints during problem-solving, ChatGPT explanations during lab work); and
(3) Self-Reflection the scaffold prompts evaluation of outcomes, attribution analysis, or
strategy revision after task completion (e.g. post-task reflection prompts, revision
feedback on essays). A study could be coded to multiple phases if its intervention
addressed more than one. Two reviewers independently coded each study, with
disagreements resolved through discussion. The resulting SRL phase coding for each
study is reported in Appendix A and summarised in the cross-tabulation presented in the
Results (Table 7).

Results

4.1 Screening Reliability

Two independent reviewers screened 3,576 unique references based on their titles and
abstracts. The reviewers agreed to 87.3% of the inclusion and exclusion criteria for the
study. In 453 (12.7%) cases, the decisions were discordant and required assessment by a
third reviewer. All conflicts of interest were resolved by consensus among the authors.
Table 2 summarises the inter-rater reliability (IRR) outcomes for the screening process,
including raw agreement and chance-corrected agreement statistics (Cohen’s k and
Fleiss’ k), as recommended for systematic reviews (Wang et al., 2020; Yao et al., 2024).
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Table 2
Inter-Rater Reliability Results.

Measure Result

References screened (title/abstract) 3,576

Initial conflicts (disagreements) 453 (12.7% of references)

Raw agreement (two reviewers) 87.3%

Cohen’s kK (two reviewers) ~ 0.05 (Slight agreement)

Fleiss’ k (three reviewers) ~ 0.17 (Slight agreement)

PABAK (two reviewers) 0.746 (Substantial agreement)

Note: Cohen’s Kk was calculated between the two primary reviewers; Fleiss’ k included
the third reviewer. PABAK (prevalence-adjusted bias-adjusted kappa) corrects for the
skewed marginal distributions caused by high exclusion prevalence (Byrt et al., 1993).

Table 2 shows that the reviewers demonstrated 87.3% raw agreement, indicating
consistent screening judgments for most references. However, the chance-corrected
statistics were markedly lower: Cohen’s Kk was approximately 0.05 and Fleiss’ k
approximately 0.17, with both indicating slight agreement beyond chance (Hirt et al.,
2021). This discrepancy between high raw agreement and low kappa is a well-documented
statistical artefact known as the “prevalence effect” or “paradox of kappa”: when the trait
being coded is rare (here, inclusion), marginal distributions become highly skewed,
inflating observed agreement while depressing kappa (Byrt et al., 1993; Cicchetti &
Feinstein, 1990). To quantify this, the prevalence-adjusted bias-adjusted kappa (PABAK)
was calculated: PABAK =2(0.873) — 1 =0.746, which falls in the substantial agreement
range (Byrt et al., 1993). Nevertheless, the low standard kappa values represent a genuine
methodological limitation of the initial screening phase and warrant explicit
acknowledgement (Guyatt et al., 2025).

A structured, multistage consensus process was implemented to mitigate the potential
impact of this limitation. After the initial screening, all 453 discordant cases were
independently re-evaluated by a third reviewer using predefined inclusion and exclusion
criteria. Rather than serving as a simple tiebreaker, the third reviewer facilitated deeper,
criteria-based discussions among all authors. This re-evaluation involved revisiting each
borderline case to ensure that inclusion decisions were justified by clear evidence of
alignment and methodological fit, in accordance with a systematic review of best practices
for managing low k-values (Braithwaite et al., 2019; Lipman et al., 2023). Through this
rigorous adjudication process, 100% consensus was achieved, and the final study selection
was verified against the full eligibility criteria to eliminate residual bias. This approach
ensured that, despite the low chance-corrected agreement, the final corpus of the included

studies reflected a balanced, reproducible, and transparent selection process.
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4.2 Quality Appraisal

We included 31 studies in the review, with methodological quality ranging from high to
low. Each study was appraised against predefined quality criteria and rated as high,
moderate, or low. Of these, 15 (48.4%) were rated as high quality, 10 (32.3%) as moderate
quality, and 6 (19.4%) as low quality. High-quality studies have rigorous research designs
and execution, whereas low-quality studies have notable weaknesses. Moderate-quality
studies met some, but not all, the quality criteria.

Half of the included studies were rated as high quality, indicating robust evidence. These
high-quality studies (Chan et al., 2024) employed strong experimental or quasi-
experimental designs with rigorous control. They had random or well-matched participant
assignments, appropriate comparison groups, and validated instruments to measure the
learning outcomes. These studies reported more reliable and generalisable results than
previous studies. In contrast, six studies were deemed low quality (Chun et al., 2025;
Okubo et al., 2023) owing to their methodological weaknesses. The common weaknesses
are as follows:

« Small samples or narrow contexts: Many studies had limited sample sizes or were
conducted in a single class or institution, undermining their statistical power and
external validity.

« Design or execution flaws: Several studies lacked randomisation or adequate control
groups, increasing the risk of selection bias and confounding variables. Some
participants or assessors were not blinded to the conditions, which could have
introduced measurement bias.

« Limited outcome measures: Few low-quality studies relied on self-reported outcomes
or unvalidated measures, thus providing weaker evidence of learning gain.

The remaining studies were of moderate quality (El-Sabagh, 2021; Abdulla et al., 2024),
meeting some methodological criteria but falling short of others. These studies featured
reasonable designs but had limitations, such as non-random assignments, moderate
attrition, or less rigorous outcome measurements.

Higher methodological quality generally produces more credible findings. Our analysis
showed that high-quality studies (n = 16) were more likely to report positive outcomes
with clearer evidence of Al benefits.

RQ1: What evidence exists regarding the use of generative Al and adaptive systems to
customise help-seeking scaffolds for learners in educational settings?

