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1. Executive summary

Intelligent tutoring systems (ITSs) can contribute meaningfully to pupils’ learning
in general education, but their benefits are neither automatic nor uniform. The
evidence reviewed is most extensive and consistently positive for learning
outcomes and skill development. Findings on motivation and engagement are
generally favourable but more heterogeneous, while evidence on well-being and
socio-emotional outcomes is smaller and indicative rather than conclusive.
Across these domains, educational value depends on how systems translate
learner information into appropriate instructional support and how their use is
embedded in teaching and learning.

Purpose, scope and approach

This report synthesises evidence on ITSs and related Al-based adaptive learning
tools in primary, lower-secondary and upper-secondary education. It examines
their effects on learning outcomes, motivation and engagement, and socio-
emotional development, alongside the pedagogical mechanisms and
implementation conditions associated with these effects. ITSs are understood as
systems that combine learner information, subject-domain structures and
pedagogical decision-making to adapt instruction. Functionally equivalent
adaptive learning tools are included even where studies do not explicitly describe
the canonical ITS architecture. Systems based on generative Al and large
language models are excluded from the review’s operational definition.

The review includes 65 studies, identified through a structured search targeting
English-language evidence from 2020-2026. The search relied primarily on
Semantic Scholar via Elicit. Following automated prioritisation of 9,985 records,
two reviewers manually screened 400 abstracts and assessed 94 full texts.
Included studies underwent structured data extraction and quality appraisal. The
evidence is predominantly intervention-oriented, with quasi-experimental studies
and randomised controlled trials forming the largest groups. Findings are
synthesised narratively and thematically rather than through a meta-analysis; the
report therefore does not provide a pooled estimate of effectiveness.

Main findings

Learning outcomes and skill development show the strongest evidence of
benefit. Studies frequently report improvements in achievement, conceptual
understanding, problem solving, reasoning, mastery and reading-related
performance. Positive findings also extend to language learning, science and
computer science, although evidence outside mathematics is thinner. Reported
standardised effects range from small to very large, but their magnitude and
consistency vary with study design, comparison condition, learner group,
curricular content and intensity of use.
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Motivation and engagement are often improved, but less consistently than
learning outcomes. Reported benefits include greater enjoyment, interest,
confidence, self-efficacy, participation, persistence and practice intensity.
However, results differ across motivational constructs and behavioural indicators,
and some measures remain unchanged or favour comparison conditions. Short
interventions and first-time use also make it difficult to distinguish sustained
motivational benefits from novelty effects. Engagement is therefore relevant both
as an outcome and as a condition supporting continued learning.

Socio-emotional findings are favourable within a comparatively small
evidence base. Studies examining these outcomes report positive affective
experiences, greater confidence and perceived competence, and reductions in
mathematics anxiety, frustration, mental demand and cognitive load. These
findings suggest that ITSs may influence pupils’ emotional experience during
learning as well as their achievement.

Mechanisms and conditions for effectiveness

The review identifies feedback, adaptive sequencing and scaffolding as the
central pedagogical mechanisms through which ITSs support learning. Feedback
appears particularly relevant when it is timely, specific, explanatory and linked to
errors or next steps. Adaptive sequencing adjusts task order, difficulty, pace and
learning pathways to pupils’ performance or estimated mastery. Scaffolding
provides graduated support through hints, prompts, worked examples and guided
practice. These mechanisms need to be calibrated to learners’ needs: poorly
timed or excessive support can encourage superficial task completion, confusion
or dependence on system guidance.

Technological features such as dashboards, conversational agents, gamification
and multimedia have more conditional effects. They appear most useful when
they make instructional support understandable, usable or actionable—for
example, by helping teachers identify learning needs or enabling pupils to monitor
progress. Their presence alone does not establish effectiveness. The report’s
synthesised impact framework consequently distinguishes the diagnostic—
adaptive layer, which interprets learner information, from core pedagogical
mechanisms and the interaction features through which support is delivered.

Implementation is part of the intervention, not merely a delivery consideration.
Sustained participation, sufficient opportunities for practice, curriculum alignment
and reliable organisational support repeatedly shape outcomes. Teachers
interpret system-generated information, connect it to curricular goals and decide
when additional instruction or support is needed. Some hybrid models combining
ITSs with human tutoring produce stronger outcomes than software-only use.
Teacher preparation and ongoing support are therefore important implementation
conditions, although their separate causal effects are rarely established.
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Implications for policy and practice

For national and regional policymakers, the report recommends specifying the
educational need, pupil group, subject, intended outcome and realistic
comparison condition before funding or procuring an ITS. Quality requirements
should address how learner information informs feedback, sequencing and
scaffolding, alongside curriculum alignment, teacher oversight, usability and
accessibility. Funding should cover implementation capacity — including
preparation time, professional development, infrastructure, scheduling and
ongoing support — rather than software access alone. Wider deployment should
depend on evidence from pilots under conditions comparable to intended use,
assessed against predefined criteria for continuation, adaptation or
discontinuation.

For school authorities and school leaders, ITSs should be introduced as
teacher-mediated instructional supports. Schools should define their curricular
purpose, planned pattern of use and teachers’ responsibilities, and test systems
with teachers and pupils before broader implementation. Monitoring should
distinguish learning outcomes from engagement and satisfaction, while also
examining exposure, completion, technical interruptions, teacher workload and
differences between learner groups. Implementation should be adapted, paused
or discontinued where the intended educational value is not demonstrated or
unintended inequalities emerge.

For European Union institutions, the principal contribution lies in strengthening
comparable evidence and coordination while respecting Member States’
responsibilities. Priorities include common evaluation and reporting principles,
reusable indicators, a shared evidence and implementation repository, and
comparative studies under routine European school conditions. Such work
should cover successful and unsuccessful implementations, longer-term
outcomes, implementation and maintenance costs, teacher-facing effects and
subgroup differences. Recurring pedagogical mechanisms and implementation
conditions offer more transferable points of reference than particular products or
reported effect sizes.
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2. Introduction

Artificial intelligence (Al) is becoming increasingly relevant in school education,
both as a topic for policy debate and as a growing set of tools intended to support
teaching and learning. Within this broader landscape, intelligent tutoring systems
(ITSs) and related Al-based adaptive learning tools are of particular interest
because they represent comparatively well established forms of educational Al.
Unlike more recent applications that are based on large language models (LLMs),
these systems are rooted in long-established forms of Al used in education,
including rule-based and model-based approaches to adaptive instruction. They
are typically based on architectures that combine learner models, domain models
and pedagogical rules, and are associated with a better-developed base of
empirical evidence (Ma et al., 2014). Historically, some of these systems would
have been discussed using labels such as “computer-assisted instruction” or
“intelligent computer-aided instruction”. In this report, however, the systematic
use of learner data in conjunction with pedagogical or domain models to adapt
instructional support serves as an operational criterion for their inclusion within
the scope of a review of Al-based systems. This criterion describes the form of
Al relevant to the review; it is not intended as a defining technical criterion for Al
itself.

Systems based on generative Al and LLMs are not classified here as ITSs. The
present review focuses on the classical ITS tradition of structured learner-
adaptive architectures (Nwana, 1990; Holmes et al., 2019), in which instructional
adaptation is organised through learner, domain and pedagogical models.
Systems that primarily centre on probabilistic content generation fall outside this
operational definition. This boundary is methodological rather than substantive:
although generative and hybrid Al may increasingly be integrated into future ITS
architectures, the present review focuses on those systems for which causal
evidence in school settings is sufficiently well established. This makes ITS a
particularly relevant object of analysis for an evidence-informed discussion of Al
in general education. This scope was agreed with DG EAC at the outset, and
reflects the report’s role within a broader analytical package on Al in education.
Generative Al, LLMs and related recent developments are addressed in
companion reports.

At the same time, the growing visibility of Al in education has not been matched
by equally robust pedagogical guidance on its educational value. Public and
policy debates often oscillate between optimistic assumptions that Al will
personalise learning and improve efficiency, and more sceptical or risk-oriented
perspectives that emphasise concerns such as overreliance on technology,
inequitable access, or the opacity of algorithmic systems. With regard to school
education, these competing narratives underline the need for more differentiated
evidence on what Al-based tools actually do in educational settings, under what
conditions they are effective, and how their effects vary between learners,
subjects and the contexts in which they are implemented. It also creates a need
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for evidence that can inform decisions in schools and education systems about
whether, where and how such tools should be used in teaching and learning, as
well as their implementation at school level.

In response to these needs, the report examines ITS and related Al-based
adaptive learning tools in general education. Its primary focus is whether, and to
what extent, these systems affect learning outcomes, motivation and
engagement, as well as socio-emotional development. To interpret variations in
these effects, the review also synthesises evidence on pedagogical mechanisms
and implementation conditions. In this sense, the report adopts a focus that is
deliberately narrower and more analytically tractable than that employed in
broader discussions of Al in education. It responds to the need to understand
more established forms of educational Al before drawing wider conclusions about
Al in schooling more generally.

2.1. Defining intelligent tutoring systems

ITSs are generally understood as computer-based instructional systems that
enable individualised and goal-directed interaction with learners. They do so by
linking learner input to structured information embedded in the system in order to
adapt outputs such as task selection, content sequencing and feedback. A
defining feature of ITSs is the continuous adjustment of instruction through the
use of learner data, in conjunction with pedagogical and domain-related
structures represented within the system (Bernacki et al., 2021; Ma et al., 2014;
Vogel, 2023).

ITS architectures typically comprise several interconnected core components
(Holmes et al., 2019; Sottilare et al., 2014). A learner model represents
information about the learner, such as current performance, progress,
misconceptions or other characteristics relevant to adaptation (Holmes et al.,
2019; Sottilare et al., 2014). A domain or expert model represents the subject
content, target competences and problem structure on which instruction is based
(Holmes et al., 2019; Sottilare et al., 2014). A pedagogical or tutor model
represents the instructional strategies, feedback rules and support decisions
through which the system responds to learner input (Holmes et al., 2019; Sottilare
et al., 2014).

Additional components, such as interface, diagnostic or open learner models,
may support interaction, the diagnosis of errors, or the transparency of decisions
made by the system (Holmes et al., 2019; Ma et al., 2014). It should be
acknowledged, however, that recent literature applies the term “ITS” with varying
degrees of breadth. At times, it includes dialogue-based, Al-supported, hybrid or
platform-based systems that provide adaptive and learner-responsive support but
do not always make their underlying models explicit (Simbolon et al., 2025;
Thomas et al., 2024b; Zhai et al., 2025).

11
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To clarify the scope of this review, and in line with various studies (e.g. Mondia
et al., 2023; Uriarte-Portillo et al., 2023; Wutthisarn & Junpeng, 2024), systems
are therefore considered to be ITSs when they combine learner-responsive
adaptation with instruction that is embedded in a specific subject domain.
Systems that recommend content or generate feedback without a systematic
connection to learner information and domain-specific instructional logic are not
treated as ITSs.

It should also be noted that the terminology used in the empirical literature is not
always consistent. Some studies examine systems that are functionally close to
ITSs because they provide adaptive, learner-responsive support within a specific
learning domain, but do not explicitly describe the architecture of these systems
in terms of learner, domain and tutor models. For this reason, the present review
also considers related, Al-based adaptive learning tools whose properties, as
described, indicate functional equivalence to ITS, even if the canonical
component terminology is not used.

For readability, the report uses ITS as the main abbreviation to describe all
systems within this broader review scope. Unless otherwise specified, the term
therefore covers both systems explicitly labelled as ITS, as well as related Al-
based adaptive learning tools that meet the review’s functional inclusion criteria.
This usage reflects the broader review scope while preserving the conceptual
distinction between canonical ITS architectures and functionally similar adaptive
Al-supported learning systems (Holmes et al., 2019; Sottilare et al., 2014).

2.2. Conceptual impact framework

To guide the review, this report applies an conceptual impact framework,
developed by the authors, that distinguishes between three analytically related
dimensions: underlying mechanisms, moderating or contextual factors, and
observed effects. This framework is intended as a heuristic orientation for
structuring the review and for interpreting the empirical literature, not as a final
explanatory model. Thus, the framework is intentionally broad at this stage of the
report. The framework is later revisited and refined in Section 4.2, where the
review findings are used to develop a more empirically informed synthesised
impact framework.

The three-part structure of the framework reflects the review’s a priori analytical
rationale. Since the review is concerned not only with whether ITSs affect pupils’
outcomes, but also with how they operate pedagogically and under what
conditions their effects vary, the framework separates their underlying
mechanisms, moderating or contextual factors, and observed effects. “Underlying
mechanisms” captures the instructional and technological processes through
which an ITS may influence learning. “Moderating and contextual factors”
captures the learner, subject, setting and implementation conditions that may

12
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shape how these mechanisms operate. “Observed effects” captures the elements
within the dimension of observed effects, via which ITS-related changes are
examined in the later synthesis.

The ordering of these dimensions is analytical rather than hierarchical. Underlying
mechanisms are presented first because they describe how ITSs translate
learner information into instructional support. Moderating and contextual factors
follow because they shape how these mechanisms operate and whether they
translate into outcomes. Observed effects are presented third because they
represent the outcome domains in which the consequences of these processes
are examined. The contextual dimension is therefore crucial because it avoids
the observed effects from being attributed to the technology alone, and helps to
explain variations between learners, subjects, settings and the conditions of
implementation.

This distinction is also anchored in instructional design and ITS research.
Instructional design research suggests that educational effects depend on how
learning activities are structured, guided, supported through feedback, practised
and integrated into meaningful learning processes, rather than on the presence
of a particular medium alone (Merrill, 2002). This supports the focus on
mechanisms. ITS research specifies relevant mechanisms in terms of learner
modelling, domain representation, pedagogical decision-making, feedback,
scaffolding, sequencing and learner—system interaction (Ma et al., 2014; Sottilare
et al., 2014; VanLehn, 2011).

The dimension of observed effects is defined in parallel with the substantive focus
of the review. Learning outcomes and effectiveness are included because ITS
research has traditionally examined whether adaptive tutoring improves
achievement, mastery, conceptual understanding, problem solving or skill
development (Ma et al., 2014; VanLehn, 2011). Motivation and engagement form
a further element of the dimension of observed effects because ITSs may also
affect learners’ participation, persistence, interaction with feedback and support,
willingness to practise, and continued use (Wang et al., 2025; Yu et al., 2023).
The element well-being/socio-emotional outcomes is framed more cautiously, as
newer ITSs and Al-supported learning environments increasingly address
affective states, confidence, anxiety, frustration, cognitive load and emotional
experience during learning (Hladky et al., 2025; Standen et al., 2020). At the
same time, the expected effects of these mechanisms cannot be interpreted
independently of implementation conditions, learner characteristics, subject
domains, and the educational settings in which ITSs are used. The framework
therefore treats mechanisms, context and outcomes as analytically distinct but
interdependent dimensions.

The framework provides a structured lens for organising and interpreting the
empirical literature on ITSs in general education. At its core, it assumes that ITSs
do not affect the outcomes of pupils in an automatic or uniform way (Sottilare et
al., 2014). Rather, their effects depend on how these systems shape learning
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processes, as well as on the conditions under which they are implemented and
used. Table 1 summarises this initial conceptual impact framework by setting out
its three dimensions, their main elements, and their respective roles in the overall
impact logic.

Table 1: Conceptual impact logic for ITSs

_____ Dimension | _____ Elements __| _Rolein theimpact logic

Underlying mechanisms Feedback type and timing . .
Mechanisms through which ITS

Adaptive sequencing shape learning processes by
structuring instruction, guiding
progression and responding to
Technological design features learner input

Scaffolding strategies

Educational stage and age

group
. Subject domain Conditions that influence the
Moderating and contextual S
. strength, direction, and
factors Educational context

consistency of effects
Teacher role and parental
involvement

Observed effects Learning outcomes /
effectiveness

Motivation and engagement Outcome domains in which the

effects of ITSs become visible
Well-being / socio-emotional

outcomes
Source: Authors' own analysis.

The first dimension deals with the underlying mechanisms via which ITSs may
generate such effects. The underlying assumption is that outcomes are shaped
not simply by the presence of a digital tool, but rather depend on how the system
is embedded within the learning process, how it structures instruction, how it
responds to input from learners, and how it guides progression through learning
tasks. In this report, particular attention is given to feedback and timing, adaptive
sequencing, scaffolding strategies and technological design features. These
mechanisms are relevant because they represent core ways in which ITSs can
influence learning processes — for example, by providing immediate feedback;
step-by-step feedback; adjusting task difficulty or learning pathways; offering
hints and step-by-step support; or shaping learners’ interaction with the system
through interface and design elements. In this sense, the framework treats ITSs
not as a single type of intervention with uniform effects, but rather as a cluster of
design and support mechanisms. These mechanisms influence outcomes in
different ways over time, as learners engage with the system and as support is
adjusted within specific instructional settings. This is consistent with design-
oriented work on ITSs that conceptualises such systems in terms of instructional
management and pedagogical response rather than as uniform technologies
(Sottilare et al., 2014).

The second dimension captures moderating or contextual factors that may
condition the extent, direction or consistency of these effects. Even where similar
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mechanisms are used, their impact may vary depending on the learners and
settings involved. The framework therefore includes educational stage and age
group, subject domain and educational context, as well as the teacher’s role and
parental involvement. These factors are important because they shape both the
implementation of ITSs and the capacity of pupils to benefit from them. For
example, younger learners may respond to adaptive support differently from older
learners; effects may differ between mathematics and language learning; use in
the classroom may generate different dynamics from those in homework use; and
the presence of teachers or parents may strengthen, mediate or constrain the
ways in which ITSs are used. These contextual conditions also influence how
mechanisms such as feedback, scaffolding or adaptive sequencing are enacted
in practice. This emphasis on context is also in line with broader discussions on
Al in education, which stress that its educational value depends not just on
technical capability but also on the conditions under which it is implemented and
the roles of educational actors (Holmes et al., 2019).

The third dimension contains the observed effects associated with the use of
ITSs. In this review, these effects are grouped into three outcome domains:
learning outcomes/effectiveness, motivation and engagement, and well-being or
socio-emotional outcomes. Together, these reflect a broad understanding of
educational impact. ITSs may influence not only pupils’ academic performance
and skill development, but also their willingness to engage with learning tasks,
their persistence in the learning process and, where studied, broader affective or
socio-emotional dimensions of learning. The framework therefore captures both
cognitive and non-cognitive outcomes. Within this framework, the central place
given to learning outcomes and effectiveness is strongly supported by meta-
analytic evidence showing that ITSs are associated with measurable learning
gains, even though the broader framework adopted here extends beyond
achievement alone (Ma et al., 2014).

Overall, the framework assumes a dynamic relational logic: ITSs influence
educational outcomes through specific mechanisms, while the strength and
nature of these effects are conditioned by contextual and moderating factors. The
framework understands ITS-supported learning as an iterative process in which
learners, systems, teachers and (where relevant) parents, shape how support is
enacted and how effects emerge over time. This perspective allows the review to
move beyond the question of whether ITSs are, on average, effective, and to
analyse more precisely how, for whom, and under which conditions their effects
emerge. The framework thus provides the conceptual bridge between the
review’s descriptive mapping of the literature and its later synthesis of patterns in
the evidence.
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2.3. Purpose of this review

This review responds to a specific analytical and policy need, as it is intended to
provide a comprehensive, evidence-based overview of the impact of ITSs in
general education. More specifically, the report is designed to synthesise existing
causal evidence on learning outcomes, motivation and engagement, as well as
socio-emotional impacts, while also identifying underlying mechanisms and
conditions for success.

A focused review of ITSs is particularly appropriate because the current evidence
base on generative Al in education remains comparatively limited, especially with
regard to causal evidence from school settings. By contrast, ITSs and related
adaptive learning tools are more established forms of Al in education. Thus, they
provide a stronger basis for examining how more traditional forms of Al may affect
learning processes and educational outcomes in practice. This makes these
technologies an especially suitable subject for an analytical report intended to
inform evidence-based policy discussions.

The review is further justified by the fact that the available literature on ITSs is
both substantial and heterogeneous. Studies differ in how they define ITSs. They
also cover different subject domains and educational stages, examine different
outcomes, and consider different mechanisms and contextual conditions. A
systematic synthesis is therefore necessary in order to identify recurring patterns
across this diverse evidence base, as well as to distinguish between more robust
and less robust strands of evidence, and to clarify where conclusions remain
conditional or uncertain.

Lastly, this review has a clear relevance for policy and practice. School systems
are increasingly confronted with decisions as to where, whether, and how ITSs
should be used (Hallstrom et al., 2026; Organisation for Economic Co-operation
and Development [OECD] (2025). Such decisions require more than just isolated
findings on average effectiveness. They require an understanding of which
pedagogical mechanisms appear to matter most, under what implementation
conditions positive effects are more likely to emerge, and how far evidence from
non-European contexts can be interpreted for a European policy setting. The
review therefore aims to provide a more differentiated evidence base for
educational and policy decisions concerning the use of ITS in school education.