The 31 included studies spanned K-12, higher education, and adult learning contexts.
Study settings ranged from controlled laboratory experiments to naturalistic classroom
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deployments, with diverse learner populations.

Studies employed various Al/adaptive approaches: adaptive learning systems,
conversational agents, intelligent tutoring systems, and LLM-based tools. Approaches
reflected different disciplinary traditions and learner contexts.

Many studies used adaptive learning systems with analytics-driven personalisation, while
others implemented conversational Al and dialogue systems. These diverse approaches
reflected different disciplinary traditions and learner contexts.

Building on this typology, the subsequent analysis examined how each category of Al-
driven scaffolds contributes to distinct phases of Self-Regulated Learning (SRL) and
influences measurable learning outcomes (Li et al. (2025). Based on the systematic SRL
coding of all 31 studies (see Section 3.7 and Appendix A), Table 4 presents the cross-
tabulation of scaffold categories by SRL phase. The performance phase was the most
frequently targeted, with all 31 studies featuring scaffolds that provided real-time
feedback, error correction, or strategy adjustment during task execution. The forethought
phase was targeted by six studies, predominantly those employing real-time analytics
prompts and rule-based scaffolding (k=4; Lim et al., 2023; Pape & Thomas, 2025), which
prompted goal-setting and strategic planning before task engagement. The self-reflection
phase was coded in seven studies, most frequently among NLP/LLM-based feedback tools
(k=4; Chan et al., 2024; Menekse et al., 2025) and learning analytics dashboards (k= 2;
Okubo et al., 2023; Wang et al., 2023), which prompted post-task evaluation and strategy
revision. This pattern reveals a notable concentration on performance-phase support
across all scaffold categories, with comparatively fewer interventions explicitly targeting
forethought or self-reflection. The finding suggests that current Al-driven scaffolds are
primarily reactive rather than proactive, responding to learner difficulties during task
execution rather than promoting the planning and reflective processes that characterise
self-regulated learners (Zimmerman, 2002). By grounding this typology in transparent
coding rather than post hoc assertion, this review advances an integrated understanding
of how scaffold design mediates the relationship between Al adaptability, learner agency,
and academic performance (Panwale and Vijayakumar 2025; Wu et al., 2017).
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Table 3

Summarises the major categories of Al-driven scaffold customisations observed (RQ1),
along with example research studies.

AlI-Driven
Scaffold

Real-Time
Analytics
Prompts / Rule-
Based Scaffolding

NLP/LLM-Based
Feedback,
Personas &
Chatbots

Adaptive
Learning Systems
& Games

Intelligent
Tutoring Systems
ITS)

Learning
Analytics
Dashboards &
Recommenders

Al-Generated
Instructional
Media & Tools

Description

Automated prompts triggered by log-
data analysis of learner behavior
(e.g., lack of planning) or fixed time
intervals to support self-regulated
learning. These use "if-then" rules to
provide adaptive support that fades if
actions are already taken.

Usage of Natural Language
Processing or Large Language
Models (e.g., GPT-4, Llama 3.1) to
generate feedback, summaries, or
quality ratings based on student
text/speech. This includes
conversational agents using RAG
(Retrieval-Augmented Generation)
and systems assuming personas
(e.g., Batman) to explain concepts or
critique work.

Systems that adjust content
difficulty, learning paths, or game
mechanics based on real-time
performance and "learning
trajectories". Examples include
expert systems using fuzzy logic and
decision trees to personalize gaming
pathways and environments that
route learners based on VARK
learning styles.

Advanced systems like TuinLECweb
or SKOPE-IT that use virtual
conversational agents to model
strategies, provide explicit
instruction, and offer adaptive
elaborated feedback during problem-
solving impasses.

Visual data displays offering
descriptive (status updates) or
prescriptive (suggested paths)
feedback. Some function as review
recommenders, suggesting specific
pages based on quiz errors, peer
signals, and "not understand"”
indicators.

Includes Al-generated videos
(created via platforms like Visla or
Jasper) to teach scientific concepts
and Al Writing Assistants (QuillBot)
providing grammar, paraphrasing,
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Citation of Studies

Lim et al. (2023); Li et al.
(2025); Lim et al. (2024);
Pape & Thomas (2025)

Abdulla et al. (2024);
Chan et al. (2024); Chun
et al. (2025); Coban et al.
(2025); Vicente-Yague-

Jara et al. (2023); Dillon

(2024); Menekse et al.
(2025); Pesovski et al.
(2024); Santhosh et al.
(2024); Yan et al. (2025)

Bang et al. (2023);
ElSabagh (2021); Horvers
et al. (2024); Panjaburee
et al. (2024); Panwale &
Vijayakumar (2025);
Reinhold et al. (2020)

Nye et al. (2018);
Serrano-Mendizabal et al.
(2023)

Okubo et al. (2023);
Wang et al. (2023)

El-Garawany (2024);
Pellas (2025)




AlI-Driven
Scaffold

Smart Personal
Assistant (SPA)

Just-in-Time
Discovery &
Digital
Scaffolding

Game-Based
Incentive System

Description

and summarizing support for
collaborative writing.

Voice-activated Al (e.g., Amazon
Alexa) providing dynamic scaffolding
and problem-solving support in real-
time.

Context-sensitive prompts provided
during simulation tasks to guide
inquiry strategies (predicting,
testing) or digital environments
providing on-demand cognitive and
metacognitive hints.

Automated mechanisms within
educational games to reward
engagement with content supports
and regulate solution viewing.

Citation of Studies

Winkler et al. (2021)

Hajian et al. (2021); ter
Beek et al. (2019); Wu et
al. (2017)

Rahimi et al. (2021)
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Table 4

Cross-tabulation of scaffold categories by SRL phase (Zimmerman, 2002). Each cell
indicates the number of studies (k) in which the scaffold type was coded as targeting that
phase. Studies could be coded to multiple phases.

Scaffold Category Forethought Performance Self- Total

k) k) Reflection Studies
k)

Real-Time Analytics 4 4 0 4

Prompts / Rule-Based

Scaffolding

NLP/LLM-Based 1 10 4 10

Feedback, Personas &

Chatbots

Adaptive Learning 1 6 0 6

Systems & Games

Intelligent Tutoring 0 2 0 2

Systems (ITS)

Learning Analytics 0 2 2 2

Dashboards &

Recommenders

Al-Generated 0 2 1 2

Instructional Media &

Tools

Smart Personal 0 1 0 1

Assistant (SPA)

Just-in-Time Discovery & O 3 0 3
Digital Scaffolding

Game-Based Incentive 0 1 0 1
System

Total unique studies 6 31 7 31

Note. k = number of studies. Column totals exceed 31 because studies coded to
multiple phases are counted in each applicable column. Row totals reflect the number
of unique studies per scaffold category.

RQ2: Compared with standard or non-customised scaffolds, how do Al-driven
cust(%mise ?scaffolds impact learner engagement, academic performance, and
satisfaction?

Academic Performance

Al-driven customised scaffolds generally had a positive impact on academic performance
compared with standard scaffolding, though results were not universally positive. Of the

22 studies measuring learning outcomes, most showed improvements with Al-customised
support. Notable findings include: greater quiz score improvements with adaptive review
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dashboards (Okubo et al., 2023), improved learning gains with ChatGPT feedback (Coban
et al., 2025), and better performance in personalised learning modules (Panwale &
Vijayakumar, 2025). Lower-achieving students benefited most, with adaptive software
showing substantial gains for these learners while high-achieving students showed mixed
results.

Some studies reported no significant differences between Al-driven and control conditions.
These null or mixed findings show the context-dependent nature of Al effectiveness and
the importance of careful implementation.

In contrast, such support benefits those who need guidance, as seen in the moderation
analyses by Pape and Thomas (2025). Most studies have indicated the positive effects of
Al-customised scaffolds on academic performance. However, some studies have found
neutral outcomes, demonstrating the importance of context and individual differences.

Learner Engagement

In six studies, Al scaffolding improved engagement-related outcomes including effort,
motivation, and persistence. Students generally reported positive experiences with Al-
driven support, though satisfaction varied by implementation quality.(Santhosh et al.,
2024). These examples suggest that personalised scaffolding can encourage learners to
interact more with the material and seek help when needed, thereby improving their
engagement.

However, some studies have revealed several potential drawbacks to this approach. Pape
and Thomas (2025) observed that students receiving adaptive prompts progressed more
slowly through lessons than those without prompts, possibly indicating lower behavioural
engagement or heavier cognitive load. Although disengagement was not directly
measured, this suggests that poorly calibrated adaptive scaffolds may frustrate learners.
Overall, the trend favours increased engagement with Al-tailored scaffolds, as learners
respond positively to support tuned to their needs, leading to more time on tasks and
deeper cognitive engagement than standard support.

Learner Satisfaction

Learner satisfaction and perceptions have been reported less frequently than performance
and engagement outcomes. However, the results were generally positive for all the
models. Few studies have explicitly evaluated students’ satisfaction with their learning
experiences. In an early implementation, Wu et al. (2017) found that participants in a
dynamically scaffolded Excel training system expressed higher satisfaction and perceived
adaptive scaffolds as helpful and motivating compared to traditional instruction. Similarly,
Abdulla et al. (2024) reported that students using a ChatGPT-based coding assistant
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reacted favourably, noting that on-demand Al support improved their confidence in
problem-solving. These findings support the notion that personalised scaffolds can support
a sense of support and competence, thereby improving learners’ subjective satisfaction
with the learning experience.

However, the evidence across studies remains inconsistent, and satisfaction does not
always differ significantly from traditional approaches. For example, Chun et al. (2025)
included “learning satisfaction” as an outcome measure and found no statistically
significant difference between Al-driven and conventional textbook conditions, suggesting
that factors such as usability, task relevance, and learner expectations may play a greater
role than the presence of Al. Given these mixed findings, satisfaction currently provides
only partial and indirect indications of professional relevance and the potential adoption of
Al-driven scaffolds.

To strengthen this area, future research should develop more robust and standardised
measures of learner satisfaction that go beyond general enjoyment or preferences and link
satisfaction to perceived practical value, long-term engagement, and persistence in using
Al support tools, which are critical for sustained adoption and educational impact.
Researchers should also incorporate qualitative methods such as in-depth interviews,
focus groups, or open-ended feedback mechanisms to explore why learners feel satisfied
or dissatisfied with Al scaffolds. Such qualitative insights can reveal how factors such as
perceived usefulness, trust, cognitive workload, and quality of Al feedback influence
learner acceptance. A deeper understanding of these perceptions would clarify the
mechanisms underlying satisfaction and inform the design of pedagogically effective,
trustworthy, and user expectations, thereby improving their long-term relevance in
educational contexts.
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Table 5

Overview of reported impacts on engagement, performance and satisfaction.

Outcome

Academic
Performance /
Knowledge Gain /
Achievement

Self-Regulated
Learning (SRL) /
Metacognitive
Activities

Engagement, Affect
& Motivation

N of
studies

27

12

General Impact of Al-
Driven Scaffolds vs.
Control

Mixed. Positive effects
were found in game-based,
proactive agent, and
dynamic scaffolding
contexts. However, no
significant main effect or
direct difference was
found in some rule-based
analytics contexts, passive
agent setups, or Al
textbook comparisons.