24. Research question
Against this background, the review is guided by the following research question:

What existing causal empirical evidence on intelligent tutoring systems (ITSs) and
related Al-based educational technologies can be identified in general education
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(primary to upper-secondary), regarding their impact on pupils’ learning
outcomes, motivation and engagement, and socio-emotional development?

This question is intentionally framed in a way that goes beyond average treatment
effects. It is designed not only to identify whether positive, negative or mixed
effects can be observed, but also to support a more differentiated interpretation
of how such effects relate to pedagogical mechanisms and to the contextual
conditions in which ITSs are implemented.

The relevance of the above question lies in the fact that debates on the use of
ITSs in school education require more than isolated findings on overall
effectiveness; they also require a clearer understanding of which outcome
domains are supported by the available causal evidence, how consistent that
evidence is, and where important limitations or uncertainties remain. The review
therefore does not assume a single uniform pattern of impact, but instead seeks
to determine whether the existing evidence points to differentiated effects across
outcome domains, learner groups (educational stage and age) and
implementation contexts.

2.5. Contribution

The main objective of this report is to provide a comprehensive and evidence-
based synthesis of the impact of ITSs on pupil outcomes in general education. In
doing so, the report contributes to a more differentiated understanding of Al in
school education by focusing on a field in which a fairly substantial causal
evidence base is already available.

More specifically, the report pursues four closely related objectives. First, it
examines how the reviewed studies define and operationalise ITSs, including
their core components, common features and different system types. Second, it
identifies and synthesises the available evidence on learning outcomes and
effectiveness, motivation and engagement, and — where evidence permits — well-
being and socio-emotional outcomes. Third, it analyses the mechanisms and the
moderating or contextual factors associated with the effects reported, paying
particular attention to feedback, adaptive sequencing, scaffolding, technological
design features, educational context, stage of education, subject domain, and the
role of teachers and parents. Fourth, these finding are framed within a broader
interpretive framework in order to clarify more precisely how, for whom, and under
what conditions ITSs appear to contribute to pupil outcomes.

The contribution made by this review is therefore threefold. Empirically, it
consolidates a diverse body of causal evidence on ITSs in school education.
Conceptually, it links observed outcomes to pedagogical mechanisms and
contextual conditions through the conceptual framework introduced in this
chapter and the synthesised impact framework developed later in the report.
Analytically, it supports a more precise interpretation of the educational potential
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of ITSs by showing that their effects are neither automatic nor uniform, but
depend on how adaptive instructional support is designed, implemented and
embedded in practice. These conclusions also provide the basis for the report’s
final conclusions and implications.
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3. Methods

To address the research question, this review follows a structured, systematic
approach. This chapter describes the methodological design and procedures
used to identify, screen, extract and synthesise the relevant empirical evidence.

3.1. Review design and protocol development

The literature review that informs this report followed a structured design, driven
by a systematic literature review protocol. It encompassed the stages of search,
screening, full-text eligibility assessment, data extraction, quality appraisal and
synthesis. At the outset of the review, a research plan was developed to specify
the methodological procedure in advance. This plan defined the overarching
research question, established the screening criteria, and guided the
development of the extraction matrix. The extraction matrix was constructed in
alignment with a set of subordinate research questions, each addressing a
particular descriptive or substantive dimension of the overarching review
question.

3.2. Search strategy

The literature search was conducted using Elicit (https://www.elicit.com) as its
primary scientific search tool. Elicit was selected because it is designed for
structured academic literature searches, and operates on the basis of the
Semantic Scholar database. Its principal function in the present review was to
identify peer-reviewed empirical studies relevant to the review question. The
search strategy was derived directly from the overarching research question, and
focused on studies examining ITSs in school-related educational contexts. Elicit
was used not only to identify potentially relevant studies, but also to support
structured filtering on the basis of study characteristics and outcomes. In this
sense, it served as the central platform for identifying evidence as well as early-
stage assessment of its relevance.

3.3. Eligibility criteria

The strict eligibility criteria required that studies were published or otherwise
made publicly available between 2020 and 2026, were written in English, and
focused exclusively on learners in primary, lower-secondary or upper-secondary
education. The starting point was set at 2020 to ensure that the review captured
the most recent evidence, while ensuring the review’s scope was feasible and
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aligned with the rapid development of the field. Although the review focused on
identifiable and methodologically transparent empirical studies, potential
publication bias was addressed by complementing the database search with a
targeted screening of working papers and preprints, as described in Section 2.9.
In addition, studies were assessed against a set of criteria for their broader
relevance. To be considered eligible, a study had to report at least one of the
review’'s core outcome domains, namely learning outcomes or effectiveness,
motivation and engagement, or well-being and socio-emotional outcomes.
Furthermore, studies had to be empirical in nature and report data-based
evaluation findings. The review prioritised intervention-oriented studies, including
randomised controlled trials, quasi-experimental designs, controlled
comparisons, pre/post intervention studies, and other structured evaluations of
ITS use. Survey-based and self-report measures were deemed eligible only when
they formed part of an otherwise eligible intervention-oriented study. Whether
causal inference was possible depended on the design of a given intervention
and its comparison structure, rather than on whether an outcome was measured
through a test, questionnaire or self-report instrument. Studies based exclusively
on survey, correlational or cross-sectional designs were excluded. Where survey-
based or correlational analyses were reported within an included intervention
study, these findings were treated as being descriptive or associational evidence
and were not used to support causal conclusions regarding the effects of ITSs.

To be deemed eligible, studies also had to evaluate ITSs and be situated within
a school-related educational context. This included the curricular use of ITSs in
classroom instruction and/or homework, their extracurricular use within schools
(e.g. as an additional learning support, for enrichment, or in after-school clubs),
as well as non-institutional educational use such as self-directed or informal
learning. A further condition for inclusion dealt with the operationalisation of ITSs.
For the purposes of this review, an ITS was required to provide feedback and
active support for student learning, rather than merely indicating whether answers
were correct or incorrect. Studies were only included if core functions of the ITS
model- namely, learner modelling, domain representation and pedagogical
guidance — were identifiable in the described adaptive properties of the system,
even where they were not explicitly named as separate components. Systems
based on underlying generative Al models were excluded from the review.

3.4. Screening procedure

Screening was conducted in two stages: firstly of article abstracts, followed by
full-text screening. In the first stage, Elicit was used to conduct an automated
screening of 9,985 article abstracts. Each abstract was rated across all screening
dimensions and assigned a relevance score between 0 and 5, with higher scores
indicating greater relevance to the overarching research question. This
automated scoring served as a mechanism for prioritising studies for manual
review, in which the top 400 publications were manually assessed by two
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reviewers in Elicit. At this point, the studies were evaluated against the predefined
screening criteria as well as the operational definition of ITSs adopted for this
review.

On the basis of this abstract-level assessment, 94 publications were considered
sufficiently relevant to proceed to the second stage: full-text screening. Here, the
full texts of these 94 studies were retrieved and screened manually by two
reviewers using the same eligibility criteria applied previously at abstract level,
now employed to assess the complete text of each publication. After full-text
screening, 65 studies were deemed to meet the inclusion criteria and were
retained for data extraction and quality appraisal.

3.5. Data extraction

Data extraction was carried out in Elicit using a predefined extraction matrix
applied to all of the 65 studies selected. This matrix had been developed during
the planning stage of the review and was explicitly linked to the subordinate
research questions. Each extraction field therefore corresponded to a particular
analytical dimension and captured either descriptive study information or content
relevant to a specific aspect of the overarching research question. This procedure
enabled evidence to be extracted in a systematic and comparable manner across
the included studies. The completed extraction matrix formed the empirical basis
for the subsequent synthesis.

3.6. Quality appraisal

Quality appraisal was conducted on all 65 of the included studies. Each study
was assessed with regard to its internal validity, identification strategy, attrition
risk, validity of measurement, and transparency. The purpose of this appraisal
was to support a structured evaluation of the methodological robustness of the
included evidence base and to inform the interpretation of the review findings
during synthesis.

3.7. Synthesis

The synthesis of the extracted evidence was supported by the GPT-5.4 model.
More specifically, the individual columns of the extraction matrix were used to
address distinct sub-dimensions of the overarching research question. On this
basis, the extracted content was processed through iterative summarisation,
clustering and transformation into academic prose. These synthesised outputs
served as an analytical foundation for the reviewers, who used them to develop
the individual chapters of the publication. The synthesis process thus combined
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structured Al-assisted evidence processing with reviewer-led interpretation and
scholarly writing.

3.8. Adapted PRISMA flow diagram

PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses)
provides a structured reporting framework that ensures transparency and
reproducibility in documenting the identification, screening, eligibility assessment
and inclusion of studies within a systematic review. Figure 1 presents the study
selection process using an adapted PRISMA flow diagram.

A total of 9,985 records entered the screening process. Following automated
prioritisation, 400 records were selected for manual screening of abstracts, with
306 of these being excluded on the basis of the predefined criteria. This resulted
in 94 studies proceeding to full-text assessment. All 94 full-text articles were
assessed for eligibility, leading to the exclusion of 29 studies. The remaining 65
studies met all of the inclusion criteria and were included in the final sample for
data extraction, quality appraisal and synthesis.

Figure 1: Adapted PRISMA flow diagram
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3.9. Working papers

To complement the database search with recent unpublished or pre-publication
evidence, the review also screened working papers and preprints from three
relevant sources: NBER, OSF/EdArXiv and SSRN. This step was intended to
capture emerging empirical studies that may not yet be available as journal
publications, while maintaining the review’'s focus on methodological
transparency and substantive relevance. In line with the review protocol, working
papers were only considered where they were clearly identifiable and
methodologically transparent.

As a result, only one working paper was retained for further consideration after
validation. This paper, Borchers et al. (2023), compared ITS-supported and
paper-based mathematics practice in school settings and found that the ITS
provided more practice opportunities that pupils eventually answered correcily,
but did not produce stronger overall learning gains, with effects varying across
curricular units.

The search of working papers primarily served to check whether the review had
adequately captured the most recent developments in the field. Given that only
one eligible working paper was retained (and this was published in 2023), this
supplementary search did not add substantively new unpublished evidence
beyond the reviewed literature, but it did help to confirm that no more recent
working papers meeting the review’s definition of ITS were identified.
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4. Results

This chapter of the report presents the results of the systematic review, including
the characteristics of the studies included, the definition and operationalisation of
intelligent tutoring systems (ITSs), and the main empirical findings across
outcome domains, mechanisms and contextual factors.

4.1. Descriptive overview of the reviewed studies

This section presents the main characteristics of the studies reviewed in terms of
study design, countries and regions, time of research (publication and data
collection), school level and age group as well as examined outcomes.

4.1.1. Study design

The evidence base can be described as predominantly intervention-oriented, with
most studies aiming to evaluate the effects of ITSs on learner outcomes. As
shown in Figure 2, the largest group of studies used quasi-experimental designs,
followed by randomised controlled trials. Together, these two categories of design
account for the maijority of the studies included. The remaining design types occur
much less frequently and can be interpreted as smaller methodological
subgroups within the review evidence. These include cross-over designs,
matched comparisons and quasi experimental designs, mixed RCT/quasi-
experimental designs, and within-subject repeated-measures designs. Within the
quasi-experimental category, various methodological approaches were used.
Most studies employed non-randomised comparison structures, comparing an
intervention group with a control or comparison group, an alternative instructional
condition, or another version of the tutoring system.

In 27 of the 35 studies coded as quasi-experimental, a control or comparison
group was explicitly reported. These comparison conditions included regular
instruction, traditional classroom teaching, business-as-usual instruction,
alternative digital learning tools, non-ITS environments, or comparable learner
groups. Other studies used related comparison approaches, including matched
groups, naturally existing classes, within-subject pre/post comparisons, repeated
measurements, or comparisons between different system conditions. Overall, the
category of quasi-experimental designs therefore comprises a range of non-
randomised intervention evaluations with different comparison structures.
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Figure 2: Distribution of study design types across included studies
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The predominant structure for evaluation was comparative and intervention-
focused, often relying on pre/post or baseline/endline measurements. As shown
in Figure 3, the most common measurement structure involved two time points,
typically before and after the intervention. Other studies used three or more
discrete measurement points, while some relied on multiple, continuous or
variable data collection points. For four studies, the publications did not provide
sufficient information to classify the number or timing of measurement points.

Figure 3: Distribution of measurement point used
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Source: Authors' own analysis.

The most frequently used research instruments in the studies reviewed were
tests, assessments or performance tasks. These were often complemented
by digital logs, platform data, process data, surveys, questionnaires, scales,
interviews and observations. Figure 4 shows that tests and performance-based
measures were the family of measurement tools most commonly used, followed
by digital trace data and survey-based instruments. Most studies employed more
than one research instrument; thus, they are counted more than once in Figure
4.

Figure 4: Distribution of research instrument families
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In summary, the evidence reviewed is mainly based on intervention-oriented
studies — in particular, quasi-experimental designs and randomised controlled
trials. Most studies used comparative or pre/post evaluation structures, with the
most common instruments being tests or performance tasks. These were
supplemented by digital trace data and surveys. The methodological strength of
the evidence varies between studies depending on features such as
randomisation, the presence and type of control or comparison condition,
matching procedures, repeated measurement, and the nature of the outcome
instruments.

41.2. Countries where research was conducted

The country in which the largest number of studies were conducted is the United
States, which accounts for a quarter of the studies, followed by Thailand,
Germany, China and the Netherlands (see Figure 5). At a regional level, however,
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Asia is the continent in which the majority of the included studies were conducted
(see Figure 6).

Figure 5: Top countries represented in the evidence base
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The field therefore focuses on North America — in particular, the United States —
followed by Southeast Asia (in which Thailand stands out as the most prominent
contributing country), and Europe (represented by Germany, the Netherlands and
France). Evidence from Latin America, South Asia, Central Asia, Sub-Saharan
Africa, and Russia/Europe-Central Asia is sparse, usually represented by only
one or two studies. Thus, the evidence appears skewed towards only a few
countries. Countries that are only represented once are not shown in Figure 5.
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Figure 6: Regional distribution in the evidence base
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As the figure shows, the geographical distribution of the evidence base is uneven,
with the United States and selected Asian countries being particularly strongly
represented. The implications of this imbalance for interpreting the transferability
of findings to European school systems are discussed in Section 5.3,
“Transferability caveats for non-EU studies”.

4.1.3. Timing of research

Among the studies included, publishing activity has increased significantly over
time. The dataset begins with six publications in 2020, dips to four in 2021, then
rises steadily: five in 2022, eight in 2023, 16 in 2024, and 25 in 2025. This means
that the years 2024 and 2025 alone account for 62.1 % of all records, indicating
a strong recent acceleration in publishing activity. The value for 2026 is only two
publications, due to the year being only partially complete at the time of review.

However, when one considers the time at which the studies were actually carried
out or the data collected, the above trend appears less striking, as 37 out of the
65 publications (56.9 %) did not identify a specific year in which data were
collected. Among the 28 studies that did include identifiable dates, activity was
sparse prior to 2016, increased around 2018-2019, remained constant between
2020 and 2023, and reached its highest observed level in 2024. In the case of
long-term studies, each year covered by the study was counted (see Figure 7).

The key interpretation of this is that the field appears to have moved from sporadic
earlier studies to a more active and rapidly expanding research area, particularly
after 2020. However, the large share of studies with missing or unclear data
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collection dates means that this trend should be read as a lower-bound estimate,
not as a complete historical record.

Figure 7: Research activity by year of data collection
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4.1.4. School level and age group

More than half of the studies included (35; 53.8 %) focus on the use of ITSs in
lower-secondary level, followed by primary schools (21; 32.3 %) and upper-
secondary level (17; 26.1 %). Among these three groups, eight studies span
multiple educational levels

Information on the age of the pupils studied is available for only 22 studies. Most
pupils were in early adolescence, in particular around age 12—15. This aligns with
most studies being conducted at lower-secondary level (see Figure 8). Note that
in many cases, one study can contribute to several year or age bands.
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Figure 8: Age coverage in studies providing explicit age information
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4.1.5. Subject areas covered

Most studies examined the effects using ITSs in mathematics, followed by
language/reading and sciences. Because some studies focused on more than
one subject, the total number of subjects covered, as reported in Table 2,
exceeds the total number of included studies (65).

Table 2: Distribution of subject areas across included studies

Subject group Reports in which it is mentioned

Mathematics 41
Language / reading / literacy 16
Science 12
Computer science 4
Physics 3
Biology 2
General / cross-curricular 2
Chemistry 1
Social studies 1
Sports 1

Source: Authors' own analysis.
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4.1.6. Outcomes examined

All studies except for two (97 %) examined the effects of ITSs on learning
outcomes. In addition, around 63.6 % examined motivation/engagement, and
21.2 % examined well-being/socio-emotional outcomes. The exact distribution of
these focus areas can be seen in Figure 9. Because the above dimensions are
not mutually exclusive, one publication may count towards multiple categories.
The most common pattern is learning outcomes + motivation/engagement, which
appears in 32 publications. This is followed by learning outcomes only (which
appeared in 19 publications). All three dimensions are examined in only eight
publications (12.1 % of the total).

Figure 9: Distribution of outcome dimensions examined
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4.2. Definition and types of ITSs

This section of the report examines how ITSs are defined and operationalised in
the studies reviewed. It identifies their core components, recurring features and
distinguishable system types.

4.2.1. Operationalisation of ITSs in the studies reviewed

Among the studies included in this review, ITSs are most commonly defined as
computer-based or Al-based instructional systems that personalise learning by
adapting content, support, pace or difficulty to the learner, and by providing
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individualised feedback (Khazanchi et al., 2024; Uriarte-Portillo et al., 2023). A
closely related formulation describes ITSs as systems designed to simulate key
functions of human tutoring — in particular, one-on-one support — by offering
tailored guidance and adaptive feedback (Olney et al., 2025; Pervaiz et al., 2025).
Overall, the extracted findings indicate a shared conceptual core that centres on
adaptivity, personalisation and support that is responsive to the learner. Most of
the studies operationalise ITSs in terms model-based architectures that combine
components such as a domain model, learner model, tutoring model and interface
model (Alakayleh, 2025; Mondia et al., 2023).

Another recurrent theme is the operationalisation of ITSs in terms of immediate
instructional support — especially feedback, hints, scaffolding, guided practice
and step-level assistance (Azevedo et al., 2020; Borchers et al., 2023). Several
studies define ITSs more specifically in terms of dialogue-based tutoring,
including conversational agents, chatbots or natural language tutors that guide
learners through questioning, explanation, or error-based support (Liu et al.,
2025; Shih et al., 2023). In these cases, ITSs are framed as an interactive tutoring
process rather than just a mechanism for content sequencing. Thus, ITSs are
frequently defined not only as an instructional tool, but also as a system that
continuously adjusts instruction on the basis of learner data and estimated learner
state. In this context, “learner state” refers to the system’s inferred representation
of a learner's current situation. This includes aspects such as knowledge,
performance, progress, errors, needs or engagement, which can be used to
inform adaptive tutoring decisions (Sottilare et al., 2014).

Despite the shared core of adaptive features, the scope of the concept of ITS
varies between studies. Some publications apply the term to relatively
conventional adaptive tutoring software (Baker et al., 2020; Kim et al., 2020),
whereas others extend it to hybrid human—Al tutoring, mixed-reality systems,
robotics, affect-sensitive systems, gamified systems or collaborative
environments (Standen et al., 2020; Thomas et al., 2024b). In addition, some
studies treat established platforms as ITSs or ITS-like systems, while others
discuss adaptive learning technologies more broadly without clearly delimiting the
concept. A small number of studies do not explicitly define ITSs directly — a further
indication of variations in conceptual precision within the field (Majumdar et al.,
2023; Oreopoulos et al., 2024).

Taken together, the evidence shows that the literature is consistent in defining
ITSs at a general level as being adaptive and personalised systems that provide
responsive instructional support based on learner characteristics or performance
(Mondia et al., 2023; Khazanchi et al., 2024). However, the studies diverge in
how narrowly or broadly they delimit the concept, including whether ITSs are
treated as a model-based tutoring architecture, a dialogue system, a specific
platform, a hybrid human-Al arrangement, or a broader category of adaptive
learning technology (Mondia et al., 2023; Thomas et al., 2024b). The evidence
therefore supports a common conceptual core, but not a fully uniform definition
that applies across the field. ITSs are therefore generally understood as adaptive,
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individualised, data-informed tutoring systems, while their operationalisation
varies across technologies, domains, architectures and levels of automation.

4.2.2. Core components of ITSs in the studies reviewed

ITSs are commonly described as comprising four core components: an expert or
domain model, a learner model, a tutor or pedagogical model, and a
communication model. In this review, all 65 studies covered these components
at least implicitly through their descriptions of domain knowledge, learner-related
data wuse, instructional decision-making and learner—system interaction.
However, only 33 studies explicitly report all four core components as distinct
elements of the ITS architecture. A further 20 studies explicitly report the learner,
tutor and communication models, while covering the expert or domain model
functionally but not articulating it as a separate component (Mondia et al., 2023;
Morais & Jaques, 2022; Shih et al., 2021; Uriarte-Portillo et al., 2023; Wang et
al., 2024; Wutthisarn & Junpeng, 2024).

Where expert components were explicitly described, they were most often
framed as domain representations, knowledge structures, curriculum-aligned
content models or knowledge bases ranging from general content models to more
formal knowledge-structure and inference-based models (Borchers et al., 2023;
Uriarte-Portillo et al., 2023; Wutthisarn & Junpeng, 2024). As noted above,
however, this component was less consistently foregrounded than the learner,
tutor, and communication components.

The learner model was one of the most consistently represented components
and was commonly operationalised in terms of profiling, diagnosis, progress
monitoring, and personalisation. Among the studies reviewed, learner
components were described as tracking progress, difficulties, performance,
proficiency tiers, or individualised pathways and profiles (Khazanchi et al., 2024;
Marwiang et al., 2025; Thomas et al., 2024b). Even where a learner model was
not directly labelled as such, studies often connected learner modelling to
adaptive guidance or logged records of learners’ actions and responses within
the system reinforcing the centrality of learner-state representation in the included
literature. More formal learner modelling is also reported through diagnostic
decision trees (Verma & Kulkarni, 2025) and Bayesian knowledge tracing (Huang
et al., 2021).

The tutor model was the most consistently explicit in the dataset, and was
typically described as the mechanism for instructional control, scaffolding,
feedback and sequencing. Many records referred to problem assignment, hint
generation, automated or real-time feedback, modelling, practice, assessment,
scaffolding and next-step guidance (Bhatt et al., 2024; Borchers et al., 2023;
Wijekumar et al., 2024). Some studies also described the functions of tutor
models in broader terms, including support in planning and orchestration,
motivational support or agent-based guidance (such as the use of pedagogical
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agents). Overall, the tutor model is the most consistently apparent and
operationally visible ITS component (Feng et al., 2025; Hladky et al., 2025;
Oreopoulos et al., 2024; Thomas et al., 2024Db).

The communication model also occurred frequently, and was represented by
dashboards, interfaces, feedback channels and dialogue systems. A substantial
group of studies described dashboards, teacher-facing analytics, progress
displays and other interface elements that made learner status and instructional
responses visible to tutors, teachers or the pupils themselves (Khazanchi et al.,
2024; Oreopoulos et al., 2024; Thomas et al., 2024b). Another recurring pattern
involved dialogic or conversational interfaces, dialogue-based interaction and
multilingual conversational formats (Liu et al., 2025; Olney et al., 2025). In
addition, some studies described multimodal, visualisation-based or augmented
reality-oriented communication functions (Abdulayeva et al., 2025; Uriarte-Portillo
et al., 2023; Zhai et al., 2025).

These findings indicate that the communication component was commonly tied
to making system decisions observable and interactive rather than being limited
to a narrow user interface layer. In this sense, communication models translate
system decisions and learner data into visible forms of feedback, monitoring and
interaction that teachers and learners can understand and act upon.

Where studies clearly specified the expert component, the architecture more
closely resembled the canonical four-component ITS model (e.g. Mondia et al.,
2023; Uriarte-Portillo et al., 2023; Wutthisarn & Junpeng, 2024). When the expert
component was absent or only implicit, the remaining triad of learner, tutor and
communication components still appeared with great regularity and carried most
of the functional description of adaptation, support and interaction (Thampitak et
al., 2025; Verma & Kulkarni, 2025; Zhai et al., 2025).

The canonical four-component architecture therefore remains common, but is not
universal. Where the expert model is not implicit, the resulting learner—tutor—
communication models still carry most of the functional description of adaptation,
support, and interaction.

4.2.3. Features of ITSs in the studies reviewed

This section examines the features of ITSs that are most frequently reported in
the studies reviewed, such as adaptive learning, immediate and specific
feedback, and sequencing. It goes on to analyse how these features were used
to adapt instruction, guide learner performance, monitor progress, support
engagement and facilitate implementation.

Across the publications, the most frequently named features in studies were
adaptive learning (63.2 %), sequencing (52.9 %), and immediate and specific
feedback (51.5 %). When closely related labels are grouped together, adaptive
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or personalised provision and feedback or hints appeared in 97.1 % of studies;
sequencing, mastery or pacing in 76.5 %; assessment, monitoring or analytics in
72.1 %; interactive, multimedia or conversational interaction in 50.0 %; socio-
emotional, motivational or metacognitive support in 33.8 %; teacher-facing
support in 27.9 %; and explicit scaffolding in 22.1 %. The studies reviewed
therefore focus mainly on instructional adaptation, feedback and the
management of progression as the main features of ITSs.

The ITSs studied were most frequently described as the adaptation of content,
difficulty, activities, pace or learning pathways to learner performance, prior
knowledge, understanding, readiness, grade level, strengths and weaknesses,
effort, affect or learner profiles (Simbolon et al., 2025; Thomas et al., 2024b). In
several studies, this adaptation was operationalised through formal mechanisms
such as Bayesian knowledge tracing (Yannier et al., 2024), fuzzy logic, decision
trees, supervised machine learning, reinforcement learning and multi-armed
bandit algorithms (Clément et al., 2025; Uriarte-Portillo et al., 2023). Across the
studies, personalisation also extended beyond task difficulty to the sequencing of
learning routes, the selection of educational resources and practice exercises,
content delivery and the timing or form of instructional support, with some
systems incorporating multimodal inputs, prior Moodle activity, demographic
information, self-esteem, emotional quotient or socioeconomic stratification in the
tailoring process (Ezzaim et al., 2023, 2024). Some systems used more formal
modelling approaches or additional learner-profile information, but these details
are not reported consistently and are therefore treated here as examples of
broader adaptive provision rather than as separate categories of features.

Feedback was typically described as immediate, specific, real-time, automated,
or personalised, and was delivered via hints, explanations, examples or step-
level validation (Morais & Jaques, 2022; Pervaiz et al., 2025). Several studies
explicitly linked feedback to the diagnosis of misconceptions, error patterns,
invalid actions or guessing behaviour, and some systems used feedback loops
to recommend videos, practice tasks or more suitable learning material (Bringula
et al., 2025; Huang et al., 2020). Scaffolding appeared as a related but more
specific cluster. This ranged from prompts that encouraged reasoning to adaptive
scaffolding, scaffolded dialogue, scaffolded handwriting support and hints
available on demand with graduated specificity (Morais & Jaques, 2022; Munshi
et al., 2022; Su et al., 2025). Taken together, feedback and scaffolding were the
main features through which systems provided learner-responsive support during
task completion.

Sequencing functions regulated how learners progressed through the material.
The systems selected the next problem, activity, lesson, text or hint according to
the student’s mastery, readiness, progress, response time, error patterns, effort
or diagnostic information. Some systems incorporated repeated practice,
repetition, mastery thresholds or controlled exploration before learners were
allowed to advance (Pervaiz et al., 2025; Huang, 2025; Yannier et al., 2024).
Sequencing could be strongly structured, as in staged workflows, increasing
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levels of difficulty, curriculum-aligned modules, equation plans or texts ordered
according to the required level of mastery, but the studies reviewed also included
flexible forms such as freely ordered modules or multiple valid solution paths
(Azevedo et al., 2020; Su et al., 2025; Wijekumar et al., 2019). This indicates that
sequencing was used both to structure progression through predefined learning
materials and to adapt learning pathways to pupils’ current performance or needs.

Assessment, monitoring and analytics formed an important informational layer
across the corpus. The studies described diagnostic assessments, dashboards,
progress checks, learning analytics, learner profiles, learner models, detailed
performance metrics, interaction logs, real-time tracking and real-time data
collection (Katchapakirin et al., 2022; Khazanchi et al., 2024; Huang, 2025).
These monitoring functions were frequently linked to management by teachers or
tutors through dashboards, reports, progress screens, manual controls and
diagnostic reporting that could inform pacing, classroom instruction, or
intervention decisions (Khazanchi et al., 2024; Thomas et al., 2024b). In a smaller
number of studies, monitoring also drew on multimodal indicators such as
speech, image, video, handwriting or facial expression, but these features were
less common than conventional performance and progress data.

A further cluster of reported features relate to interface design and interaction
mode. Many ITSs used multimedia, chatbots, conversational agents, speech
technologies, image-based interaction, gamified environments, guiding
characters, kid-friendly interfaces or visual aids to organise and deliver support
(Katchapakirin et al., 2022; Liu et al., 2025). A smaller but recurring set of
functions addressed socio-emotional, motivational and metacognitive support.
This included emotional support, empathetic or motivational messaging, learning
companions, goal-setting, self-explanation, self-evaluation, mindfulness
exercises, reduced embarrassment and progress visualisation for metacognition
(Feng et al., 2025; Hladky et al., 2025; Wang et al., 2025). The material extracted
in this column predominantly described system functions and implementation
processes; explicit empirical effects were not a major focus of the recorded
feature statements.

Overall, the reported features served five main instructional purposes. First,
adaptation and sequencing were used to match instruction to learner state by
adjusting content, difficulty, pace, pathways and practice opportunities. Second,
feedback and scaffolding were used to guide performance during task
completion by correcting errors, identifying misconceptions, validating steps and
providing next-step support. Third, assessment, monitoring and analytics
were used to make learner progress visible to the system, teachers or tutors, and
to inform instructional decisions. Fourth, interface and interaction features were
used to make learning activities more accessible, usable or engaging. Fifth,
teacher-facing tools were used to support implementation and classroom
orchestration. These purposes are reported primarily as operational functions of
the systems; their effects on learning, motivation, and socio-emotional outcomes
are examined in the sections that follow.
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4.2.4. Types of ITSs in the studies reviewed

The findings identify several distinct types of ITSs. These can be distinguished
on the basis of the recurring dimensions, including interaction format, adaptation
and learner-modelling logic, computational method, delivery modality, and the
focus of support, including cognitive, affective, socio-emotional and gamified
support (Thomas et al., 2024b).

The first distinction focuses on the instructional domain. The dataset includes
web-based and text-focused systems such as the ITS for the “text structure
strategy”, which is described as individualised-adaptive and is designed to help
pupils identify text structures in order to produce their main ideas and summaries;
one source also reports the use of an animated pedagogical agent (Wijekumar et
al., 2019; Wijekumar et al., 2024). Language and literacy variants include an
automatic speech recognition-based reading tutor for Dutch first-graders (Bai et
al., 2022), an Al-powered foreign language learning app (Yan, 2024), an Al
conversational agent from LAIX that provides personalised feedback, speech
evaluation and learning assessment (Wang et al., 2025), and a dialogic tutor
named SingaKids (Liu et al., 2025). In the US context, mathematics across
grades 6—12, including first-degree equations, measurement, and geometry, as
well as high-school biology, physics, and programming (Marwiang et al.,
2025;0lIney et al., 2025; Thomas et al., 2024b).

A further type is defined by conversational interaction. Categories here include
one-on-one, dialogue-based mathematics tutors (Shih, Chang et al., 2023); a
dialogue-based biology tutor named Guru, developed on the model of human
subject teachers (Olney et al., 2025); the ScratchThAl framework, which involved
a virtual conversational chatbot and automated assessment (Katchapakirin et al.,
2022); and a dialogic support system for mathematics based on the AutoTutor
ITS (Shih et al., 2023).

Another major cluster consists of adaptive and diagnostic ITSs that are defined
by the learner data they process and the instructional adjustments they make. A
shared methodological feature is the use of data-driven approaches to diagnose
learner needs and to personalise instruction. One system integrates machine
learning based on cognitive load theory to create a three-tier, adaptive cognitive
load regulation framework that uses reinforcement learning and ensemble
learning for real-time cognitive state detection, personalised intervention and
metacognitive awareness (Zhai et al., 2025). Another combines decision trees,
reinforcement learning and learner analytics (Verma & Kulkarni, 2025), while
another “adaptive learning companion” uses natural language processing and
reinforcement learning algorithms (Anafa & Friday, 2025; Verma & Kulkarni,
2025). Diagnostic systems based on machine learning or decision trees classify
learners, estimate competency or proficiency, and use these to generate
customised pathways, supplementary lessons or recommendations. This group
includes Junpeng’s machine learning-based diagnostic system (Prasertsang et
al., 2025a); a Python decision-tree model for scientific competency diagnosis
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(Wutthisarn & Junpeng, 2024); a digital environment for measurement and
geometry that uses supervised decision-tree classification; and an intelligent
personalised diagnostic and tutorial system delivered via a digital platform
(Prasertsang et al., 2025b). Taken together, these examples show that adaptive
diagnostic ITSs use learner data not simply to assess performance, but to convert
diagnostic inferences into personalised instructional actions such as feedback,
pathway adaptation and targeted recommendations.

Within the dataset, a broader set of Al-driven adaptive systems can be identified
that personalise content, sequencing or feedback on the basis of progress
data or learner profiles. These include an interactive digital module that integrates
socio-cultural content and delivers immediate feedback (Simbolon et al., 2025);
a personalised study guide Moodle plug-in identified as an Al-based adaptive
learning system; and an adaptive platform that tracks response times and errors
to generate personalised learning paths (Ezzaim et al., 2024). Other systems
used self-esteem, emotional intelligence and demographic variables to predict
performance and adjust learning while incorporating methods such as “Teaching
at the Right Level” and the flipped classroom approach, or provide adaptive
sequencing, formative feedback, mastery thresholds, hints on demand, spaced
review and intelligent diagnostic feedback (Ezzaim et al., 2023; Pervaiz et al.,
2025).

Another group is defined by explicit computational or representational
methods. Some systems are described through Bayesian knowledge tracing
(Yannier et al., 2024), fuzzy logic (Uriarte-Portillo et al., 2023), Performance
Factors Analysis, Markov decision process modelling (Mondia et al., 2023), fuzzy
Bayesian modelling (Wen & Pan, 2025) or hypergraph representation (Olmo-
Munoz et al., 2022). In some cases, these methodological orientations are paired
with distinctive modes of delivery. For example, Intelligent Science Stations is
described as a mixed-reality system (Yannier et al., 2024), and IntuiGéo provides
corrective feedback based on data from pen strokes on a tablet (Colliot et al.,
2024). In another study, a personalised tutor robot was implemented for
assessment and support, based on the Robot Operating System and using
XGBoost with the robot “Duet” (Maaz et al., 2025). Programming-oriented tutoring
support was present in a Scratch-integrated hint generation system that uses
Whisker to check correctness and Catnip for next-step hints (Obermdller et al.,
2023). These examples indicate that computational or representational methods
are not merely technical implementation choices, but can shape how tutoring
systems model learner knowledge, as well as how they select interventions and
provide feedback. Across the systems reviewed, the choice of method used
therefore appears closely tied to the system’s pedagogical function and the kind
of learner support it can provide.

Lastly, some ITSs are distinguished by the inclusion of affective, socio-
emotional, reflective, or gamified support. The adaptive cognitive load
regulation framework explicitly targets metacognitive support (Zhai et al., 2025).
Another adaptive learning system uses self-esteem and emotional intelligence as
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learner-model inputs (Ezzaim et al., 2023); the MindfulMath Tutor provides
cognitive and socio-emotional support through a pedagogical agent (Hladky et
al., 2025), and PAT2Math is explicitly framed as a personal affective tutor (Morais
& Jaques, 2022). Socio-cultural integration is also explicit in the interactive digital
module studied by Simbolon et al. (2025). Game-based design appears in an Al-
augmented learning programme that combines adaptive task sequencing,
automated formative feedback, conversational agents and narrative game
mechanics (Jaloliddin, 2025).

4.3. Main findings

This section synthesises the main empirical findings of the studies reviewed
across the three outcome domains of the conceptual framework: learning
outcomes, motivation and engagement, and socio-emotional or well-being-
related effects. For ease of reading, each subsection ends with a short note on
its particular policy relevance. These notes do not provide recommendations,
which are formulated in Chapter 5, but highlight the educational significance of
the findings in relation to interpreting the evidential base.

4.3.1. Academic performance and skill development

Of the reviewed here, 54 measure academic achievement while 33 measure skill
development. Overall, the findings on both achievement and skill development
are predominantly positive, although the outcomes reported are based on
different types of measures.

In mathematics and related achievement measures, the positive effects
reported mainly refer to post-test or endline mathematics performance, including
standardised test scores and curriculum-aligned post-tests. These effects ranged
from smaller gains, such as +0.122 standard deviations in an end-of-year
mathematics test (Oreopoulos et al., 2024, Oreopoulos et al., 2026) or Hedges’
g' = 0.27 for a post-treatment mathematics test given to pupils who made
intensive use of an ITS (Feng et al., 2025), to larger effects such as +0.326 to
+0.467 standard deviations on standardised endline outcomes and adjusted d? =
0.40 on post-test achievement, depending on the learner group, comparison

" Hedges' g is a standardised effect size for measuring the difference between two group
means; it is a corrected version of Cohen's d, specifically adjusted to remove an upward
bias that occurs when sample sizes are small (0.2 = small difference; 0.5 = medium
difference; 0.8 or higher = large difference)

2d (Cohen’s d) is a is a standardised effect size for measuring the difference between two
group means (0.2 = small difference; 0.5 = medium difference; 0.8 or higher = large
difference). Adjusted d refers to an adjusted dissimilarity index used in analysis to correct,
for example. for small sample sizes or random chance
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condition, and intensity of use (Pervaiz et al., 2025). Positive achievement
findings are also reported in science, foreign languages and reading, as
measured by science post-test performance, foreign-language achievement, and
pre-post gains in reading-related outcomes (Yan, 2024; Yannier et al., 2024;
Wijekumar et al., 2024). In one study, performance in spreadsheet skills was also
higher in the experimental group than in the control group (Ezzaim et al., 2024).
Where standardised metrics were available, these studies captured differences
in post-test achievement or learning gains. These ranged from small effects such
as eta squared? (n?) = 0.02 to very large effects such as d = 1.93 and n? = 0.742
(Alakayleh, 2025; Borchers et al., 2023; Shih et al., 2023).

Findings on skill development were likewise mainly positive and covered
conceptual understanding, problem solving, reasoning, retrieval, computational
thinking, digital literacy, scientific competency, self-regulated learning and
reading strategy performance. Strong positive effects are reported for
mathematical reasoning (d = 1.93) and its subdimensions (conjecture, d = 1.81;
justification, d = 1.83; representation, d = 1.85; and metacognition, d = 1.84;
Alakayleh, 2025), and large gains are also reported for several reading-strategy
outcomes, including main-idea quality (SES = 1.07 to 1.14) and comparison-
recall measures (SES = 1.07 to 1.14; Wijekumar et al., 2024). Medium-to-large
gains are also reported for computational thinking (SES = 0.80; Katchapakirin et
al., 2022) and goal setting (d = 0.79; Wang et al., 2025). Other studies describe
an increase in learning progression (significantly greater learning progression by
pupils in the intervention group in comparison to the control group (84.8 % vs
64.5 %; Prasertsang et al., 2025); improved autonomy - — for example, more
pupils in the experimental group developed a methodology for conducting a
physics experiment without substantial teacher assistance compared with those
in the control group (82 % vs. 57 %; Abdulayeva et al., 2025); critical thinking —
for example, pupils in the experimental group were 34 % more likely than pupils
in the control group to employ methods to verify the results obtained and
demonstrated a greater ability to identify logical inconsistencies in physics
problem statements (Abdulayeva et al., 2025); and accuracy (Horvers et al.,
2024). Process-oriented indicators also moved in a positive direction in several
studies. These include more skills being practised and mastered, more lessons
being passed in mathematics, and more work being completed per hour (B =
+0.2437; Thomas et al., 2024b); higher practice accuracy (practice accuracy
np?*= 0.290; Horvers et al., 2024); and better retention after retrieval or tutoring
interventions. A smaller set of studies also report positive changes in

3 eta squared (n?) is a statistical measure of effect size used with ANOVA; values range from 0
to 1, where higher numbers mean a stronger effect.

4 partial eta-squared (np?) is a statistical measure of effect size that indicates the proportion of
variance in a dependent variable that is explained by a specific independent variable, while
ignoring other variables in the model; it ranges from 0 to 1, where higher numbers mean a
stronger relationship.
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interest/enjoyment, perceived competence and engagement alongside
performance-related outcomes (Jaloliddin, 2025; Anafa & Friday, 2025).