Mixed/Positive.
Adaptive/Personalized
scaffolds often induced
higher frequencies of
monitoring and regulatory
activities. These process-
level gains were more
consistent than outcome
gains, as they did not
always translate to
performance
improvements.

Positive. Adaptive systems
and LLM feedback
consistently improved
motivation, engagement,
self-efficacy, and
confidence. Students
reported higher
satisfaction and reduced
apprehension.

Page 22/56

Citation of Studies

Abdulla et al. (2024);
Bang et al. (2023);
Chan et al. (2024);
Chun et al. (2025);
Coban et al. (2025); El-
Garawany (2024);
Hajian et al. (2021);
Horvers et al. (2024);
Li et al. (2025); Lim et
al. (2023); Lim et al.
(2024); Nye et al.
(2018); Okubo et al.
(2023); Panjaburee et
al. (2024); Panwale &
Vijayakumar (2025);
Pape & Thomas (2025);
Pellas (2025); Pesovski
et al. (2024); Rahimi et
al. (2021); Reinhold et
al. (2020); Santhosh et
al. (2024); Serrano-
Mendizabal et al.
(2023); ter Beek et al.
(2019); Wang et al.
(2023); Winkler et al.
(2021); Wu et al.
(2017); Yan et al.
(2025)

Chun et al. (2025); Li
et al. (2025); Lim et al.
(2023); Lim et al.
(2024); Pape & Thomas
(2025); Rahimi et al.
(2021); Serrano-
Mendizabal et al.
(2023); Wang et al.
(2023); Winkler et al.
(2021)

Bang et al. (2023);
Chan et al. (2024);
Dillon (2024); El-
Garawany (2024);
ElSabagh (2021);
Panjaburee et al.
(2024); Pellas (2025);
Pesovski et al. (2024);
Rahimi et al. (2021);
Santhosh et al. (2024);




Outcome

Reflection & Writing
Quality

Satisfaction /
Usability
Perceptions

Learning Process
Measures (Gaze /
Logs)

Creativity
(Fluency/Flexibility)

Goal Setting &
Regulation of
Practice

N of
studies

General Impact of Al-
Driven Scaffolds vs.
Control

Positive. Al feedback
significantly improved the
specificity of written
reflections and increased
essay revision scores.

Generally neutral-to-
positive. Usability was
rated strong in AR
contexts, and satisfaction
levels for Al textbooks
were high and similar to
traditional formats.

Mixed. Al can reallocate
attention toward task-
relevant areas (eye-
tracking), though log-
based behavior results
were not uniformly
improved by prompting.

Positive (Hybrid). Al
systems outperformed
humans in fluency; the
combination of humans
and Al performed better
than humans alone.

Positive. Al co-regulation
improved regulation of
practice (accuracy and

Citation of Studies

ter Beek et al. (2019);
Wu et al. (2017)

Chan et al. (2024);
Menekse et al. (2025)

Chun et al. (2025);
Coban et al. (2025);
Okubo et al. (2023)

Coban et al. (2025);

Pape & Thomas (2025)

Vicente-Yague-Jara et
al. (2023)

Horvers et al. (2024)

problem volume) and goal-
setting calibration.

RQ3: What are the standard methodologies and study designs used to evaluate the
effectiveness of generative Al and adaptive systems in customising scaffolds?

Study Design Approaches: The included studies primarily employed experimental and
quasi-experimental designs to assess the effectiveness of Al-driven scaffold customisation,
utilising diverse, validated measurement instruments to evaluate learning outcomes. Most
investigations employed a comparative group design, with an experimental group
receiving Al-customised scaffolds compared to a control group receiving standard or no
scaffolding. Approximately one-third of the studies were formal randomised controlled
trials (RCTs) with randomly assigned participants. Chun et al. (2025) used a randomised
two-group design (Al-improved vs. traditional textbooks) to compare learning outcomes in
health science education. Pape and Thomas (2025) conducted an RCT testing adaptive
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metacognitive prompting, measuring self-regulation using the Motivated Strategies for
Learning Questionnaire (MSLQ) metacognitive self-regulation scale (12 items, Cronbach's
o =0.74) and Time Management scale (eight items, a = 0.69), along with behavioural
trace data via LogRocket (capturing login duration, frequency, learning progress, and
regularity) and custom recall/transfer tests with high inter-rater reliability (x = 0.99).

Most studies (n = 18) used quasi-experimental designs with non-random assignment.F ew
used randomised controlled trials (n =4), while qualitative and mixed methods studies (n
= 9) provided contextual insights.

A few studies have involved single-group interventions without control groups,relying only
on pre- and post-test comparisons.F or example, Akbulut et al. (2024) evaluated learning
gains before and after the use of Al-generated instructional videos, using domain-specific
achievement measures. Although these studies have shown learning improvements, their
designs limit their ability to make such causal inferences. Notably, validated cognitive load
instruments (for example, the Paas Mental Effort Scale) and comprehensive self-efficacy
scales were largely absent from these studies, representing a methodological gap in
assessing the full theoretical mechanisms through which AI scaffolds operate in learning
environments.

However, there were design variations between the studies. Most studies have employed
between-subjects comparisons; however, Coban et al. (2025) used a within-subject
crossover design in which groups alternated between using and not using Al feedback,
allowing the participants to experience both conditions. Some studies have compared
multiple treatment conditions rather than treatment versus control. Li et al. (2025) used
three groups (no scaffolding, fixed static scaffolding, and adaptive scaffolding) to evaluate
the benefits of adaptation. Serrano-Mendizdbal et al. (2023) compared two scaffold types
(strategy-focused vs. practice-focused) to determine which improved reading
comprehension. These multigroup designs provide insights into the effectiveness of
scaffolding strategies.

Page 24/56



Table 6

Summary of the distribution of study design types in the included papers.

Study Design N of Citation of Studies
Studies
Experimental (including 12 Chan et al. (2024); Chun et al. (2025); Hajian et
Lab, Field, Pre-Post, al. (2021); Li et al. (2025); Lim et al. (2023); Lim
Randomized, and 3- et al. (2024); Okubo et al. (2023); Pape &
Condition Comparison) Thomas (2025); Santhosh et al. (2024); Serrano-
Mendizabal et al. (2023); Wang et al. (2023); Wu
et al. (2017)
Quasi-Experimental 11 Abdulla et al. (2024); Vicente-Yague-Jara et al.

(including Pretest-
Posttest Control Group)

(2023); El-Garawany (2024); ElSabagh (2021);
Horvers et al. (2024); Menekse et al. (2025);
Nye et al. (2018); Panjaburee et al. (2024);
Panwale & Vijayakumar (2025); ter Beek et al.
(2019); Winkler et al. (2021)

Randomized Controlled 3
Trial (RCT) (including
Cluster and Lab-based

RCT)

Bang et al. (2023); Reinhold et al. (2020); Yan et
al. (2025)

Exploratory / Survey- 2 Dillon (2024); Pesovski et al. (2024)

Based / Case Study

One-Group Pretest- 2 Rahimi et al. (2021); Pellas (2025)
Posttest / Within-

Subjects

Crossover Design 1 Coban et al. (2025)

Data Collection and Measures: Studies employed knowledge/skill assessments, self-
reported help-seeking, and academic performance measures. Assessment methods varied
considerably across studies, limiting direct comparison.

Most studies used statistical comparisons (t-tests, ANOVASs) or qualitative analysis. Effect
sizes varied, from small (d < 0.3) to medium-to-large (d > 0.8), with heterogeneous
patterns across contexts.

RQ4: What gaps and limitations have been reported in studies on Al-driven help-seeking
scaffold customisation in education?

Across the studies, the authors acknowledged several limitations and gaps, often related
to the scope and validity of their results. These limitations, summarised thematically
below, point to the need for caution in interpreting the results and suggest directions for
future research.

Sample Size and Generalizability
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The most cited limitation was narrow study scope. Approximately 18 studies mentioned
scope constraints (specific domains, learner populations, or Al tools), 12 reported small
sample sizes, and 8 cited insufficient follow-up measures.

Short Duration and Lack of Long-Term Follow-Up

Many interventions have been tested in the short term (ranging from a single session to
one academic term), and studies have explicitly mentioned the absence of longitudinal
data as a limitation. Only immediate post-test outcomes were measured in this study.
Therefore, it remains unclear whether the benefits of Al-driven scaffolds persist or
translate into long-term skill development. El-Sabagh (2021) noted that there is no long-
term follow-up to determine whether engagement gains lead to sustained academic
improvement. Similarly, Okubo et al. (2023) evaluated dashboards after one review
session and found that a short timeframe did not capture long-term study habits or
knowledge retention. Without extended observation, we lack evidence on whether
personalised scaffolding has persistent effects on learners' help-seeking behaviour and
performance (a gap that future research should address through longitudinal studies or
delayed post-tests).

Measurement and Instrumentation Limitations

Issues with measurement methods across studies included inconsistent instrumentation,
limited validation of SRL-related measures, and lack of standardised outcome metrics.
These inconsistencies limit synthesis and generalisation.

Regarding the study design, the papers acknowledged the methodological limitations. For
example, Serrano-Mendizdbal et al. (2023) noted the lack of a true "no-scaffold" control
group, meaning that they compared the two scaffold types without isolating the effects of
adaptive support. Such design limitations affect the interpretation of results and are noted
as areas for future research improvement (e.g. including proper controls or confirming
pre-test group equivalence).

Technical and Implementation Challenges

Limitations related to the technology and implementation of Al scaffolding have also been
reported. One key concern is the reliance on digital infrastructure, which exacerbates the
digital divide. Chun et al. (2025) noted that students without stable Internet access or
adequate devices may be excluded from Al-based interventions, reinforcing existing
educational inequities. To address this, several studies and policy reports have suggested
practical approaches, such as developing low-bandwidth or offline-compatible Al tools,
embedding Al functionalities within existing institutional learning management systems
(LMSs) to increase accessibility, and supporting institutional and governmental initiatives
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that fund digital inclusion for disadvantaged learners. Integrating Al scaffolds into familiar
educational platforms also mitigates usability issues by reducing cognitive and technical
barriers to adoption.

Usability challenges in emerging technologies can hinder adoption. Few studies explicitly
addressed interface design or user experience issues in Al-driven scaffolds.

Ethical and Privacy Considerations

Although not the focus of most evaluations, several studies have demonstrated ethical
issues and unintended consequences related to privacy, bias, and academic integrity. Al-
driven scaffolds often rely on extensive data collection, including learner interactions,
performance metrics, and behavioural analytics, which raises critical concerns regarding
data storage, consent, and usage. Chun et al. (2025) and Abdulla et al. (2024) showed that
opaque data pipelines and model biases may disproportionately affect specific groups of
learners. To safeguard privacy, future implementations should adopt data minimisation
and anonymisation protocols, use secure data encryption standards, and ensure
institutional compliance with ethical governance frameworks for educational Al.