Several findings also indicate that positive learning effects were linked to the
adaptive nature of the tutoring systems involved, not just to their digital format.
Adaptive Bayesian knowledge tracing improved science post-test performance
and increased mastery efficiency relative to random task selection, while data-
driven tutor redesigns and adaptive hint policies improved sequencing, reduced
over- or under-practice, or increased productive hint use (Yannier et al., 2024;
Huang et al., 2021; Huang, 2025). For other systems, gains are reported in
conceptual understanding, task efficiency or problem-solving completion when
feedback, task sequencing, or cognitive-load regulation were adjusted to
learners’ states (Zhai et al., 2025; Marwiang et al., 2025; Chinjunthuk et al.,
2025). These findings suggest that the effectiveness of ITSs depends not only on
whether a system is labelled as being adaptive, but also on the pedagogical
appropriateness and reliability of its adaptive mechanisms.

At the same time, findings also show that effects were often conditional on
implementation features, dosage, or learner characteristics. Pervaiz et al.
(2025) report stronger effects for high- than for low-dosage reading use, and
stronger per-protocol than business-as-usual estimates. Wang et al. (2024) found
larger effects among pupils who completed more practice. Implementation
support was particularly important in those studies in which ITS use was
embedded in supervised or hybrid instructional models. Hybrid models that
combined human tutoring with ITS support produced stronger diagnostic gains
than the use of software alone. They also increased engagement with the tutoring
system and showed positive dose-response patterns, including larger gains with
additional tutoring hours or improved tutor-to-student ratios (Batt et al., 2024;
Thomas et al., 2024a; Thomas et al., 2024b). Similarly, the assigning of dedicated
in-school supervisors substantially increased weekly platform use and produced
considerable progress in mathematics, suggesting that structured supervision
can transform low-intensity ITS use into sustained and productive practice
(Oreopoulos et al., 2026).

Several studies also report heterogeneity by learner starting point or context,
including larger gains for lower-pretest learners, those in lower grades, and for
certain socioeconomic status (SES) groups. These occurred alongside
differences by school type, the level of disadvantage in the school, prior
knowledge, topic difficulty, and estimated grade level (Meeter, 2021; Thomas et
al., 2024b). Equity-related patterns were therefore mixed: lower-achieving
learners, pupils with special educational needs, low-SES learners, and girls in
some flexibility-training settings appeared to benefit strongly when
implementation was well supported by human tutors. In such cases these tutors
could, for example, supervise classroom use, coordinate content with teachers or
ensure reliable internet connectivity. However, usage was also lower or less
reliable among some disadvantaged groups, indicating that access, attendance,
prior achievement, infrastructure, and learners’ digital skills shaped who received
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sufficient dosage to benefit (Batt et al., 2024; Meeter, 2021; Olmo-Munoz et al.,
2022; Oreopoulos et al., 2026; Thomas et al., 2024a).

Some interventions also altered learning efficiency rather than just the endpoint
scores — for example, by reducing the time taken to complete tasks or equations
after working through examples. One study (Azevedo et al., 2020) involved the
use of a step-based algebraic ITS integrated into regular classroom activities.
During problem solving, the system provided immediate support through hints
and feedback on errors. It also presented a worked example at the beginning of
a sequence of similar equations. This improved learning efficiency, particularly in
the first equation after the worked example. Another study (Zhai et al., 2025)
showed that the use of an ITS that focused on optimising cognitive load,
implemented in the context of classroom instruction (Grades 4 to 9), increased
task completion rates by 32 %. The ITS was operationalised through a three-tier
framework for cognitive load optimisation. This involved the use of real-time
monitoring mechanisms, adaptive regulation algorithms and technologies such
as natural language processing and multimodal data fusion to provide
personalised interventions.

Despite the predominance of positive results, the effects were not uniformly
positive across all comparisons and outcomes. Several studies report
improvement over time in one or more groups but no statistically significant
between-group advantage, or found no added benefit for one intervention variant
over another (Bringula et al., 2025; Morais & Jaques, 2022). In addition, several
studies showed that short-term improvements in the way learners worked when
using the system did not always translate into broader learning gains. Some
interventions increased efficiency, fluency or engagement without producing
clear advantages in post-test or transfer outcomes. Others showed benefits
mainly under specific conditions, such as sufficiently intensive use or in outcomes
closely aligned with the intervention (Azevedo et al., 2020; Feng et al., 2025;
Morais & Jaques, 2022; Wijekumar et al., 2024; Yannier et al., 2024). Explicitly
weaker or negative findings were also present, including a negative low-dosage
effect on Word Attack Skills (Wang et al., 2024) and slower weekly learning gains
when using adaptive practice software in the post-lockdown period, compared
with during school closures (Meeter, 2021). These findings highlight the
importance of considering the context in which ITSs are used. For instance, the
accelerated learning gains observed during school closures might stem from a
strong focus on core skills — areas teachers that felt could be taught more
effectively at a distance compared with other skills.

In summary, the evidence indicates that effects on learning outcomes and skill
development were largely positive, but their consistency depended on
intervention intensity, comparison condition, learner subgroup and the specific
outcome being measured. When standardised effects are reported, these ranged
from small to very large, although the robustness of these estimates was limited
by variations in study design, dosage, outcome measures and reporting
practices. The main educational implication is not that ITSs should automatically
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be expected to improve learning, but that they appear most promising when they
provide sustained, curriculum-relevant and sufficiently intensive support. In
relation to discussions on policy and implementation, this means that
effectiveness should be interpreted in relation to the dosage, learner group and
subject matter, as well as the instructional conditions under which ITS are used.
It should also be interpreted in relation to the quality of adaptive feedback, task
sequencing, technical reliability and human support surrounding the system,
because these factors shape whether the use of an ITS translates into
measurable learning gains (Batt et al., 2024; Oreopoulos et al., 2026; Zhai et al.,
2025).

4.3.2. Motivation and engagement

This section of the report addresses motivation in a broad sense. It encompasses
affective-motivational outcomes such as enjoyment, hope, situational interest,
self-efficacy, confidence and motivation, as well as behavioural engagement
indicators such as participation, time on task, practice intensity, progression and
persistence, and their links to continued system use. In total, 28 studies assessed
motivation-related outcomes, while 26 studies assessed behavioural
engagement.

The evidence on motivation-related outcomes is generally positive, although it
is not uniform within all constructs and comparisons. The clearest positive results
relate to enjoyment, hope, situational interest, self-efficacy, motivation, attention
and confidence, with standardised effects frequently in the small-to-moderate
range in the most clearly reported studies (Bettinger et al., 2020; Pervaiz et al.,
2025; Uriarte-Portillo et al., 2023). For example, Uriarte-Portillo et al. (2023) show
that attention and confidence, modelled as factors of motivation, increased
significantly (F®=8.150, pé = 0.005 and F = 4.089, p = 0.046) for the experimental
group. Positive affective experience has also been reported under specific design
conditions, such as the provision of learner choice and the use of tablet-based
formats in comparison to paper-and-pencil work, although these gains did not
always extend to all motivational dimensions or to differences between two active
digital conditions (Clément et al., 2025; Colliot et al., 2024).

Other studies likewise report higher goal-setting, interest/enjoyment, self-
efficacy, perceived competence, effort/importance, task value and learner

5 F-value is a number received from the statistical F-test; it indicates if the variances between
groups are significantly bigger than the variance within those groups (an F-value close to 1
indicates that group means or models are likely to be equal, while a much larger F-value
indicates significant differences).

6 p-value is a probability value that measures how likely it is that test results occur by random

chance; it ranges from 0 to 1 (or 0 % to 100 %) — the lower the value, the more robust the
result
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interest in studying mathematics and language, with effects ranging from
relatively small to clearly positive (Bettinger et al., 2020; Pervaiz et al., 2025;
Wang et al., 2025). The available evidence therefore indicates that motivation is
most often reported as being higher under Al-supported or digitally enhanced
conditions when these involve interactive tutoring, timely feedback, learner
choice or tablet-based delivery relative to comparison conditions (Clément et al.,
2025; Colliot et al., 2024). However, some motivational subscales remain
unchanged in otherwise positive studies, including relevance and satisfaction in
one study and autonomy in another (Jaloliddin, 2025; Uriarte-Portillo et al., 2023).

The evidence also suggests that motivational effects depend on the quality of
scaffolding and learner control. Features such as adaptive feedback, choice,
chatbot interaction or pedagogical agents were able to support motivation and
confidence, but only when they were well aligned with learners’ progress and
needs; poorly timed support or misaligned choice structures could instead create
confusion or weaken learning outcomes (Becker et al., 2025; Clément et al.,
2025; Hladky et al., 2025; Munshi et al., 2022; Su et al., 2025). However, the
interpretation of motivation-related findings is limited by the fact that potential
novelty effects are not consistently examined across the studies reviewed.
Several studies involve short interventions, pilot settings, first-time use or
technology-rich learning environments, in which novelty may have contributed to
the positive responses on motivation-related outcomes such as enjoyment,
interest, confidence, attention or affective engagement (Colliot et al., 2024; Maaz
et al., 2025; Uriarte-Portillo et al., 2023). Similar concerns apply to studies using
newly introduced tools or learning environments, where it remains unclear
whether motivational responses observed reflect the pedagogical contribution of
the system, pupils’ initial interest in the technology, or both (Annus & Kmet’, 2024;
Mondia et al., 2023). By contrast, studies involving repeated use or longer
intervention periods offer a more suitable basis for examining whether
motivational effects persist beyond initial exposure, although such studies do not
necessarily isolate novelty effects directly (Morais & Jaques, 2022; Olney et al.,
2025; Oreopoulos et al., 2026; Wijekumar et al., 2024).

Behavioural engagement is also usually reported as improving, but this is
operationalised in multiple ways in the dataset. The strongest evidence comes
from those studies that measured platform use, practice time, completed work,
participation and progression. In these studies, hybrid tutoring, adaptive platforms
and interventions providing feedback or recommendations increased the amount
of time pupils spent using the software, as well as the number of lessons passed,
weekly and total usage, the amount of practice, accuracy across settings, and the
number of skills mastered per hour of platform use (Oreopoulos et al., 2026;
Thomas et al., 2024a). Reported effects ranged from d = -0.55 to 0.35 for
exercise completion in Meeter (2021) to larger differences in participation and
tutor-interaction measures in Ezzaim et al. (2024) and Yu et al. (2023),
respectively. The findings also show that engagement gains can include both the
amount and the quality of practice, as co-regulation increased the number of
problems solved as well as practice accuracy, and recommendations with
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explanations increased transitions from non-engagement to active engagement
(Horvers et al., 2024; Majumdar et al., 2023).

The evidence also includes modelled or correlation-based pathways which
specify how motivation and engagement are linked to system use. In one study,
hedonic motivation, performance expectancy, interaction with Al and willingness
to communicate all had positive paths with regard to attitude towards the Al
tutoring model, and attitude in turn had a strong positive path to continuous use
intention (performance expectancy, PC” = 0.168; hedonic motivation, PC = 0.318;
interaction with Al, PC = 0.365; willingness to communicate, PC = 0.239; Yan,
2024). In another study, engagement was positively associated with both the
frequency of interaction and the quality of feedback (Alakayleh, 2025). These
findings do not take the form of simple treatment-versus-control contrasts, but
they still describe the reported structure of motivation and engagement in the
included evidence base (Alakayleh, 2025; Yan, 2024).

At the same time, the evidence is not consistently positive and includes null,
negative and heterogeneous results. The clearest heterogeneity appears in
Khazanchi et al. (2024), where affective engagement favoured traditional
teacher-led instruction while cognitive engagement did not differ between
conditions (e.g. for mathematics achievement, Hedges’ g = 0.05). Negative
engagement-related patterns appear in the form of higher frequencies of gaming-
the-system and omission errors in specific instructional units, with both patterns
being associated with lower learning gains (Borchers et al.,, 2023). Taken
together, these findings indicate that positive effects are common, but they are
moderated by subgroup, condition design or the specific engagement indicator
being measured (Borchers et al., 2023; Thomas et al., 2024a).

Lastly, the evidence suggests that Al-supported and digitally enhanced learning
conditions tend to improve motivation and behavioural engagement, but these
effects vary according to motivational constructs, engagement indicators, learner
groups and implementation conditions. They should also be interpreted
cautiously where studies are short, technology-rich, or do not examine whether
initial motivational gains persist beyond novelty effects. From an educational
perspective, the findings suggest that ITSs may support engagement when they
make learning more interactive, responsive and practice-oriented. However,
engagement gains do not equate to learning gains and on their own should not
be treated as sufficient evidence of educational value. The evidence therefore
supports a cautious interpretation: motivational and engagement benefits are
most educationally meaningful when they are accompanied by sustained use,
appropriate scaffolding and demonstrable progress in learning or skKill
development (Clément et al., 2025; Feng et al., 2025; Munshi et al., 2022;
Standen et al., 2020).

7 The path coefficient (PC) is a standardised regression weight that measures the strength and
sign of a direct causal link between two variables in a path analysis or structural equation
model.
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4.3.3. Well-being and other socio-emotional effects

This section examines the socio-emotional outcomes of using ITSs. It is based
on the extractable findings from 13 publications included in the study set. In the
studies included, socio-emotional outcomes are represented only in a minority of
publications, but those studies that do report such outcomes show a favourable
rather than a mixed directional pattern. The findings consistently describe either
increases in positive socio-emotional indicators or decreases in negative ones,
rather than a deterioration in socio-emotional functioning (Bettinger et al., 2020;
Hladky et al., 2025). In those studies where emotional outcomes were measured,
these are reported as being positive rather than as mixed affective responses.
Emotional well-being, for example, was significantly higher during learning when
learners were given a choice (Clément et al., 2025).

A related but distinct cluster concerns attitudinal and interaction-oriented
outcomes. One study reports that attitude towards the Al tutoring model was
associated positively with hedonic motivation, willingness to communicate with
Al, interaction with Al, and performance expectancy, and that continuous use
intention was positively associated with attitude, with attitude showing a
particularly strong association with continuous use intention (Yan, 2024). Another
study found a significantly higher time spent interacting with an affect-supporting
pedagogical agent in the treatment condition compared with the control condition,
although the magnitude of this difference is not reported in standardised form
(correlation between time Interacting with the Al tutor (agent) and level of mastery
(treatment group): r = 0.28 (p < 0.05); Yu et al., 2023). These findings extend the
positive pattern beyond affect and motivation to attitudes towards the system and
interaction with it (Yan, 2024; Yu et al., 2023). They also suggest a potential link
to educational outcomes, although the strength of this link differs between
studies. In Yan (2024), positive attitudes were connected mainly to continued use
intention, while the same study also reports gains in language performance. In
Yu et al. (2023), the connection was more direct, as increased interaction with
the pedagogical agent is reported alongside higher mastery and significantly
better post-test scores.

A further relevant pattern is that reductions in cognitive load and strain were
sometimes linked to the form of support provided by the system. In a short
intervention, chatbot-based support reduced intrinsic and extraneous cognitive
load more than textbook-style explanations, and produced stronger affective
benefits than tiered scaffolding. Meanwhile, in other studies where support
consisted of adaptive quizzing and cognitive-load regulation systems, lower
mental demand, effort, frustration or cognitive load are reported alongside higher
engagement or task efficiency (Becker et al., 2025; Ningsih et al., 2026; Zhai et
al., 2025). At the same time, affect-aware adaptation did not automatically
translate into higher achievement: one system increased engagement and
reduced boredom, especially for learners with intellectual disabilities, but did not
produce significant short-term achievement gains (Standen et al., 2020).
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A final cluster concerns reductions in negatively valenced states and strain-
related outcomes. One study reports a lower overall state of mathematics-
related anxiety, with a significant main effect of time (np? = .357) and a significant
time-by-condition interaction (np? = .191) in the intervention condition compared
with the control condition, indicating meaningful reductions in anxiety-related
outcomes (Hladky et al., 2025). Another study reports improved cognitive
efficiency as a result of reducing the overall cognitive load, as indicated by lower
ratings in mental demand (3.8 vs. 5.6), required effort (4.2 vs. 6.1) and frustration
(3.1 vs. 5.8) among pupils in the experimental group vs. pupils in the control
group, as well as higher engagement in the experimental group than in the control
group (72 % of pupils in the experimental group were classified as highly
engaged, compared with only 46 % in the control group; Ningsih et al., 2026). In
this part of the evidence base, the reported direction is again consistent: negative
socio-emotional or strain-related experiences were reduced rather than
increased (Hladky et al., 2025; Ningsih et al., 2026).

Taken together, the included studies indicate that socio-emotional outcomes are
not frequently represented across the full set of publications, but when they are
reported, the evidence points to a consistent positive pattern rather than to mixed
socio-emotional effects. The benefits reported include positive affect, emotional
well-being during learning, motivation, interest, confidence, self-efficacy,
perceived competence, goal-setting, favourable attitudes towards the tutoring
system, stronger interaction with an affect-supporting agent, and reductions in
anxiety, frustration, effort, mental demand and cognitive load (Hladky et al., 2025;
Ningsih et al., 2026; Uriarte-Portillo et al., 2023; Yan, 2024). However, because
this outcome domain is covered by a comparatively small subset of studies, these
findings should be read as indicative rather than conclusive. The available
evidence suggests that ITSs are not just relevant to achievement, but may also
affect learners’ confidence, anxiety, perceived competence and emotional
experience during learning.

4.4, Moderators and mechanisms

This section presents the mechanisms, as well as the moderating or contextual
factors, identified in the reviewed studies. While the previous sections have
focused on observed effects, the analysis that follows examines how ITSs
operate pedagogically and under what conditions their effects emerge. In this
sense, the section reconstructs the empirical evidence on underlying
mechanisms.
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4.41. Implementation contexts

This subsection focuses on the educational contexts, such as classroom
instruction, homework, extracurricular activities, within which ITSs are
implemented.

Among the included studies, the ITSs were predominantly implemented in
classroom instruction, with 60 studies observing this setting. In many cases,
the ITS formed part of regular lessons, the regular school day or the formal
curriculum, and pupils used the system individually or alongside teacher support
within ordinary classroom activity (Thomas et al., 2024b; Zhai et al., 2025). A
recurring variation of this classroom pattern involved school-based supplemental
or substitutional use, such as the partial replacement of standard subject time,
use during additional support classes, high-dosage tutoring during school hours,
or additional instructional periods aligned with school timetables, additional class
periods and scheduled school-time sessions (Bhatt et al., 2024; Wang et al.,
2024). Blended classroom arrangements are also reported, including use after
instruction from a teacher, within computer labs, or in multimedia classrooms as
part of structured school-based learning (Azevedo et al., 2020; Horvers et al.,
2024).

Implementation outside the classroom appeared in a smaller subset of the
literature reviewed. These studies described the use of ITSs in homework,
informal digital learning, summer holiday assignments and online settings
that extended beyond traditional classroom boundaries (Bettinger et al., 2020;
Wang et al., 2025). Extracurricular implementation was also present, particularly
in science centre and summer camp settings, and at a coding camp (Yannier et
al., 2024; Yu et al., 2023). Some systems were also explicitly designed to cover
classroom, homework and extracurricular phases, or to combine in-class
sessions with optional home practice (Shih et al., 2023; Wen & Pan, 2025). A
smaller number of studies referred only to broad educational settings without
clearly specifying whether the use of ITSs occurred during classroom instruction,
homework or extracurricular activity (Liu et al., 2025; Matayoshi et al., 2020).

The studies varied substantially in whether context was treated as a factor
influencing the effects of the ITS. Some papers did not explicitly discuss or
empirically test context, even though the intervention was situated within formal
school instruction (Marwiang et al., 2025; Yan, 2024). Other papers mentioned
context mainly as a boundary condition for interpretation — for example, through
comments on generalisability, sample specificity or access constraints, rather
than through direct analysis of contextual influence. This indicates that the
presence of contextual description in the reviewed literature does not necessarily
coincide with the empirical testing of context as an influencing factor (Hladky et
al., 2025; Prasertsang et al., 2025b).

In those studies in which context was discussed or tested, it was often defined in
terms of institutional, demographic, cultural, geographical, linguistic and
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infrastructural conditions, rather than only through the distinction between
classroom instruction, homework and extracurricular use. Several studies
referred to the type of school, poverty, socioeconomic position, rural or urban
location and pupil diversity as relevant contextual conditions — and some explicitly
reported differences associated with these conditions, such as differences by
school type or improved outcomes for lower socioeconomic groups (Uriarte-
Portillo et al., 2023; Zhai et al., 2025). Context was also framed through local
cultural integration, policy environments, curriculum localisation, multilingual
design and national or regional conditions for implementation (Simbolon et al.,
2025; Zhai et al., 2025). Simultaneously, infrastructure, digital access, teacher
readiness and resource availability were repeatedly described as conditions
shaping implementation or the possible scope of an ITS’s effectiveness (Alenezi,
2024). Temporal disruption was another contextual strand, especially in studies
discussing school closures, remote learning, pandemic-related design
constraints and post-pandemic engagement (Feng et al., 2025; Meeter, 2021).

Overall, the studies show that ITSs were mainly implemented in classroom-based
settings, while out-of-class use was less common and context, when considered,
was typically framed in broader institutional, social, and infrastructural terms
rather than only in terms of the instructional setting. As positive results are found
in various contexts, both within the boundaries of the classroom and beyond, it
can be assumed that context alone has no direct effect on the effectiveness of an
ITS.

4.4.2. Feedback

Feedback, hints, explanations and scaffolds form one of the most direct and
consistently tested design clusters. In several studies, otherwise identical
platforms produced larger gains when automated feedback, hints or remedial
guidance were enabled, indicating a close empirical link between visible support
and learning progression (Marwiang et al., 2025; Prasertsang et al., 2025a).
Marwiang et al. (2025), for example, found that improvements in the
mathematical ability of pupils using an ITS that provided automated feedback
exceeded the improvements of pupils using an ITS without automated feedback
by 23.29 percentage points — a statistically significant margin (t = 3.21, p = 0.001,
np?= .73). More fine-grained studies show that the precise form of feedback
matters (Bai et al., 2022; Colliot et al., 2024). For example, when a word was read
incorrectly on the first attempt, explicit correction cues led to greater immediate
gains in reading accuracy than implicit feedback (B = -1.40, p <.001; Bai et al.,
2022). Explanatory scaffolds, worked examples and feedback-rich learning
modes were also associated with better task completion, reduced time-on-task or
improved retention — although some studies suggest that such supports did not
always translate into stronger comprehension or achievement. Meanwhile, visual
next-step hints supported early progress and self-service without improving
comprehension, and an upfront worked example improved speed rather than test
performance (Matayoshi et al., 2020; Zhai et al., 2025).
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This distinction is important, because ITS support for task performance does not
necessarily equate to genuine or durable knowledge acquisition: some feedback
designs helped learners to perform tasks more accurately, quickly or
independently, but did not produce broader gains in comprehension, post-test
achievement or transfer. Feedback type also mattered for cognitive outcomes.
Diagnostic, corrective, explanatory and real-time feedback was more consistently
linked to conceptual understanding, reasoning, learning progression and near-
transfer outcomes than simple evaluative feedback, but these effects were often
embedded within broader ITS designs and therefore could not always be isolated
as independent causal mechanisms. Related evidence on cognitive load and
cognitive offloading was more limited. Several studies suggest that feedback,
worked examples, chatbot support or adaptive scaffolding can reduce extraneous
cognitive load or support working memory, but cognitive offloading itself was
rarely named or tested directly. Where offloading-like mechanisms emerged,
these were usually discussed indirectly as reduced cognitive strain, automated
guidance or reliance on system support; such support may be beneficial when it
frees up capacity for learning, but is problematic when it encourages shallow use
of the support, confusion, or gaming the system.

Borchers et al. (2023) further showed that the relationship between feedback
and learning depended on how pupils interacted with the task. In one unit, menu-
based response options combined with immediate feedback may have
encouraged pupils to try out alternatives until one was accepted, rather than
reasoning their way through the task. Gaming the system occurred most
frequently in this unit, and the ITS tutor’s within-practice learning rate was lowest.
In the pen-and-paper condition, pupils could instead skip solution steps, with a
greater number of these errors of omission being associated with lower learning
gains. Together, these findings illustrate why feedback cannot be interpreted
independently of the task and interaction design. In summary, feedback appears
to be one of the mechanisms more consistently supported by ITSs, especially
when it is immediate, diagnostic, explanatory and closely tied to learner errors
and task demands. However, feedback should not be treated as being uniformly
effective: some feedback designs mainly improved accuracy, efficiency or near-
transfer outcomes, while others produced null effects, increased confusion, or
were too closely embedded into broader ITS designs to be isolated as
independent causal mechanisms.

4.4.3. Adaptive sequencing

The discussion below examines how adaptive sequencing is implemented in ITSs
and whether adaptivity is studied primarily as a mechanism of action within the
system or, less often, as a moderator of ITS effects. In total, 62 studies discuss
adaptive sequencing.

In the studies included in the full-text review, the most common implementation
of adaptive sequencing in ITSs was for real-time selection of the next task,

50



The impact of intelligent tutoring systems in general education

exercise or difficulty level on the basis of a pupil’s current mastery, performance
or readiness (Feng et al., 2025; Yannier et al., 2024). In such descriptions, the
adaptive sequence often guides learners towards content described as closest
to mastery, falling within the zone of proximal development, or aligned with a
diagnosed proficiency level, with progression being governed by a transition from
easy to difficult, or by mastery thresholds, readiness states or ongoing
performance data (Feng et al., 2025; Wang et al., 2024). This indicates that
immediate sequencing was the dominant form within the material. Its educational
relevance lies in the possibility of aligning task difficulty and progression with
pupils’ current understanding, rather than requiring all learners to follow the same
fixed sequence. The policy-relevant issue is therefore whether such sequencing
supports appropriate challenge, sustained practice and curriculum-relevant
progression. Yannier et al. (2024) examined adaptivity as a single influencing
variable of ITSs, comparing an adaptive condition that included Bayesian
knowledge tracing—based task selection, versus a randomised condition with
tasks being chosen at random. The results showed that learning improved with
adaptivity, as the average score in the post-tests (69 %) was significantly higher
for the adaptive condition than for the randomised condition (54 %; F=4.02,
p=0.05, d=0.66).

A second pattern relates the use of explicit learner models and diagnostic
systems to generate individualised pathways. The findings describe decision
trees, reinforcement learning, Bayesian knowledge tracing (Yannier et al., 2024),
fuzzy inference, performance factors analysis, Elo-based estimation (Horvers et
al., 2024), deep learning, XGBoost (Maaz et al., 2025), and multi-armed bandit
approaches as bases for assigning pathways, recommending problems, updating
next actions or recomputing activity sets (Prasertsang et al., 2025a; Uriarte-
Portillo et al., 2023). The variables informing these models were not restricted to
correctness; the reviewed content also referred to response times, learner
preferences, learning styles, linguistic needs, emotional engagement, affective
states, self-esteem, emotional intelligence, demographic factors and error
patterns as inputs into adaptive sequencing (Ezzaim et al., 2024; Standen et al.,
2020). In the dataset, adaptive sequencing therefore operated not only as
performance-based difficulty adjustment, but also as profile-based
personalisation. At the same time, adaptive sequencing was not uniformly
beneficial. Some findings suggest that learners may need guidance to interpret
adaptive pathways, especially when task order, difficulty or support change in
ways that are not transparent to them (Ningsih et al., 2026; Verma & Kulkarni,
2025). This concern is consistent with evidence that the effects of feedback and
scaffolding vary according to the design of systems, learner characteristics and
task context, and that poorly calibrated support can increase confusion, overload
or the shallow use of help (Borchers et al., 2023; Munshi et al., 2022; Ningsih et
al., 2026). Adaptive sequencing therefore requires pedagogical framing rather
than purely technical optimisation.

The included studies also distinguish between forms of adaptive sequencing
according to the timing and explicitness of instructional support. At the
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immediate level, many systems provided real-time visual feedback, automated
feedback, tailored hints, remedial suggestions and scaffolding that changed as
learners progressed or as particular errors appeared (Colliot et al., 2024; Ningsih
et al., 2026). The support itself ranged from relatively simple step-level feedback
or next-step hints to more elaborate, increasingly explicit or dialogic forms of
assistance. These included tiered aids, additional rounds of scaffolding, Socratic
chatbot exchanges, conversational agent, and the fading of scaffolding as
competence improved (Liu et al., 2025; Olney et al., 2025). This indicates that the
reviewed literature includes both simpler and more elaborate adaptive support
structures, rather than a single form of adaptive sequencing.

Although immediate adaptation was most common, the material also reports
delayed or distributed forms of sequencing. These took the form of spaced
repetition, the adaptive scheduling of practice frequency, interleaving, repetition
after errors, periodic reassessment and persistent-profile recommendations
across sessions (Jaloliddin, 2025; Verma & Kulkarni, 2025). In addition, some
implementations embedded sequencing within wider instructional structures such
as tutor dashboards, optional module order and group-based task assignment
systems (Oreopoulos et al., 2024; Thomas et al., 2024b). The evidence therefore
points to adaptive sequencing operating according to more than one timescale:
within-task, next-task, within repeated practice, and as part of broader curricular
organisation.

The evidence overwhelmingly frames adaptivity as a mechanism of action
within the ITS rather than as an external moderator. In the dataset, adaptivity
was typically linked to personalised instruction, adaptive pathways, feedback,
scaffolding, engagement, motivation, inclusion or learning outcomes, which
places it inside the operative logic of the tutoring system itself (Feng et al., 2025;
Wang et al., 2024). Explicit moderator formulations were rare and were commonly
limited to statements about attention from tutors , learner type and socioeconomic
background, interaction patterns and teacher involvement, or to prior
achievement and intensity of usage (Thomas et al., 2024b; Zhai et al., 2025). Two
additional papers described adaptivity playing a more tentative moderator-like
role, through explanatory prompts that shaped engagement or through
comparison with non-adaptive practice contexts (Majumdar et al., 2023; Meeter,
2021). Majumdar et al. (2023), for example, found that a small set of papers
described adaptive or partly adaptive features, but did not explicitly investigate
adaptivity as either a mechanism or a moderator, or noted that the sequence of
focus was fixed or only partially specified (OImo-Mufoz et al., 2022; Oreopoulos
et al., 2026).

Taken together, the dataset describes adaptive sequencing in ITSs primarily as
the immediate, performance- or model-based selection of content, difficulty and
support, with additional evidence for delayed and distributed sequencing through
spacing, reassessment and persistent learner profiles across sessions. The
sequencing of support ranges from simple hints or step-level feedback to more
elaborate scaffolded and dialogic assistance, while the evidentiary framing is
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predominantly mechanistic rather than moderational (Feng et al., 2025; Olney et
al., 2025; Thomas et al., 2024b; Verma & Kulkarni, 2025). The main conclusion
is not that a specific sequencing method is superior, but that sequencing is
educationally relevant because it shapes the match between pupils’ current
understanding, the tasks they receive, and the support provided during learning.
However, the studies reviewed rarely isolate adaptive sequencing as an
independent causal factor. Its effects should therefore be interpreted as part of
broader ITS designs that combine sequencing with feedback, scaffolding,
curriculum alignment, teacher involvement and sustained use.

44.4. Scaffolding

All 65 of the included studies examined scaffolding. Scaffolding was most
commonly described as direct cognitive support in the form of hints,
explanations, worked examples, prompts, feedback and step-by-step guidance
(Wutthisarn & Junpeng, 2024; Zhai et al., 2025). Guided practice was also a
recurring element, and appeared through warm-up tasks, practice-question
sessions, readiness-based topic progression, repeated practice, guided tutoring
sessions and structured problem-solving sequences (Bhatt et al.,, 2024;
Matayoshi et al., 2020). In several papers, these forms of support were
supplemented by explicit error correction and explanatory feedback, including
real-time visual cues, explanatory feedback, guidance and concept visualisations
(Colliot et al., 2024; Yannier et al., 2024). This indicates that scaffolding was not
a marginal feature of the ITSs reviewed, but a recurring design logic through
which systems attempted to make tasks manageable, provide contingent
support, and guide learners through problem solving.

A second recurrent theme concerns the adaptive organisation of support.
Many systems adjusted the selection of questions, task difficulty, content
sequencing or recommended exercises in response to prior performance,
attempts, knowledge gaps, affective state or recent answers (Pervaiz et al., 2025;
Simbolon et al., 2025). These adaptive processes were sometimes embedded
into dashboards, recommendation systems or teacher-facing monitoring
structures that helped them to direct attention towards pupils who needed
differentiated support (Oreopoulos et al., 2024; Thomas et al., 2024b). The
extracted findings also show that scaffolding was not limited to cognitive
guidance. Several papers describe metacognitive, motivational and socio-
emotional support, including support for self-regulation, goal-setting or
metacognitive prompts, encouragement, and relationship-building human
tutoring (Su et al., 2025; Thomas et al., 2024b). Scaffolding therefore appeared
both as learner-facing support and as part of the broader instructional
infrastructure around ITSs, including teacher dashboards, adaptive
recommendations and human guidance.

A smaller subset of studies explicitly analysed scaffolding as an effective factor.
Their findings indicate that contextual support, delivered through natural
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language processing, addressed comprehension gaps and was described as
being important for cognitive-load management and learning outcomes, while
dynamic composition scaffolding and explicit practice on hard knowledge
components were associated with improved learning outcomes and more
effective practice experiences (Huang et al.,, 2021; Zhai et al., 2025). For
example, in Zhai et al. (2025), an intelligent cognitive-load regulation system
improved the academic scores of pupils from lower-SES backgrounds, increased
task-completion rates by 32 %, and reduced reported cognitive load by 23.1 %
on average.

Worked examples have also been empirically examined as scaffolding, and are
reported to reduce cognitive load and improve learning efficiency — especially
immediately after the example had been worked through (Azevedo et al., 2020).
Other empirical studies linked scaffolding to speaking performance, vocabulary,
goal setting, self-evaluation, motivation, learning outcomes and self-regulated
learning behaviours (Munshi et al., 2022; Wang et al., 2025). However, the
evidence base is uneven: while scaffolding-related features appeared across
many systems, only a smaller set of studies treat scaffolding itself as the focal
mechanism or compared specific scaffolding variants. In many other studies,
scaffolding is bundled with feedback, adaptive sequencing, recommendation
systems, dashboards, human tutoring, or broader personalised instruction,
making it difficult to determine whether observed effects were caused by
scaffolding specifically or by the wider ITS package.

The dataset also contains more qualified findings. Borchers et al. (2023) found
that when compared with paper-based practice, ITSs provided more than twice
as many practice opportunities that eventually resulted in correct answers — but
this did not result in greater overall learning gains. Different types of scaffolding
were used for higher- and lower-performing learners (Liu et al., 2025), and
excessive scaffolding was described as a possible source of cognitive overload,
with gradual onboarding suggested as a response (Ningsih et al., 2026). These
findings suggest that scaffolding is not automatically beneficial. Its effects appear
to depend on timing, calibration, learner proficiency, task difficulty and whether
support encourages active reasoning rather than the shallow use of help or
reliance on guidance from the system.

This cautious interpretation is supported by evidence on cognitive load, but this
does not establish the existence of long-term effects on pupils’ cognitive capacity.
Some studies report that scaffolding, worked examples, chatbot support or
adaptive quizzing reduced cognitive load or improved learning efficiency, but the
evidence reviewed does not identify studies that have directly examined whether
such reductions produced longer-term improvements in cognitive capacity.
Azevedo et al. (2020), for example, found efficiency gains after worked examples,
but these related to a reduction in solving time rather than long-term changes in
cognitive capacity. Similarly, studies of scaffolding and self-regulated learning,
such as Munshi et al. (2022) and Wang et al. (2025), examined learning
processes over time but did not specifically test long-term cognitive-load
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reduction or cognitive-capacity outcomes. The closest longer-duration evidence
comes from Zhai et al. (2025). This study reports improved academic
performance and task completion, lower cognitive load and self-regulated
learning over a 6-month period, although true long-term effects remained
unestablished.

Taken together, the dataset shows that while hints, guided practice, adaptive
sequencing and human- or agent-based support are widely reported as
scaffolding elements in ITSs, explicit testing of scaffolding as a distinct factor
occurred less frequently and was concentrated in studies of adaptive, dialogic,
difficulty-based or worked example-based support (Azevedo et al., 2020; Wang
et al., 2025). The main conclusion is therefore not simply that scaffolding is a
common feature of ITSs, but that it is theoretically central and empirically under-
isolated. While scaffolding appears to be a core mechanism through which ITSs
provide contingent support, the available studies often do not separate its effects
from those produced by feedback, adaptivity, teacher involvement or broader
system design. This limits the ability of the field to specify which scaffolding
components work best, for whom, and under what conditions.

4.45. Technological design features

Throughout the studies on ITSs reviewed, the technological design features
described are clustered around dashboards and progress displays,
conversational or agentic interfaces, gamification and rewards, as well as
multimedia or augmented reality formats. The relationship between these
features and the outcomes of the use of ITSs was tested using several empirical
strategies. These include randomised and quasi-experimental comparisons of
alternative interfaces, dose-response or usage analyses, correlational models,
and post-use perception studies (Oreopoulos et al., 2024; Thomas et al., 2024b).
At the same time, a substantial portion of the evidence comes from evaluations
of complete bundles of features rather than isolated elements of interfaces, which
means that many findings concern the effectiveness of integrated systems rather
than individual functionalities (Verma & Kulkarni, 2025; Wijekumar et al., 2024).

Dashboards, mastery indicators, reports and progress visualisations
constitute a major cluster of features. In hybrid tutoring settings, real-time tutor
dashboards were used to prioritise assistance and differentiate support, and
gains were more strongly associated with mastery-linked process indicators than
with exposure time alone (Oreopoulos et al., 2024; Thomas et al., 2024b). In
Thomas et al. (2024b), an implementation that combined a real-time tutor
dashboard with a lower human-tutor-to-pupil ratio was associated with
approximately 0.36 additional completed MATHia workspaces per hour.
However, because both dashboard availability and the tutor-to-pupil ratio differed
between the compared implementation settings, this estimate cannot be
attributed to the dashboard alone.
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Learner-facing dashboards, knowledge maps and recommendation panels were
linked to self-monitoring, perceived personalisation or to increases in active
engagement, but their relationship to learning was more mixed. Recommendation
dashboards were more effective when paired with explanations, and progress
displays sometimes improved regulation or user ratings without producing clear
advantages in terms of overall achievement. In Majumdar et al. (2023), pupils
receiving recommendations with explanations achieved a mean score of
approximately 63.1, compared with 52.2 among pupils who did not use the
recommendation system (n? = 0.048). A third group, which received
recommendations without explanations, achieved a mean score of approximately
59.0 and did not differ significantly from either comparison group. The material
included in this review therefore suggests that while dashboards are consistently
used as visibility and coordination mechanisms, their contribution to achievement
depends on whether or not they were linked to feedback that informs subsequent
learning or instructional decisions, mastery progression or explanatory features.

Conversational agents, avatars and social-emotional interfaces form
another prominent theme in the reviewed texts. Compared with less interactive
or more traditional formats, conversational and adaptive agents were linked to
lower cognitive load, more favourable attitudes and motivational outcomes,
higher vocabulary or post-test performance, and stronger engagement (Yan,
2024; Wang et al., 2025). The interfaces examined included chatbots, animated
pedagogical agents, talking-head tutors and robot tutors, often combined with
immediate guidance, further questioning or personalised feedback. In Wang et
al. (2025), an interactive agent providing personalised feedback and adaptive
prompts produced higher vocabulary outcomes than a fixed, non-interactive
version of the same agent (d = 0.36), as well as a larger difference in goal setting
(d=0.79). Differences in self-evaluation (d = 0.43) and motivation (d = 0.22) were
positive, but were not statistically significant. Social-emotional extensions,
however, showed a more selective pattern. A mindfulness-oriented agent
reduced mathematics anxiety without improving performance, and supportive
avatar or empathy features were rated positively or associated with positive
outcomes mainly under higher usage or in descriptive accounts (Feng et al.,
2025; Hladky et al., 2025). Added social presence did not automatically improve
achievement, optional task prompts delivered by avatars did not outperform text-
only prompts, and encouragements given by one agent-based science tutor did
not produce measurable affective benefits (Munshi et al., 2022; Su et al., 2025).

Gamification, rewards, narrative framing and playful choice architectures
were described in the reviewed literature, but the pattern of outcomes associated
with these was conditional rather than uniformly positive. Badges, medals,
trophies, streaks, points, leaderboards, narrative quests and other reward
structures were often linked to motivation, enjoyment or perceived engagement,
but direct comparative evidence indicates that these features did not
automatically lead to better learning outcomes. In one comparison, adaptive
multimodal presentation outperformed a gamified interface under the same
adaptive navigation and feedback structure; in another, a choice-based
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gamification element improved learning only when it was embedded into an
adaptive personalised sequence (Clément et al., 2025; Sayed et al., 2022). In
Sayed et al. (2022), scores increased by approximately 8.9 % when using
adaptive multimodal presentation, and by 6.6 % using the gamified interface.
Learning efficiency increased by approximately 169 % and 150 %, respectively.
In Clément et al. (2025), the condition that combined personalised sequencing
with learner choice produced learning gains of approximately 3 points, whereas
adding the same choice feature to a fixed linear sequence produced gains of only
approximately 1-1.5 points. These study-specific estimates reinforce the finding
that the effects of gamification depend on the instructional sequence in which it
is embedded.