Therefore, academic integrity is equally important. Abdulla et al. (2024) cautioned that
students might overrely on Al tools to generate rather than construct knowledge. To
address this, educators and developers should design Al scaffolds as guided learning aids,
not as solution providers, by embedding pedagogical prompts that promote reflection, self-
explanation, and justification of Al-generated responses. In addition, clear usage policies
and academic honesty guidelines should accompany the integration of Al tools into
curricula to support responsible and transparent use.

Taken together, these considerations show that although technical and ethical challenges
pose barriers to the professional adoption of Al-driven scaffolds, they are not
insurmountable. Building low-resource Al tools, validating algorithmic accuracy,
embedding human oversight, and enforcing privacy and integrity standards are essential
steps towards equitable, trustworthy, and sustainable Al integration in education.
Addressing these factors systematically ensures that the benefits of Al scaffolding extend
beyond technological innovation to meaningful, inclusive, and ethical educational results.
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Table 7

Common limitations reported across the studies

Reported Limitation

Small Sample Size /
Limited Power / Attrition

Short Duration / Single
Session / Novelty Effect /
Sustainability

Context Specificity /
Limited Generalizability /
Sample Homogeneity

Study Design Issues (Lack
of Control, Contamination,
or Selection Bias)

Measurement, Technical,
or Usability Constraints

Intervention Scope /
Design Assumptions /
Lack of Qualitative Data

Al and Technological
Risks (Output accuracy,
Algorithmic bias, Model
dependence)

Participant Behavioral
Issues (Low
engagement/uptake)

Ecological Validity /
Device and Access

Studies
(count)

17

16

14

10

Citation of Studies Noting this limitation

Abdulla et al. (2024); Coban et al. (2025);
Dillon (2024); El-Garawany (2024); Hajian et
al. (2021); Li et al. (2025); Lim et al. (2023);
Okubo et al. (2023); Panjaburee et al. (2024);
Panwale & Vijayakumar (2025); Pape &
Thomas (2025); Pellas (2025); Pesovski et al.
(2024); Santhosh et al. (2024); Serrano-
Mendizabal et al. (2023); Winkler et al.
(2021); Wu et al. (2017)

Chun et al. (2025); Coban et al. (2025);
Vicente-Yague-Jara et al. (2023); Dillon
(2024); El-Garawany (2024); Horvers et al.
(2024); Li et al. (2025); Lim et al. (2023);
Okubo et al. (2023); Panjaburee et al. (2024);
Pape & Thomas (2025); Pellas (2025);
Reinhold et al. (2020); Santhosh et al. (2024);
Winkler et al. (2021); Yan et al. (2025)

Abdulla et al. (2024); Chan et al. (2024); Chun
et al. (2025); Coban et al. (2025); Vicente-
Yague-Jara et al. (2023); ElSabagh (2021); Li
et al. (2025); Lim et al. (2023); Okubo et al.
(2023); Panjaburee et al. (2024); Panwale &
Vijayakumar (2025); Pape & Thomas (2025);
Santhosh et al. (2024); Wang et al. (2023)

Bang et al. (2023); Chun et al. (2025); Coban
et al. (2025); Dillon (2024); El-Garawany
(2024); Nye et al. (2018); Okubo et al. (2023);
Pape & Thomas (2025); Pellas (2025); Rahimi
et al. (2021)

Li et al. (2025); Lim et al. (2024); Menekse et
al. (2025); Okubo et al. (2023); Pesovski et al.
(2024); Reinhold et al. (2020); Serrano-
Mendizabal et al. (2023)

ElSabagh (2021); Lim et al. (2023); Okubo et
al. (2023); Pape & Thomas (2025); Serrano-
Mendizabal et al. (2023)

Chun et al. (2025); Coban et al. (2025)

Nye et al. (2018); ter Beek et al. (2019)

Chun et al. (2025); Yan et al. (2025)
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Reported Limitation ?tudie§ Citation of Studies Noting this limitation
count

Inequity

In short, research on Al tools that assist students in seeking help is growing and has
yielded positive outcomes. However, there are still some significant limitations to this
study. Many studies are in their early stages, with small groups, short timeframes and
mixed results. This finding shows the need for more detailed long-term research. To
improve this, researchers should use larger groups, study different settings, extend study
times, better measure complex skills, improve Al tools, and consider ethical issues. These
gaps provide researchers with an opportunity to develop more effective ways to utilise Al
to support students in seeking help and learning independently of their teachers and
peers.

Discussion
5.1 Effectiveness of Al-Driven Scaffolds

Studies revealed both benefits and challenges. Promise lies in personalised, responsive
support; challenges include maintaining accuracy, maintaining engagement, and equitable
access for diverse learners.These findings suggest that Al-driven scaffolds, ranging from
intelligent tutoring systems to adaptive dashboards, can improve students’ mastery of
content and encourage productive engagement in learning tasks.

Al scaffolding effectiveness varies by context. Some studies found no significant
advantages over traditional instruction, while others showed improvements in specific
domains. Variables affecting outcomes include learner prior knowledge, domain
complexity, and scaffold design. Heterogeneous results suggest that Al scaffolds are not
uniformly effective but require careful design and context-specific implementation.

5.2 Implications of Generative Al Tools

A notable trend in the recent literature is the integration of generative Al technologies
into educational scaffolding. These tools offer new capabilities for personalised support,
while introducing new challenges. Generative Al enables more dynamic and
conversational forms of help that are not possible with earlier static systems (Mittal et al.,
2024). Studies have demonstrated their effectiveness. ChatGPT provides on-demand
explanations in AR science laboratories (Coban et al., 2025) and generates feedback on
students' essays. Chan et al. (2024) found that students who received Al-generated
feedback produced revisions with improved writing qualities. Coban et al. (2025)
demonstrated that an Al tutor (GPT-4) could adapt its feedback, resulting in learning gains
for students. In a programming course, students given access to ChatGPT as a
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supplemental tutor showed higher performance, with many valuing Al support (Abdulla et
al., 2024). These findings demonstrate the potential of generative Al to provide timely
assistance that improves performance and learner satisfaction.