Multimedia, augmented reality, mixed-reality and input-modality features
show a similarly conditional pattern. Adaptive augmented reality and interactive
multimedia systems were linked to higher learning and motivation when
combined with adaptive guidance or feedback, whereas changes in input
modality affected efficiency, usability or near-transfer performance more often
than they did broader learning outcomes (Colliot et al., 2024; Morais & Jaques,
2022; Simbolon et al., 2025; Uriarte-Portillo et al., 2023).

The studies reviewed also show that workflow design and interface constraints
can shape outcomes. Same-session enforcement of different solution paths
improved problem-solving proficiency, and learning-mode retrieval outperformed
assessment-mode retrieval for later retention (Matayoshi et al., 2020; Olmo-
Mufoz et al., 2022). Other workflow-oriented features, such as anti-guessing
mechanisms, host-controlled settings or recommendation mechanisms produced
clearer changes in interaction patterns than in post-test outcomes, indicating that
some design elements operate primarily on learner behaviour rather than directly
on achievement (Bringula et al., 2025; Huang, 2025).

Taken together, the evidence supports a differentiated conclusion: in the studies,
dashboards and conversational agents often supported regulation, engagement
or affect, while gamification, multimedia and workflow-related features showed
benefits that were more conditional or selective within broader instructional
systems (Clément et al., 2025; OImo-Mufoz et al., 2022; Thomas et al., 2024b;
Uriarte-Portillo et al., 2023).

4.4.6. Educational stage and age group

The analysis in this subsection addresses whether differences between age
groups in the effects of ITSs have been empirically tested and, from an
educational perspective, what any differences reported suggest with regard to the
school stages at which support from ITSs appears more or less beneficial,
drawing on findings from five studies (see also subsection 4.1.4 for a graphic
illustrating age distribution). These five studies were conducted within various
national education systems. Grade labels are therefore retained as reported in
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the original publications and should not be interpreted as being directly equivalent
between countries. Where available, pupils’ ages and the broader educational
stages used by the respective authors are reported alongside these labels to
support interpretation.

The evidence applies mainly to primary and lower-secondary educational levels,
with age ranges reported only in some studies. One study focused on Grade 5
pupils aged 10 to 13 years (Horvers et al., 2024), while another compared third-
graders aged 8 to 9 years and fourth graders aged 9 to 10 years (Jaloliddin,
2025). Other studies report findings within broader school levels, including
Grades 3-6, Grades 7-8, or lower versus higher grades without specifying exact
ages (Meeter, 2021; Oreopoulos et al., 2024). In summary, the evidence base is
concentrated in school-age populations and is reported mainly in terms of grade
level, with age information included less consistently.

A first issue deals with differences in the effectiveness of ITS use between grade
levels. Several findings indicate stronger effects on younger or lower-grade
pupils. However, this pattern is not fully uniform. Wijekumar et al. (2020) report
that fifth-grade pupils showed higher effect sizes than fourth-grade pupils,
indicating that variation can occur even between adjacent primary grades. This
finding does not support a simple linear pattern in which younger pupils benefit
more. On a broader level, Meeter (2021) states that adaptive practice software
had a stronger impact on learning in lower grades (such as 4 and 5) than in higher
grades. Similarly, Oreopoulos et al. (2024) report significant effects in Grades 3—
6, but no significant effects in Grades 7—8, which points to a difference between
primary and later grade levels. Taken together, these studies suggest stronger
effects in lower grades, although the level of detail varies between publications.
More importantly, they indicate that educational stage is not merely a background
characteristic, but helps to explain differences in the effectiveness of ITSs. Across
the evidence reviewed, stronger results in lower grades coincide with two
recurring features: first, learners at different school stages appear to differ in the
self-regulatory and metacognitive demands that ITSs place upon them (Horvers
et al., 2024; Jaloliddin, 2025); second, school stages also differ in implementation
conditions, especially the amount of structured practice time and curriculum
flexibility available for sustained use (Meeter, 2021; Oreopoulos et al., 2024). In
this sense, differences between primary and later grades are best understood not
as isolated age-related effects, but as differences in developmental readiness
and instructional opportunity.

A second issue deals with variation within primary-level settings and the limits of
subgroup differentiation. Although Oreopoulos et al. (2024) report effects for
Grades 3-6, subgroup analyses within primary school classrooms did not show
strong patterns of differential benefits across age groups among this range. This
contrasts with studies that report more specific differences between nearby
grades, such as the higher effect sizes for Grade 5 than Grade 4 reported by
Wijekumar et al. (2020), and the differentiated pattern between third- and fourth-
graders reported by Jaloliddin (2025). The evidence therefore includes both
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variation within primary levels as well as findings that suggest limited subgroup
differentiation among that same range. This implies that primary education should
not be treated as a fully homogeneous stage when interpreting the effects of ITSs.

A third issue deals with differences in the types of outcomes observed across
age groups. Jaloliddin (2025) does not report a single uniform advantage for one
level, but instead describes a differentiated pattern in which third-graders showed
stronger gains in enjoyment, whereas fourth-graders showed steadier
improvements in competence ratings. This indicates that reported age-group
differences were not limited to overall effectiveness, but also varied according to
the outcome domain considered. The clearest evidence for this comes from
Jaloliddin (2025), who reports a differentiated pattern across motivational
outcomes, with stronger gains in enjoyment for third-graders and steadier
improvements in perceived competence for fourth-graders.

A fourth issue deals with the evidence on level differences — specifically,
whether age or grade effects were tested directly, detailed descriptively, or were
only reflected in sample characteristics. Some studies (Oreopoulos et al., 2024;
Wijekumar et al., 2020) explicitly examine differential effects between levels.
Oreopoulos et al. (2024) report a significant intent-to-treat effect of 0.17 for
Grades 3-6, but no significant effect for Grades 7-8. Wijekumar et al. (2020)
report small but meaningful effects for fourth-grade pupils and moderate-to-large
effects for fifth-grade pupils. The direct comparative evidence therefore points to
significant effects in Grades 3-6, with the highest effects being seen in the fifth
grade within the comparison conducted by Wijekumar et al. (2020). This evidence
does not, however, permit a general ranking across the studies. Meeter (2021)
also reports a stronger impact in lower grades, but does not provide explicit age
ranges or a detailed analysis beyond grade-level differences. Horvers et al.
(2024), in contrast, primarily identifies the applicable age and grade range and
notes that the control group was 6 months older than the experimental group,
while also stating that the study did not provide detailed empirical evidence on
age-group differences with regard to effects. Meeter (2021) and Horvers et al.
(2024) therefore provide contextual information but no additional direct evidence
on differential effectiveness between age or grade groups. The evidence
therefore distinguishes between direct tests of age- or grade-group differences,
descriptive grade-related patterns, and studies that mainly report sample
characteristics. This is an important consideration when interpretating the
evidence, because not all reported age- or level-related patterns are based on
equally strong empirical tests.

In summary, the evidence on age or educational stage applies mainly to Grades
3-8, with the clearest detail concentrated in the primary school range (in some
cases, linked to specific ages). Reported differences between age groups or
educational levels were present in several publications, especially in
comparisons between lower and higher grades or between adjacent primary
grades. However, not all studies provided detailed age-based analyses, and one
study reports no strong subgroup pattern within primary classrooms despite
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broader differences between school levels (Horvers et al., 2024; Oreopoulos et
al., 2024). Overall, the most relevant conclusion educationally is therefore not
simply that “younger pupils benefit more”, but that the effects of ITSs appear to
vary between school stages, adjacent grades and outcome domains, with the
clearest and most differentiated evidence currently concentrated in the primary
years.

4.4.7. Subject domain

The included studies indicate that ITSs are used in a broad range of academic
disciplines. The discipline most frequently represented is mathematics,
including arithmetic, algebra, equivalent fractions, the multiplication and division
of fractions, linear graphs, numbers and algebra, and measurement and
geometry (Annus & Kmet’, 2024; Prasertsang et al., 2025b; Shih et al., 2021,
2023; Thampitak & Junpeng, 2025; Thomas et al., 2024b). Reports on the use of
ITSs are also emerging in language-related disciplines, including foreign
language education, English language learning, language education at primary
level, Bahasa proficiency, reading education, and reading comprehension (Liu et
al., 2025; Ningsih et al., 2026; Wang et al., 2024; Wang et al. 2025; Yan, 2024).
Science-related applications include general science, middle school science,
physics, biology and science literacy topics such as climate change, energy,
motion and biodiversity (Abdulayeva et al., 2025; Simbolon et al., 2025).
Additional uses are reported in computer science, programming education and
computational thinking, as well as in broader general education and special
education contexts covering multiple domains such as language, mathematics
and social skills (Ezzaim et al., 2024; Katchapakirin et al., 2022; Obermuller et
al., 2023; Standen et al., 2020). The results show that the use of ITSs appears to
lead to an improvement in learning outcomes, with effect sizes in outcome
measures differing between subjects (see subsection 3.3.1). Some studies also
cover more than one subject area, such as mathematics and language, natural
sciences and mathematics, or computer science and French as a foreign
language (Bettinger et al., 2020; Ezzaim et al., 2023). Ezzaim et al. (2023), for
example, found for the experimental group a mean difference in computer
science of +3.25 points (15.78 vs 12.53) and in French as a foreign language a
mean difference of +3.31 points (13.78 vs 10.47) compared with the control
group, indicating only minor differences in a between-subject comparison.

Cross-subject and cross-domain differences in reported ITS effects

The material includes several cases in which differences between subjects or
domains have been explicitly reported. In a general education context,
performance indicators differed across mathematics problem-solving, language
learning, science experiments, collaborative projects, self-paced review and
exam preparation, with higher outcomes being reported for self-paced review and
mathematics problem-solving than for science experiments and collaborative
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projects (Zhai et al., 2025). A direct contrast between mathematics and language
is also reported in computer-assisted learning, where positive effects were found
for mathematics at both dosage levels, whereas language showed diminishing
returns at higher dosage levels (Bettinger et al., 2020). In reading
comprehension, Mondia et al. (2023) report significant improvements in learning
outcomes. Reading-comprehension scores in the experimental group increased
by 13.9 % from pre-test to post-test, while the control group showed a decline.
This percentage refers to the study-specific score and is not a standardised effect
size.® Multi-subject evidence is also reported in a study covering computer
science and French as a foreign language, in which both subjects showed higher
scores in the experimental group than in the control group, although the score
patterns differed between the two subjects (Ezzaim et al., 2023). These findings
indicate that subject area was not treated uniformly in the dataset and that
differences in outcomes between subjects have been explicitly noted in several
studies.

Mathematics as the most extensively represented discipline

Mathematics is the subject area in which ITS applications are most heavily
represented in the studies examined. In mathematics, positive effects are
reported for automated feedback in numbers and algebra and in measurement
and geometry, where experimental groups showed stronger procedural,
conceptual, or progression outcomes than control groups (Marwiang et al., 2025;
Prasertsang et al., 2025b; Thampitak & Junpeng, 2025). Marwiang et al. (2025)
report an effect size of np? = 0.73, with the experimental group reaching an
advanced learning-progression level of 84.83 %, compared with 61.54 % for the
control group. Similarly, Prasertsang et al. (2025b) report average learning
progression of 84.83 % in the experimental group vs. 64.54 % in the control
group. In measurement and geometry, Thampitak and Junpeng (2025) report
progression scores of 86.29 % and 69.89 %, respectively.

Positive results are also reported for hybrid human-artificial intelligence tutoring,
one-on-one dialogue-based tutoring and intelligent game-based or adaptive
systems that improved proficiency, practice behaviour, methodical problem
solving or the pace of progress (Bringula et al., 2025; Meeter, 2021; Shih et al.,
2021; Thomas et al., 2024b). At the same time, mathematics findings also show
that the effects of ITS use were not uniform across all mathematical content. In
linear graphs, ITSs produced more eventually correct practice opportunities than
paper practice, but did not result in stronger overall learning gains, and
effectiveness differed by curricular unit, favouring the ITS for the graphing of
linear equations and paper for qualitative interpretation of graphs (Borchers et al.,
2023). Similarly, learning gains were comparable for easy and intermediate topics

8 Raw score differences and percentage changes refer to the outcome scales used in the
respective studies.
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but differed for a more difficult topic, where the control condition outperformed the
ITS condition (Horvers et al., 2024). Therefore, the studies present mathematics
not as a single homogeneous discipline, but as a set of subdomains and task
types in which the reported effects of ITSs differ.

Language, reading and literacy-related uses

Outcomes of ITS use in language and reading disciplines were also diverse. In
English language learning, ITS-supported instruction was associated with greater
vocabulary gains, higher goal-setting scores, and a less sharp decline in some
self-regulated learning indicators over time (Wang et al., 2025). The interactive
condition produced an effect of d = 0.36 for vocabulary and d = 0.79 for goal
setting. Differences in self-evaluation (d = 0.43) and motivation (d = 0.22) were
positive but not statistically significant.

In foreign language education, ITSs improved all dimensions of proficiency, while
differences are reported by grade level but not by gender (Yan, 2024). In primary
English learning, third graders showed stronger gains in enjoyment, whereas
fourth graders showed steadier improvements in competence ratings (Jaloliddin,
2025). Reading-related studies further show that the effects of ITSs could vary by
reading component or design feature. Higher attendance was associated with
better outcomes in passage comprehension and word attack (Wang et al., 2024).
Explicit versus implicit feedback in first-grade reading produced different effects
depending on word context, initial reading speed and accuracy, and word length,
with explicit feedback improving accuracy more for initially incorrect words, while
both feedback types involved a trade-off between accuracy and speed (Bai et al.,
2022). In content-area reading comprehension, the effects of ITS use differed by
grade level, with small but meaningful effects in fourth grade and moderate-to-
large effects in fifth grade (Wijekumar et al., 2019). These findings show that
language and literacy-related ITS applications have been reported in foreign
language learning, English learning and reading comprehension, and that
differences in their outcomes are described in relation to grade, task, and
feedback configuration.

Applications in science and physics

The studies covering science-related use of ITSs report positive effects in several
disciplines and subdomains. In science literacy, an Al-driven digital module
improved understanding across content areas such as matter, climate change,
energy, motion and biodiversity, with the experimental group showing a
substantially larger increase in scores than the control group (Simbolon et al.,
2025). In the development of science competency, an ITS improved the
explanation of scientific phenomena, the evaluation and design of scientific
enquiry, and the interpretation of data and use of evidence — although the
magnitude of these improvements differed between these three dimensions
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(Wutthisarn & Junpeng, 2024). Studies concerning physics report gains in
academic performance, practical skills and research competencies while
emphasising the need to tailor ITSs to the instructional characteristics of the
discipline (Yannier et al., 2024; Abdulayeva et al., 2025). In relation to early
physics principles, adaptivity based on Bayesian knowledge tracing was
described as being effective in science learning (Yannier et al., 2024). In
Abdulayeva et al. (2025), 76 % of pupils in the experimental group successfully
solved advanced problems, compared with 52 % in the control group. To sum up
the above findings, these studies show that the use of ITSs in science-related
disciplines encompasses both cognitive and affective outcomes, which may vary
between subdomains and competency dimensions.

Computer science, programming and computational thinking

ITSs have also been used in computer science, programming education and
computational thinking. In the high school computer science curriculum, ITSs
have been associated with improved academic performance and engagement
(Ezzaim et al., 2024). In this study, the experimental group achieved an average
academic score of 15.94, compared with 11.92 in the control group, while
participation rates were 93.58 % and 60.00 %, respectively. These values refer
to the study-specific assessment and engagement measures. ScratchThAl is
reported to have improved educational outcomes and engagement in
computational thinking (Katchapakirin et al., 2022). In programming education,
visual next-step hints improved speed and reduced help requests at lower
complexity levels, but the quality of hints deteriorated as program complexity
increased (Obermdller et al.,, 2023). These findings indicate that in computer
science-related domains, ITSs were used not only to improve performance and
engagement, but also in ways that were sensitive to the complexity of
programming tasks.

Reported heterogeneity within disciplines

A substantial portion of the studies describe variation in the effects of ITSs within
disciplines, rather than just between disciplines. In mathematics, lower-achieving
pupils benefitted more from hybrid tutoring, with ITS use proving to be particularly
effective in supporting learning about fractions for lower-achieving pupils, while
no significant differences were observed among high-achieving pupils (Shih et
al., 2023; Thomas et al., 2024b). In addition, studies covering mathematics report
differences associated with gender, instructional flexibility, grade level and device
or input configuration, although not all of these are framed as cross-subject
contrasts (Meeter, 2021; Morais & Jaques, 2022; Olmo-Mufoz et al., 2022). In
science, high-performing pupils used feedback more effectively than low-
performing pupils, and strategic hints were more useful than encouragement
prompts (Munshi et al., 2022). In language-related studies, differences are
reported by grade level, vocabulary learning and trajectories of self-regulated
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learning variables (Wang et al., 2025; Yan, 2024). In the contexts of general and
special education, learning achievement and engagement are reported to differ
according to intellectual disability level and autism spectrum condition subgroup
(Standen et al., 2020). Therefore, studies frequently report heterogeneity in the
effects of ITS use within individual subject areas, including differences by learner
group, grade and topic.

Single-subject studies

Not all studies explicitly reported discipline-specific or subject-specific
differences. Several studies were restricted to a single subject and reported
effectiveness in that subject without making cross-subject comparisons or explicit
subject-specific claims. These include studies on mathematics, algebra,
language learning and computational thinking (Huang et al., 2020; Ningsih et al.,
2026; Verma & Kulkarni, 2025). Other studies explicitly state that subject-specific
differences were not reported or tested, even though ITSs were used in the
context of a discipline, such as for mathematics achievement and engagement,
or that results were consistent across learner characteristics rather than being
differentiated by subject-specific conditions (Clément et al., 2025; Khazanchi et
al., 2024). This indicates that the reviewed literature contains both studies that
explicitly examined or described differential effects, and studies that were
discipline-specific in application but not comparative in their treatment of subject
differences.

Scope of ITS use across disciplines and subject-related differences

The studies reviewed examine the use of ITSs in mathematics, language and
foreign language education, reading and reading comprehension, science,
physics, computer science, programming education, computational thinking,
geometry, algebra and broader general and special education contexts that range
across multiple subject areas (Simbolon et al., 2025; Thomas et al., 2024b; Wang
et al., 2024). Other studies also report the use of ITSs in computer science and
broader general and special education contexts (Ezzaim et al., 2024; Standen et
al., 2020). Discipline-specific or subject-related differences in effects have been
reported in multiple ways: through direct contrasts between subjects, through
differences between subdomains or curricular units within a subject, and through
variations between competency dimensions within discipline-specific ITS
implementations (Bettinger et al., 2020; Borchers et al., 2023; Wutthisarn &
Junpeng, 2024). At the same time, a subset of the studies did not explicitly test
or report such differences and instead remain confined to single-subject
evaluations of effectiveness (Clément et al., 2025; Khazanchi et al., 2024; Verma
& Kulkarni, 2025).
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4.4.8. Role of teachers and parental involvement

This subsection outlines how teachers and parents have been described in the
implementation of ITSs, and whether their roles were examined only descriptively
or also as factors that influence outcomes.

Role of teachers in ITS implementation

Although many of the activities described in the studies resemble established
teaching practices, the specific role that teachers play in relation to ITSs lies in
interpreting system-generated information and integrating automated support
into classroom instruction. Across the reviewed studies, teachers used
dashboards, reports and behavioural traces to identify learning needs, allocate
attention, assign additional support and adapt instruction (Simbolon et al., 2025;
Wijekumar et al., 2024). They therefore acted as mediators between the system
and the learner by determining how automated recommendations were used,
when additional human support was required, and how use of the system aligned
with curricular goals. They were also described as providing guidance,
scaffolding, socio-motivational support, relationship building and goal-oriented
feedback rather than simply supervising the use of the technology (Alakayleh,
2025; Thomas et al., 2024a). Some studies also described teachers as
contributing to system design, content creation, assessment development,
validation and curricular alignment (Yan, 2024). Some papers describe narrower
functions for teachers, such as selecting participants, providing classroom access
or enabling study procedures (Bringula et al., 2025; Clément et al., 2025). These
findings suggest that ITSs do not remove the need for teacher judgement, but
change the information that is available for pedagogical decision-making and
classroom orchestration.