Generative Al in help-seeking contexts has significant limitations, particularly around
content reliability, user dependence, and equity. Key concerns include maintaining Al
responses are accurate, preventing over-reliance, and maintaining accessibility.

In general, generative Al tools bring powerful new affordances to help-seeking scaffolds
but must be implemented with attention to ethical and pedagogical considerations. When
used thoughtfully, they can improve educational scaffolding; however, if used naively, they
can introduce errors into the learning process and lead to misunderstandings. The
evidence offers optimism regarding these tools while cautioning about their limitations.

5.3 Patterns in Instructional Design and Adaptivity

Beyond outcomes, studies revealed distinct patterns in AI implementation. Most focused
on single-domain applications, with limited cross-domain or interdisciplinary work.
Learner populations spanned K-12 to adult education, with varying emphasis on
underrepresented groups.

Scaffolding content varies by domain and instructional context, from domain-specific
explanations to general metacognitive prompts. This variation reflects different
pedagogical needs and learner populations.

The instructional contexts for these scaffolds varied, although most were implemented as
supplements to the existing online learning environments. Studies have embedded Al-
driven scaffolds into course activities, such as learning management system (LMS) plug-
ins, digital textbook features and assignment tools (Silva et al., 2024). This integration
means that the scaffolds work in conjunction with teacher-led instruction (except in self-
paced settings). Nearly all interventions were evaluated in controlled settings, primarily in
higher education courses rather than in K-12 classrooms. Tasks range from writing essays
to solving math problems, conducting virtual labs with adaptive logic that assesses learner
performance, and providing tailored support for learning (Isaeva et al., 2025). Emerging
multimodal data for adaptivity were used in a study by Santhosh et al. (2024), who used
gaze tracking to gauge engagement and trigger Al-generated reviews. Although such
sensors are not yet mainstream, they suggest future designs in which Al can adjust to
behavioural and affective cues, alongside performance metrics.

The design patterns in Al-driven help-seeking scaffolds range from straightforward
personalisation to sophisticated continuous adaptivity through analytically driven
recommendation. This field explores personalisation through content adaptation, strategic
prompting and feedback customisation. Successful implementation aligns scaffolds closely

Page 30/56



with learners’ immediate needs and context (Alexsius Pardosi et al., 2024). Generic advice
systems are less effective, and timely support relevant to student challenges is more
engaging and helpful. This requires effective learner modelling and instructional design,
leveraging Al techniques from decision-making rules to machine learning. These patterns
offer educators an approach for designing Al-supported learning environments.

5.4 Methodological Reflections

Methodologically, studies employed diverse designs and measures, ranging from RCTs to
naturalistic observation. This heterogeneity reflects developing field practices and context-
specific research needs.

Most interventions were tested in the short term, ranging from a single session to one
semester. Long-term studies tracking students across multiple semesters and courses are
lacking. This limits the evidence on whether Al scaffolding benefits persist - do students
maintain better help-seeking strategies after using an Al tutor, or do gains diminish? Short
evaluation periods often fail to capture long-term outcomes, such as knowledge retention
and skill transfer beyond immediate post-tests (Thomas et al., 2024).

Outcome measures were heterogeneous, including knowledge assessments, skill
measurements, help-seeking behaviour, and self-regulated learning indicators. This
diversity limits direct comparison across studies.

Despite limitations, few studies conducted rigorous internal validation or attempted
replication. Only one study explicitly examined scalability; scalability remains a critical
gap for future research.technological capabilities without a strong pedagogical foundation.
This shows the opportunity to better connect Al interventions with learning science
principles.

The methodological field is still developing, with evidence primarily from small-scale
studies showing possibilities rather than large-scale trials demonstrating practical
scalability. Variability in the measures and contexts suggests that future syntheses will
require greater standardisation of methods. These limitations inform our review and
indicate the following steps to strengthen evidence in this domain.

5.5 Limitations

Our search focused on peer-reviewed studies published in academic journals and
conferences, primarily in English. Research in other languages or grey literature may have
been missed, potentially skewing the findings towards positive outcomes, as unsuccessful
experiments are less likely to be published. Our inclusion criteria focused on Al-driven
help-seeking scaffolds, excluding broader AI education research and general Al tutoring
systems unless they specifically addressed adaptive scaffolding in their use. Although
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focused, this approach may have omitted relevant studies that were not explicitly framed
as "help-seeking scaffolds”. Theoretical papers and meta-analyses were excluded because
we focused on empirical studies.

The heterogeneity of the studies prevented the meta-analytic synthesis. The interventions
varied in terms of design and outcome measures, making it impossible to compute the
aggregate effect sizes. We relied on qualitative synthesis, which introduces subjectivity
into the interpretation of non-comparable evidence. We organised the findings
thematically and cited specific examples, although this approach did not match the
precision of a meta-analysis. Our statements regarding study frequency reflect judgments
rather than quantitative analyses.

Resource constraints limit review processes, such as full double-anonymised screening
and multiple independent reviewers. While we assessed the study quality to inform our
interpretations, we did not exclude studies based on their quality. Therefore, studies with
methodological limitations were included, which may have influenced these findings.
Future reviews should focus on studies that meet quality thresholds or incorporate risk-of-
bias analyses.

The timing of this review is significant, given the rapid evolution of Al in education,
particularly in the context of generative Al (2022-2023). Our search covered literature up
to 2025; however, new studies continue to emerge. The field of Al-driven educational tools
is expanding, and technology will continue to advance in the future. These findings should
be revisited periodically, as our review faces constraints of coverage, heterogeneity, and
developing evidence, showing the need for further research.