Teacher training and implementation conditions

Beyond their pedagogical role, teachers also assumed operational
responsibility for sustaining the use of ITSs. This included coordinating
sessions, sending reminders, troubleshooting technical problems and
maintaining the fidelity of the implementation (Pervaiz et al., 2025; Wang et al.,
2024). This indicates that the implementation of ITSs required ongoing
organisational support rather than a one-off technical introduction. Training,
professional development, collaborative support and stable routines were
repeatedly reported as conditions that supported implementation, particularly
where teachers had to use dashboards, monitor progress, maintain classroom
routines or integrate the ITS into curriculum-aligned instruction (Pervaiz et al.,
2025; Wijekumar et al., 2024). However, the studies reviewed rarely examined
teacher training as an independent causal factor. Where training was described,
this ranged from brief technical familiarisation to more structured professional
development, coaching, office hours, fidelity checks, dashboard training and
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professional learning communities, but its separate effect on student outcomes
was usually not isolated (Feng et al., 2025; Pervaiz et al., 2025; Wijekumar et al.,
2024). Therefore, the evidence suggests that teacher training is relevant not only
for basic technical use, but also for interpreting dashboards, using learner data,
integrating ITSs into curriculum-aligned instruction, and maintaining consistent
classroom routines. In this sense, the primary importance of teacher training
appears to be in relation to implementation quality: training supports teachers’
ability to act on system recommendations, to troubleshoot technical issues, to
sustain student practice, and to align the use of the ITS with classroom
instruction, rather than it operating as a separately tested driver of achievement
gains (Oreopoulos et al., 2024; Oreopoulos et al., 2026; Pervaiz et al., 2025).

In relation to this, teacher workload, limited time, limited digital or subject-matter
competence, weak buy-in and infrastructure problems were described as
implementation constraints (Oreopoulos et al.,, 2026). In addition, teacher
training alone appeared insufficient where organisational capacity, scheduling,
infrastructure or buy-in were weak; ongoing support and dedicated
implementation roles were more closely associated with sustained use and
stronger outcomes (Oreopoulos et al., 2024; Oreopoulos et al.,, 2026). This
indicates that teacher capacity and professional development are important
implementation conditions for ITSs, especially where systems require teachers
to monitor progress, act on recommendations or combine automated support with
direct instruction. Several studies also describe the technology as reducing
manual monitoring, grading or administrative work — thereby freeing up
teachers’ time for individualised support or instructional design (Ningsih et al.,
2026; Verma & Kulkarni, 2025). A smaller group of papers describe teacher
involvement as being intentionally limited or largely technical, logistical or access-
related (Olmo-Mufioz et al., 2022; Wang et al., 2025).

Parental involvement in the implementation of ITSs

Many papers describe the involvement of parent in procedural terms and as being
limited to informed consent, passive consent, opt-out procedures or permission
for participation or data use (Feng et al., 2025; Uriarte-Portillo et al., 2023). More
active parental roles were reported less frequently, and took the form of feedback
on affordability and children’s adaptation, home guidance and additional support,
extending learning outside the classroom, helping children to understand and use
the system, or using assessment reports to support children’s development
(Alenezi, 2024; Zhai et al., 2025). These findings are directly relevant to ITSs only
in cases where parents supported access, home use, the interpretation of
progress information, or the acceptance of the technology. Broader parental
characteristics were reported only occasionally and were rarely connected to the
specific adaptive functions of the systems (Meeter, 2021; Wutthisarn & Junpeng,
2024).

66



The impact of intelligent tutoring systems in general education

Evidence on the roles of adults as implementation factors

In the included studies, the roles of adults are more often described as
implementation conditions than empirically tested as determinants of
outcomes (Pervaiz et al., 2025; Wang et al., 2025). Where teacher influence has
been examined, the findings reported link socio-motivational and data-informed
support to higher engagement and achievement. In Thomas et al. (2024a), a
hybrid condition combining adaptive software with dashboard-guided human
tutoring produced larger increases in diagnostic scores than software-only use
among general-education pupils (4.2 % vs. 2.6 %) and pupils receiving special
education (6.3% vs. 3.8%). However, these figures apply to the hybrid model as
a whole, and do not isolate the effect of the human tutor or dashboard. Other
findings link larger benefits for pupils who scored higher in the pre-test, teacher
buy-in, fidelity, high expectations, monitoring and commitment to higher practice
time and improved outcomes, whereas limited capacity or buy-in is linked to low
usage and minimal learning gains (Oreopoulos et al., 2024; Thomas et al.,
2024b). These findings reinforce the interpretation that teacher involvement
matters most when it shapes dosage, monitoring, classroom routines and how
learner data are acted upon, rather than simply through the presence of a teacher
or a one-off training event.

Additional analyses address teacher influence by reporting that
paraprofessionals could be as effective as teachers in some tutoring contexts;
that different teacher-selected modes of usage affected learner performance;
that classroom assistance varied; and that some studies either controlled for
teacher fixed effects or minimised teacher presence to separate intervention
effects from teacher effects (Wang et al., 2024; Huang, 2025). Overall, the
evidence suggests that teacher involvement matters most when it shapes how
ITSs are embedded into instruction, how learner data are acted upon, and
whether pupils engage with the system consistently over time.

Parents’ influence on impact was rarely examined beyond description; the
explicit parent-related associations made are that marital status affected
academic outcomes, and that parents with more education were more likely to
help with distance education. The remaining parent-related findings concern
consent, acceptability, feedback or home support rather than tested impact
pathways (Ezzaim et al., 2023; Meeter, 2021). For this reason, the reviewed
evidence does not support strong conclusions regarding parents as moderators
of the effectiveness of ITSs. Their role appears more limited and context-
dependent, mainly concerning consent, access, home support and acceptance
of the technology.

In summary, the evidence suggests that teachers are the central adult actors in
implementation and can influence outcomes under certain conditions. Teacher
training and professional support therefore emerge as relevant implementation
conditions, although the studies rarely isolate training effects causally. The
strongest conclusion is therefore not that teacher training independently improves
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ITS outcomes, but that teacher preparation, ongoing support and organisational
capacity help to determine whether ITSs are used regularly, interpreted
pedagogically and integrated into classroom routines. In contrast, parental
involvement was described far more often than it was empirically examined as a

factor shaping impact.
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5. Discussion

This chapter of the report discusses and interprets the findings of the systematic
review, focusing on key results, their conceptual integration, and their implications
for understanding the impact of intelligent tutoring systems (ITSs).

5.1. Summary of key findings

Within the scope of this systematic literature review, the material reviewed
provides a substantial and strongly intervention-oriented evidence base on
ITSs in school education — although this evidence base is unevenly distributed
and should be interpreted with some methodological caution. As set out in
Section 1.3, the review does not provide primary research or a comprehensive
account of all recent developments in Al-supported education, but instead
focuses on ITSs for which causal evidence in school settings could be identified.
It is dominated by quasi-experimental studies and randomised controlled trials,
which together account for 93 % of the studies included. Therefore, the reviewed
literature centres methodologically on comparative evaluations of instructional
interventions, often using pre/post or baseline/endline measurement structures,
rather than on purely descriptive or correlational research. Since quasi-
experimental designs form the largest share of the studies reviewed, parts of the
evidence base remain sensitive to selection bias, baseline imbalance and
confounding.

Furthermore, the literature is geographically concentrated: the United States is
the most prominent single country, while Asia is the most strongly represented
region, with Thailand standing out as a major contributor. The evidence also
focuses in particular on lower-secondary education, and is strongly weighted
towards mathematics. Across outcome domains, the evidence is most extensive
for learning outcomes, which are examined in almost all studies. Evidence on
motivation and engagement is less consistently developed, and the evidence
base on well-being and socio-emotional outcomes is clearly smaller. Lastly, the
field appears to be expanding rapidly, with publications increasing markedly after
2020 and especially from 2024 to 2025 — although years in which data collection
actually occurred are often not reported and should therefore be interpreted
cautiously in light of the descriptive evidence mapping in Section 3.1 (subsections
3.1.1-3.1.6) and the limitations discussed in Section 4.3.

A second key finding focuses on the conceptual status of ITSs in the reviewed
literature. The definitions of ITSs used by the studies share a common adaptive
core, generally describing ITSs as computer-based or Al-based adaptive learning
tools that personalise learning by responding to learner characteristics,
performance, progress or estimated learner state. What distinguishes ITSs from
broader Al-driven educational technologies is therefore not adaptivity alone, but
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the combination of learner modelling, domain- or task-related structure,
pedagogical decision-making, and responsive instructional support. At the same
time, the reviewed studies show that these elements are operationalised in
diverse ways, ranging from canonical model-based tutoring architectures to
dialogue-based, diagnostic, platform-based, hybrid, affective or gamified
systems. The present review therefore suggests that ITSs should be understood
not as a single, clearly bounded type of intervention, but as a heterogeneous
family of learner-responsive instructional systems with a shared adaptive
core (Section 3.2). The implication of this for the report’s synthesis is that the
effects of these systems should not be attributed to “ITSs” as a uniform
technology, but should be interpreted in relation to the specific adaptive,
pedagogical and interface functions through which the systems support learning.

A third key finding focuses on the overall pattern of reported effects. Across the
studies reviewed, findings are broadly favourable but are clearly differentiated by
outcome domain. The strongest and most extensive evidence relates to learning
outcomes and skill development, where ITSs are frequently associated with
improvements in achievement, mastery, conceptual understanding, problem
solving, reasoning, reading-related performance, computational thinking, digital
literacy and other cognitive or process-oriented indicators. Where standardised
effects are reported, these range from small to very large. However, the findings
of the studies are not uniform: effects vary by the intensity of the intervention,
implementation quality, comparison condition, learner subgroup, curricular unit,
topic difficulty and specific outcome measure. Some studies report no significant
between-group advantage, no added benefit of one intervention variant over
another, or isolated weaker and negative effects. Therefore, this review supports
neither a blanket claim of effectiveness nor a null position, but rather a
conditional pattern in which positive learning effects are common, yet are
dependent on design, dosage, context and use (subsection 3.3.1).

Motivation and engagement also show a generally positive pattern, but the
evidence here is more heterogeneous in terms of both conceptualisation and
reported results. The clearest positive motivational findings refer to enjoyment,
hope, situational interest, self-efficacy, motivation, attention and confidence,
which often show small-to-moderate effects in the most clearly reported studies.
Behavioural engagement is also frequently reported as improving, including
participation, time on task, practice intensity, progression, persistence, frequency
of interaction, and continued use. However, this strand of evidence is less
consistent than that for the learning domain, partly because the studies reviewed
examine a wider and less uniform range of affective-motivational and behavioural
indicators. Some motivational subscales remain unchanged in otherwise positive
studies, and potential novelty effects are not consistently examined — especially
in short, pilot, first-use or technology-rich settings. In addition, some engagement
indicators vary by subgroup, implementation design, instructional condition or
unit, with isolated negative or countervailing patterns such as gaming-the-system
or errors of omission. The most appropriate summary is therefore that motivation
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and engagement are often positively affected, but in a less stable and more
context-sensitive way than learning outcomes (subsection 3.3.2).

Socio-emotional outcomes constitute the smallest cluster of evidence in this
review. However, within this limited subset, the pattern reported is consistently
more favourable than adverse or mixed. Where such outcomes were examined,
studies report increases in positive affect, emotional well-being during learning,
motivation, interest, confidence, self-efficacy, perceived competence, goal
setting, favourable attitudes towards tutoring systems and interaction with affect-
supporting agents. They also report reductions in negatively valenced or strain-
related outcomes, including mathematics anxiety, frustration, effort, mental
demand and cognitive load. These results should be interpreted cautiously,
however, as they are based on a much smaller and less consistently measured
evidence than the other outcome domains. Nevertheless, the available evidence
does not suggest a predominantly adverse socio-emotional pattern, but instead
points to a limited and broadly positive stream of evidence (subsection 3.3.3).

A fourth key finding is that the effects reported are best understood through the
mechanisms by which ITSs translate learner information into instructional
support. Across the studies reviewed, feedback, adaptive sequencing and
scaffolding emerge as the most consistently recurring pedagogical mechanisms
shaping learning processes. However, many different approaches are taken to
the implementation of such mechanisms in ITSs, and not all of these approaches
work equally well across all situations and for all users. This makes thoughtful
and evidence-informed design essential. Some characteristics are identified in
the reviewed literature as being particularly significant. Feedback appears
particularly relevant when it is timely, specific, explanatory and connected to
learners’ errors, misconceptions or next steps. Adaptive sequencing matters
where task order, difficulty, pacing or learning pathways are adjusted to learner
performance, readiness, mastery or learner-model estimates. Scaffolding
appears beneficial where support is appropriately tailored through hints, prompts,
worked examples, guided practice, dialogic support or step-by-step assistance —
although it is less often isolated as a distinct explanatory factor. Together, these
mechanisms represent the most direct ways in which ITSs operationalise
adaptivity and personalise instruction (subsections 3.4.2-3.4.4).

In contrast, the ways in which technological design features such as
dashboards, progress displays, avatars, conversational agents, gamified
elements, multimedia and augmented-reality interfaces appear to matter are a
more conditional. The reviewed studies suggest that these features are most
useful when they make adaptive support more visible, usable, engaging, or
actionable — particularly when they reinforce feedback, mastery progression, self-
monitoring, explanation or guided practice. In the studies, dashboards and
conversational agents often supported regulation, engagement or affect, while
gamification, multimedia and workflow-related features showed more selective
effects within broader instructional systems. Since many studies evaluated
complete bundles of features rather than isolated interface elements, no
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conclusions can be drawn about the effectiveness on learning outcomes of
individual features (subsection 3.4.5).

Lastly, the present review shows that the consistency of the effects of ITS use
depends strongly on implementation and context. The evidence is clearest with
regard to classroom-based use, while homework, informal and extracurricular
uses are less common and less systematically examined. Teacher involvement
emerges as a particularly important implementation condition: teachers
frequently monitor progress, interpret dashboards, align use of the system with
curricular goals, provide follow-up support, support the fidelity of the
implementation, and shape how ITSs are integrated into instruction. Parental
involvement, in contrast, is far less central in the evidence and is only rarely
examined as an independent determinant of outcomes. The intensity of the
implementation also appears as a relevant cross-cutting condition, since dosage,
exposure, sustained participation and completion of practice repeatedly shape
whether or not positive effects emerge, and how large these are. Educational
stage and subject domain further structure the heterogeneity observed, with
some studies reporting stronger effects in lower grades, as well as differences
between subjects and variation across subdomains, task types, or learner groups.
Taken together, these findings indicate that ITS mechanisms and outcomes are
strongly conditioned by contextual, implementation-related and moderating
factors (subsections 3.4.1, 3.4.6-3.4.8).

Overall, the key findings of the review point to a broadly favourable but clearly
conditional pattern of evidence. ITSs are best understood as heterogeneous
adaptive instructional systems, the effects of which depend on how learner
information is translated into pedagogical support.

5.2. Synthesised impact framework

The conceptual framework introduced in subsection 1.1.2 distinguished between
underlying mechanisms, observed effects and moderating or contextual factors.

The findings of this review broadly support that structure, but they also allow
these relationships to be specified. Table 1 (shown in subsection 1.2.1) presents
the initial conceptual impact framework used to guide the review. This
distinguishes, at a relatively general level, between underlying mechanisms,
moderating and contextual factors, and observed effects, and thereby provides a
heuristic structure for organising the empirical literature on ITSs.

Table 3 below builds on this preliminary framework by refining each of these
dimensions in the light of the review’s findings. It specifies the category of
underlying mechanisms more precisely than in Table 1 by distinguishing a
diagnostic—adaptive layer, core pedagogical mechanisms and an interaction
layer. It also expands the moderating and contextual dimension by identifying the
intensity of implementation as an additional cross-cutting condition, and it
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differentiates the observed effects more clearly by indicating the relative strength
and function of the three outcome domains. In this sense, Table 3 should be read
not as a replacement of the framework introduced in Section 1.2, but as its
empirically grounded elaboration and specification.

Across the studies reviewed, this logic is most consistently visible in a functional
configuration that is built around learner modelling, pedagogical or tutor control,
and communication or interface functions. In a substantial part of the literature, a
domain or expert model is also explicitly articulated; in other cases, this remains
conceptually present but is less clearly specified. This means that the educational
impact of ITSs is not adequately captured by the labelling of the system alone.
What matters more is whether — and if so, how — learner information is translated
into adaptive instructional support.
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Table 3: Refined impact framework for ITSs

Underlying mechanisms

Moderating and
contextual factors

Observed effects

Source: Authors' own analysis.

Diagnostic—adaptive layer:
Learner modelling
Performance monitoring
Estimation of state

Core pedagogical
mechanisms:

Feedback (timing, specificity,
explanatory quality)

Adaptive sequencing (task
order, difficulty, pacing,
pathways)

Scaffolding (hints, prompts,
worked examples, step-by-
step support)

Interaction layer:

Technological design features
(dashboards, conversational
agents, gamification,
multimedia interfaces)

Educational stage and age
group

Subject domain

Educational context (classroom,
homework, extracurricular)

Teacher role and parental
involvement — implementation
intensity (dosage, exposure,
sustained use)

Learning
outcomes/effectiveness
(achievement, skills, mastery,
efficiency)

Motivation and engagement
(affect, persistence, time on
task, participation, dropout)

Well-being / socio-emotional
outcomes (confidence, affect,
anxiety, cognitive load)

ITSs translate learner data into
adaptive instructional support.
The diagnostic—adaptive layer
enables personalisation. Core
pedagogical mechanisms
directly shape learning
processes. Design features
influence usability, visibility and
engagement, as well as
mediating interaction with the
system

These factors condition
whether and how mechanisms
translate into outcomes. They
influence implementation
quality, learner responsiveness
and system use.
Implementation intensity
emerges as a key cross-cutting
condition for effectiveness

Outcomes emerge as the result
of how effectively the
mechanisms align instruction
with learners’ needs. The
strongest and most consistent
effects are seen on learning
outcomes. Motivation and
engagement function both as
outcomes and as mediating
processes. Socio-emotional
outcomes are less frequently
studied but are predominantly
positive

The core mechanisms are, above all, adaptive sequencing, feedback and
scaffolding. Adaptive sequencing refers to the adjustment of task order, difficulty,
pacing or pathway in response to the learner’s state. Feedback refers to the
timing, specificity and explanatory quality of the system’s responses to learner
input. Scaffolding includes hints, prompts, worked examples, step-by-step
assistance and other forms of structured support. Together, these mechanisms
explain how diagnosis is converted into pedagogical action.
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Technological design features form part of the broader mechanism structure,
but they do not operate in the same way as the core pedagogical mechanisms.
Dashboards, conversational agents, avatars, gamified elements, multimedia
environments and other visible design features mainly shape visibility, usability,
social presence and willingness to engage. They are best understood as an
interaction layer that supports adaptive instruction when tied to feedback, mastery
progression, self-monitoring or guided practice.

On this basis, the synthesised framework suggests that ITSs influence pupils’
outcomes through a sequence of connected processes rather than through a
direct technology-to-outcome relationship. At the centre of this sequence lies a
diagnostic and adaptive layer. ITSs monitor learner performance, progress,
errors and, in some cases, broader behavioural or affective indicators. These
inputs are used to estimate learner state and to determine what kind of support
should be provided next. In empirical terms, this diagnostic-adaptive layer
forms the enabling condition for the core pedagogical mechanisms identified
throughout the review.

This translation of learner information into adaptive instructional support is also
shaped by educational context. Most of the available evidence refers to
classroom-based use, sometimes supplemented by school-based tutoring or
structured additional sessions. While homework, informal learning and
extracurricular applications are present in the literature, they are less common
and less systematically examined as distinct implementation settings. Therefore,
the evidence base speaks most clearly about ITSs as part of formal instructional
arrangements rather than as context-independent learning technologies.

Teacher involvement emerges as a particularly important condition for
successful implementation. The reviewed studies suggest that ITSs do not simply
replace pedagogical judgement; rather, they redistribute instructional work.
Teachers often mediate system use through monitoring, the interpretation of
dashboards, alignment with curricular goals, follow-up support and
implementation management. Where teacher buy-in, fidelity and active
orchestration are present, outcomes tend to be more favourable. Where time,
infrastructure, competence or commitment are limited, effects appear more
constrained. Parental involvement, in contrast, is far less central in the reviewed
evidence, and is only rarely examined as an independent determinant of
outcomes. It appears mainly as a procedural or supportive background condition
rather than as a systematically tested driver of impact.