Recommendations

Based on the findings and limitations of this review, we propose recommendations for
research and practices/policies for educators, technology developers, and policymakers.

6.1 Research Recommendations

Expand Long-Term and Large-Scale Studies

Studies on Al-driven scaffolds should be conducted over extended periods in diverse
populations. Future research should assess whether these improvements are sustained
using longitudinal studies. Larger sample sizes and multisite studies should be conducted
to increase the generalisability of these results. As noted by Chun et al. (2025), rigorous
trials are required to evaluate the long-term impact and identify the cumulative effects of
Al on learning.
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Develop Standardised Metrics and Evaluation Frameworks

Standardised methods are required to measure key outcomes. Researchers should
operationalise constructs such as "help-seeking behaviour" and "engagement" using
standard questionnaires or logging schemas. A shared framework based on self-regulated
learning measures facilitates evidence aggregation. The authors should report detailed
usage patterns of Al interventions, including the frequency of help requests and types of
errors, to enable systematic comparisons and meta-analyses.

Explore Under-Researched Contexts and Populations

Research has primarily focused on higher education and laboratory settings, with limited
exploration of K-12, adult learning, and informal environments. Future studies should
examine diverse educational contexts, including elementary and middle schools, to
understand how Al-tailored scaffolding benefits students of different age groups. Research
across various demographic populations and international education systems, particularly
in low-resource settings, will reveal equity and implementation challenges that are not
evident in university settings.

Investigate Process and Mechanisms

Further research is required to determine the effects of Al scaffolding on learning. Studies
should include process measures, such as think-aloud protocols and trace data analysis, to
examine student interactions. Mixed-methods approaches that combine quantitative
outcomes with qualitative insights can reveal whether students prefer Al to human
assistance and whether scaffold features affect help-seeking behaviours. Understanding
these mechanisms will guide the design of artificial intelligence (AI) scaffolds to
complement human instruction.

Address Technical and Ethical Dimensions in Research Designs

Therefore, researchers should extend their focus to the technical robustness and ethical
implications of Al scaffolding, the technical aspects involved in testing different Al models,
and their sensitivity to feedback errors. Ethical considerations included examining student
trust, Al transparency, and the impact of content bias on students. Research has identified
bias and privacy concerns, and studying these issues through bias mitigation trials and
comparisons of data use is essential. This approach ensures that the Al scaffolds are
effective, safe, and acceptable to all users.

6.2 Practical and Policy Recommendations

Integrate Teacher Training and Support
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Institutions should provide professional development for teachers on Al scaffolding tool
operation and pedagogical alignment, including when to use Al versus personal
intervention (Chun et al., 2025). Teacher communities of practice can support integration
and help identify common pitfalls such as Al errors and student overreliance.

Establish Ethical Guidelines and Data Policies

Institutions should establish clear policies on data privacy, consent, and academic
integrity for Al use in classrooms. Ethics review processes should evaluate tools for bias
and educational alignment before adoption, with particular attention to equity across
linguistically diverse student populations.

Invest in Infrastructure and Accessibility

Schools must assess infrastructure readiness (devices, connectivity, bandwidth) and
ensure Al tools are accessible to students with disabilities through universal design
principles. Backup plans for Al service failures are essential.

Curriculum and Content Alignment

Al scaffolding should be aligned with curriculum objectives, with teachers involved in
configuring hints and feedback to complement existing instruction. Scaffolds were most
effective when reinforcing rather than replacing course materials.

Continuous Monitoring and Iteration

Implementation should be iterative: pilot in one semester, collect usage data and student
feedback, and scale up after resolving issues. Administrators should compare outcomes
between classes with and without Al scaffolds to evaluate effectiveness.

Promote Al Literacy and Student Training

Al literacy should be incorporated into learning objectives so students learn to formulate
effective queries, interpret Al feedback critically, and verify information. Educators can
use Al scaffolds to teach when to seek help versus work independently, maintaining that
Al leads to empowerment rather than dependency.

Expected Outcomes & Contributions

This systematic review examined Al-driven scaffold customisation in education settings. A
survey of 31 studies revealed gaps in large-scale evidence and long-term follow-up,
particularly in the K-12 setting. Our thematic synthesis of effectiveness, generative Al
implications, design patterns, and methodology consolidates the findings into a knowledge
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base, enabling researchers to identify parallels across domains such as STEM tutoring and
writing feedback. This synthesis advances our understanding by exposing gaps and
suggests that future work could frame studies on self-regulated learning models.

This review offers practical insights for educators implementing Al-customised scaffolding.
Practitioners can apply the findings in implementations; for example, a university writing
centre might pilot Al feedback tools based on the demonstrated success in various
contexts. Understanding curriculum alignment helps to avoid the use of pedagogically
unsuitable tools. Our analysis of generative Al provides an evidence-based perspective on
its benefits (engagement and personalised support) and risks (inaccuracies and teacher
oversight), thereby informing institutional guidelines. The recommendations emphasise
the importance of teacher training and Al literacy for maintaining effective
implementation.

This review provides an application framework based on organised themes that
practitioners can use for Al-driven learning scaffolding. Key considerations include
evidence of effectiveness, implications of generative Al, design strategy, and measures of
success. This framework translates research into practical decisions, advances knowledge,
and improves educational practice. By identifying successes and areas of exploration, this
review establishes a foundation for innovation in Al-supported learning.
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An overview of our search protocol based on the Preferred Reporting Items for Systematic
Reviews and Meta-Analysis (PRISMA) recommendation statement
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