A further cross-cutting condition that is less visible in the initial conceptual
framework but becomes prominent in the review findings, is implementation
intensity. Across several studies, dosage, exposure, sustained participation and
completion of practice appear to shape whether or not positive effects emerge,
and how large these are. This suggests that the effectiveness of ITSs depends
not only on the presence of adaptive functionality, but also on whether learners
encounter enough well-aligned opportunities to benefit from it.
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Taken together, these findings suggest that both mechanisms and outcomes are
strongly conditioned by contextual and moderating factors. Educational stage and
age group matter because adaptive support interacts with learners’
developmental readiness, prior knowledge and self-regulatory capacity. The
reviewed evidence suggests somewhat stronger or more visible effects in primary
and lower secondary education than in later grades, although this pattern is not
uniform across all studies. Subject domain also matters: the concentration of
evidence in mathematics and other structured domains suggests that ITSs may
be especially compatible with learning environments in which tasks can be
decomposed, sequenced and evaluated against relatively explicit criteria.
Positive findings in reading, language learning, science and programming
indicate that the approach is not confined to one domain, but the mechanisms
through which it operates may vary along with the structure of a given discipline.

This process-oriented view helps to explain the pattern of effects observed. The
strongest and most extensive evidence refers to learning outcomes and skill
development, whereby ITSs are often associated with improved achievement,
conceptual understanding, problem solving, mastery or other cognitive indicators.
These effects remain conditional on learner group, implementation quality,
dosage, task structure and comparison condition.

Motivation and engagement form a second, related outcome domain. Even
here, the overall tendency is positive, but the evidence is more heterogeneous.
This is partly due to the diversity of constructs included under this heading. These
range from enjoyment, self-efficacy and interest to persistence, time on task,
participation and continued use. The findings suggest that ITSs are especially
able to support these outcomes when they provide timely feedback, visible
progress, learner choice or interactive forms of support. At the same time,
motivational and engagement outcomes appear to be particularly sensitive to
design choices and implementation conditions. Therefore, they may function both
as outcomes in their own right and as proximal processes that help to sustain
learning gains over time.

Socio-emotional outcomes constitute the smallest cluster of evidence in this
review. Nevertheless, the available studies more often point to positive than to
mixed effects, with reductions reported in anxiety, frustration, or cognitive load.
However, this evidence should be interpreted cautiously because it is limited in
scope and sometimes overlaps with motivational or engagement-related
measures. The main implication is therefore not that ITSs automatically improve
pupils’ socio-emotional development, but that well-designed support may shape
how supported and emotionally secure learners feel during learning.

Overall, the review supports a synthesised impact framework in which ITSs are
understood as adaptive instructional systems that generate effects through a
combination of learner modelling, pedagogical decision-making and responsive
interaction. The evidence suggests that ITSs should not be understood as a
single, uniform type of intervention. Rather, they are best conceptualised as a
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heterogeneous family of adaptive instructional architectures which vary in format,
interface and computational approach, while sharing a common instructional
logic: they use information about the learner to shape pedagogical responses.

The most consistent contribution made by ITSs lies in improving the fit between
learners’ needs and instructional support. Where this fit is achieved through well-
calibrated sequencing, timely feedback, appropriate scaffolding and purposeful
teacher mediation, positive effects are most likely to emerge. Where the
aforementioned conditions are weaker, effects are more mixed, more localised,
or more dependent on specific outcome measures. The synthesised framework
thus refines the initial conceptual model by making the diagnostic layer more
explicit, distinguishing more clearly between pedagogical mechanisms and
interface-related interaction features, and identifying the intensity of
implementation as a cross-cutting condition for effectiveness.

5.3. Limitations of this review

Several limitations should be taken into account when interpreting the findings of
this review.

First, the search strategy relied primarily on Elicit as its scientific search tool and,
by extension, on the Semantic Scholar database. Although this approach enabled
the highly structured and scalable identification of empirical studies, it may have
limited the comprehensiveness of the evidence base. Studies indexed in other
major databases but not adequately captured in Semantic Scholar may have
been missed.

Second, the review applied deliberate eligibility restrictions with regard to
publication period, language and population. By only including studies published
in English between 2020 and 2026, the review may have excluded relevant
evidence published in other languages or prior to the selected timeframe.
Although these restrictions were appropriate for ensuring topical relevance and
feasibility, they inevitably limit the international and historical width of the
evidence base. Similarly, the review’s exclusive focus on learners in primary,
lower-secondary and upper-secondary education means that its findings cannot
readily be generalised to early childhood education, higher education, vocational
education or adult learning contexts.

Third, the screening procedure combined automated and manual elements,
which introduces both efficiencies and potential sources of bias. The initial
screening of 9,985 abstracts was conducted through automated classification in
Elicit, with each record being assigned a relevance score and only the top 400
publications proceeding to manual abstract review. While this procedure
substantially increased the feasibility of the review, it also creates the possibility
that some relevant studies were not prioritised highly enough by the automated
system and were therefore excluded from closer inspection. With this in mind, the
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review is not only dependent on the predefined screening criteria, but also on the
performance and assumptions made by the Al-supported ranking process. This
should be borne in mind when considering the completeness of the final study
set.

Fourth, although manual abstract screening and full-text screening were
conducted by two reviewers, the review remains subject to reviewer judgement
in its interpretation of the inclusion criteria, particularly with respect to the
operationalisation of ITSs. The distinction between ITSs, Al-based adaptive
learning tools and other forms of Al-supported educational technology is not
always clear-cut in the reviewed literature. As a result, inclusion and exclusion
decisions may have involved interpretive judgement, especially in borderline
cases. This issue is amplified by the exclusion of systems based on generative
Al models, which was justified methodologically as a means of maintaining
conceptual clarity, but may limit the relevance of the review’s findings to the
rapidly evolving contemporary landscape of Al-supported learning technologies
— particularly as generative Al may increasingly be integrated into future ITS
architectures.

Fifth, a further aspect to consider is the distribution of evidence across outcome
domains and moderators. While learning-related outcomes are reported by a
comparatively large number of studies, socio-emotional outcomes and some
subject domains (e.g. computer science) are represented to a lesser extent. As
a result, conclusions in these areas are based on a more limited evidence base
and should be interpreted with appropriate caution.

Sixth, a further limitation concerns the interpretation of survey-based, self-report,
correlational and cross-sectional components within the evidence base. Although
these components were included where they formed part of broader empirical
evaluations, they do not provide the same basis for causal inference as
experimental or quasi-experimental comparisons. This is particularly relevant
with regard to motivation, engagement, attitudes, learner experience and
intention to continue using the service, which were often measured through
questionnaires, self-reports, modelled associations or cross-sectional
assessment structures. Therefore, the synthesis treats such findings as
complementary contextual evidence.

Seventh, the interpretation of reported effects is further limited by the extent to
which the primary studies included account for novelty effects. Several studies
involved short interventions, first-time use, pilot settings or technology-rich
learning environments, while potential novelty effects were often not explicitly
examined or controlled for. This is especially relevant with regard to motivation-
and engagement-related outcomes, where positive responses may partly reflect
pupils’ initial interest in a new or interactive technology rather than being
sustained effects of the instructional design. At the same time, studies involving
repeated use or longer intervention periods provide a more suitable basis for
examining whether or not effects persist beyond initial exposure, although they
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do not necessarily isolate novelty effects directly. As a result, this review can
identify novelty as a possible interpretive limitation, but it cannot systematically
assess the magnitude or direction of novelty effects across the included evidence
base.

Eighth, the review is constrained in the conclusions it can draw about sustained
adoption and routine use. Because the research question prioritised causal
evidence, the studies included are mainly pilots, trials or structured interventions
rather than evaluations of long-term everyday use. Accordingly, the review can
assess only to a limited extent whether ITSs are adopted, maintained and
integrated into school practice beyond research settings. Issues such as
curricular integration, teacher capacity, infrastructure, implementation support
and sustained use are already visible in the reviewed evidence as important
contextual conditions. Other potential barriers to adoption, including development
and maintenance costs or ethical and privacy concerns, are less directly captured
by the included studies, and therefore remain beyond the scope of this review’s
systematic assessment.

Ninth, the review did not use Al tools merely for search and screening, but also
for data extraction and evidence synthesis. The extraction matrix was applied in
Elicit, and the synthesis of extracted content was supported by GPT-5.4 through
processes of summarisation clustering, and transformation into academic prose.
Although these steps were used to support reviewer-led analysis rather than
replace it, Al-assisted extraction and synthesis may introduce omissions. To
reduce this risk, the Al-supported steps were accompanied throughout by human
oversight, critical verification and interpretive judgement. Therefore, the validity
of the resulting synthesis rests not on automated processing alone, but on the
extent to which these stages were actively reviewed and checked by the
researcher.

Lastly, the present review prioritised narrative and thematic synthesis over formal
quantitative aggregation. This is appropriate given the diversity of interventions
and outcomes, but it also means that the review cannot provide pooled effect
estimates or statistically test the magnitude of effects across studies.
Consequently, the conclusions should be understood primarily as a structured
interpretive synthesis of the available evidence rather than as a meta-analytic
estimate of effectiveness.

Taken together, the above limitations do not invalidate the review’s findings, but
they do define the boundaries within which its conclusions should be interpreted.
The review provides a structured and methodologically transparent synthesis of
a substantial body of recent empirical research, but its conclusions should be
read in light of the restrictions on database accessibility, the use of Al-assisted
review procedures, the conceptual boundaries applied to ITSs, the limited
consideration of novelty effects in the primary studies, and the heterogeneity of
the underlying evidence base.
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54. Conclusions

Taken together, the causal evidence indicates positive effects more often than
null or negative effects, particularly with regard to learning outcomes and skill
development. However, the direction, magnitude and consistency of these effects
vary across outcome domains, system designs, learner groups, subject areas,
levels of use and implementation contexts. ITSs should therefore not be treated
as a single, stable intervention category, but as a heterogeneous family of
adaptive instructional systems that use information about the learner to shape
pedagogical responses.

Against this background, an answer to the research question can be derived from
the reviewed literature. The existing causal empirical evidence on general
education identifies predominantly positive effects of ITSs on pupils’ learning
outcomes, generally positive but more heterogeneous effects on motivation and
engagement, and a smaller but largely favourable body of evidence on socio-
emotional development.

The strongest and most extensive evidence refers to educational outcomes and
skill development. Across the studies reviewed, ITSs were most often associated
with improvements in achievement, conceptual understanding, problem solving,
mastery, reasoning, reading-related performance, computational thinking,
scientific competency and other cognitive indicators. Positive effects were found
in mathematics as well as reading, language learning, science and computer
science-related contexts, although the evidence outside mathematics is thinner
and should be interpreted with caution. Effects varied by learner group,
intervention intensity, comparison condition, curricular unit, topic difficulty and
outcome measure. Therefore, the overall conclusion here is not that ITSs
consistently outperform all alternatives, but that positive effects on learning are
common when systems are well aligned with learners’ needs and are
implemented with sufficient intensity.

The evidence on motivation and engagement is also generally positive, but is
more heterogeneous in both conceptualisation and results. ITS-supported
conditions were often associated with higher enjoyment, situational interest, self-
efficacy, confidence, motivation, attention, participation, time on task, progression
and continued use. Socio-emotional and well-being-related outcomes were
examined far less often, but the available findings more often point to positive
affective outcomes and reductions in anxiety, frustration, effort, mental demand
and cognitive load. These findings should be interpreted cautiously because this
evidence base is smaller and less consistently measured.

The review further indicates that effects are best understood through the
mechanisms via which ITSs operate rather than through the mere presence of an
Al-based or “intelligent” system. Across the literature, the most consistent
functional pattern is built around learner modelling, pedagogical control, and
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communication or interface functions. Adaptive sequencing, feedback and
scaffolding emerge as the core mechanisms most closely linked to positive
outcomes. Feedback appears especially important when it is timely, specific,
explanatory and connected to learners’ errors or next steps; adaptive sequencing
matters when task order, difficulty, pacing or pathways are tailored to the learner’s
state; and scaffolding appears beneficial when support is graduated and well
calibrated.

A key conclusion of the review is that variations in effect depend to a large extent
on implementation and context. Most studies examined classroom-based use,
whereas homework, informal learning and extracurricular applications were less
common and less systematically studied. Teacher involvement emerged as a
particularly important implementation condition: teachers monitored progress,
interpreted dashboards, aligned system use with curricular goals, provided
follow-up support and shaped the fidelity of implementation. While teacher
training and professional support appear relevant to the quality of
implementation, these were rarely isolated as independent causal factors.
Implementation intensity is another cross-cutting factor, given that dosage,
sustained participation, exposure, and completion of practice shaped whether
benefits emerged and how large they were. Effects also varied by educational
stage, subject domain and learner subgroup. Learners’ digital skills are another
relevant boundary condition, but these were rarely examined systematically in the
studies reviewed.

A related structural limitation applies to the translation of advances in research
into sustained and scalable educational practice. Although the reviewed literature
documents progress in adaptive feedback, sequencing, scaffolding, learner
modelling and interface design, many ITSs remain research prototypes, context-
specific platforms or systems evaluated under structured intervention conditions.
Positive findings from causal studies therefore cannot automatically be
interpreted as evidence that ITSs will generate similar effects under routine
classroom conditions.

The overall conclusion, then, is a cautious but clearly positive one. The causal
evidence reviewed supports the conclusion that ITSs can contribute meaningfully
to pupils’ learning outcomes in general education and can also support motivation
and engagement and, in a smaller body of studies, their socio-emotional
development. Yet the same evidence also shows that these benefits are not
automatic consequences of digitalisation or technical novelty. The most
consistent contribution made by ITSs lies in improving the fit between learner
needs and instructional support, and this contribution is most visible when
adaptive functionality is translated into well-calibrated sequencing, timely and
specific feedback, appropriate scaffolding, and purposeful pedagogical
mediation. Where these conditions are weaker, effects are more mixed, more
localised, or are more dependent on the outcome measure and comparison
condition concerned. This review therefore justifies neither a blanket
endorsement of ITSs nor blanket scepticism, but rather a conditional conclusion:
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that the literature supports the educational potential of ITSs, while also showing
that this potential is realised unevenly and under identifiable pedagogical and
implementation conditions. Therefore, the most robust takeaway is not that ITSs
are effective per se, but that they are effective insofar as they achieve a high
degree of alignment between learner modelling, pedagogical response and
instructional context.

At the same time, the conclusions of the review must be bounded by the structure
of the evidence base itself. The literature predominantly focuses on lower-
secondary education, mathematics and studies conducted in Asia and the United
States, while Europe and several other regions are less strongly represented.
Most evidence also concerns structured, school-based interventions rather than
routine use across diverse institutional contexts. Therefore, the findings of the
review should be interpreted as being evidence-informed rather than universally
transferable in a simple one-to-one manner.

The above conclusions apply most directly to individually oriented ITSs, which
dominate the evidence base reviewed. Cooperative or collaborative ITSs
constitute a related but distinct paradigm because they extend adaptive support
from individual learner—system interaction to peer interaction, shared problem
solving and group-level knowledge construction. By way of contextual evidence
that goes beyond the systematic review corpus, recent work shows that
collaborative ITSs may allow learners to act both as learners and as sources of
explanation for peers, supporting social knowledge building through the
discussion and negotiation of meaning, and fostering communication, critical
thinking, problem-solving skills, motivation and teamwork (Arnau-Gonzalez et al.,
2025; Haq et al., 2020).

Such systems also require additional design mechanisms that go beyond
individual learner modelling. These include learner—learner interaction, tutor—
group interaction, shared solution spaces, peer commenting or rating, real-time
synchronisation and the orchestration of collaborative activity (Arnau-Gonzalez
et al., 2025; Haq et al., 2020). Future research should examine more explicitly
how cooperative ITSs relate to the mechanisms identified here and whether or
not they generate distinct learning, motivational or socio-emotional effects in
school-based settings.

A further future-facing issue relates to the integration of generative Al into ITSs.
Generative Al systems were excluded from this review to maintain conceptual
clarity, but recent literature suggests that they may increasingly reshape ITSs by
supporting more natural dialogue, dynamic explanations, personalised feedback,
richer learner-state inferences, and multimodal or affect-sensitive forms of
support. As contextual evidence beyond the systematic review corpus,
Batsaikhan and Correia (2024) and Maity and Deroy (2024) indicate that these
developments may extend, rather than replace, the core mechanisms identified
in this review — in particular, feedback, scaffolding, sequencing and learner
modelling. Future research should therefore examine if generative or hybrid ITS
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architectures can be designed and used in pedagogically meaningful and
ethically governed ways that enable robust benefits under ordinary school
conditions.
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6. Implications and recommendations

The review provides a substantial but bounded evidence base for policy decisions
about ITSs, including related Al-based adaptive learning tools in general
education. Building on the synthesised impact framework, this chapter derives
implications and recommendations for policy and practice, focusing on how
mechanisms, implementation conditions, and contextual factors shape the
effective use of ITSs in school education.

The recommendations that follow distinguish between three levels of
responsibility. National and regional policymakers — including ministries, regional
education authorities and relevant public funding, procurement, quality-
assurance and professional-development bodies — shape funding frameworks,
procurement and accountability requirements, evaluation expectations and
capacity building. School authorities and school leaders make or implement local
selection decisions, integrate the use of ITSs into curriculum planning and
timetables, assign implementation roles, support teacher orchestration, and
monitor use and outcomes. European Union institutions can add value by
supporting common reporting principles, comparable and multi-country evidence,
reusable evaluation resources, and shared evidence infrastructure, while
respecting the competence of Member States over curricula and implementation.
The allocation of these responsibilities varies between education systems; thus,
the categories used in this chapter refer to areas of responsibility rather than to
uniform institutional structures.

Throughout this chapter, recommendations that follow directly from the reviewed
evidence are linked to the relevant sections of the synthesis. Recommendations
on conditional scaling, shared evidence infrastructure and legal or governance
safeguards are evidence-informed policy judgements: they respond to limitations
or implementation risks that were identified in the review but were not themselves
evaluated as interventions in the included studies (Sections 3.1 and 4.3).

6.1. Policy-relevant takeaways

The review findings point to five policy-relevant areas: the intended use and
observed effects of ITSs; the pedagogical mechanisms through which ITSs
operate; the implementation conditions needed for the use of ITSs; the evaluation
of the effects of ITSs under the intended conditions; and the transferability of the
review’s findings to European education systems. These areas are analytically
related and should be considered together (Section 4.2).
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6.1.1. Specify the intended use and observed effects before
selecting an ITS

The evidence does not support a general conclusion that ITSs are equally
effective across purposes, subjects, learner groups, curricular units or
comparison conditions. Evidence is strongest in mathematics and with regard to
learning outcomes, while findings in other subject areas and with regard to
motivation, engagement and socio-emotional outcomes are less extensive or less
consistent (subsections 3.1.5-3.1.6, 3.3.1-3.3.3 and 3.4.7). Before considering
a particular system, national and regional authorities should define the
educational or instructional need to be addressed and explain why an ITS is
expected to add value in relation to realistic alternatives. This need may, for
example, relate to insufficient opportunities for individualised practice feedback,
limited capacity to differentiate particular practice phases, or a specified
competency gap. National and regional authorities should therefore require the
intended use to be specified prior to funding, procuring, or approving an ITS. This
intended use should identify the pupil group, subject domain, educational setting,
outcome domain, comparison condition and outcome measures.

This requirement could be implemented through funding criteria, procurement
templates, digital-education strategies, and approval or quality-assurance
processes. The comparison condition should represent the realistic alternative
available in the intended setting, such as existing teacher-led practice, another
digital tool, or current support arrangements. This does not necessarily require a
new controlled trial for every procurement; it requires authorities to state what the
ITS is expected to improve compared with current practice, and how that added
value will be assessed. Progress should therefore be assessed against the
specified outcome and the expected added value relative to this alternative,
rather than against system use or user satisfaction alone. Authorities should also
require claims to be limited to the subject area, learner group and outcome for
which supporting evidence exists.

6.1.2. Translate pedagogical mechanisms into quality and
procurement requirements

Across the review, educational value depends less on an “Al” or “intelligent” label
than on how learner information is translated into instructional support. Timely
and specific feedback linked to errors or next steps, adaptive sequencing based
on performance or estimated mastery, and scaffolding through hints, prompts,
worked examples, guided practice, dialogic support or step-by-step assistance
recur across more favourable findings (subsections 3.4.2—-3.4.5). Such support
should respond to pupils’ current performance and difficulties, provide guidance
in graduated steps, and be reduced as pupils become more competent. Rather
than simply providing solutions, it should support active engagement with the task
and, where appropriate, prompt pupils to work through or explain their reasoning.
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By contrast, dashboards, avatars, conversational agents, gamification and
multimedia do not show an independent and uniformly positive effect; they appear
most useful when they make core instructional mechanisms more visible, usable
or actionable.

National and regional authorities, public procurement bodies and funding
agencies should therefore establish quality requirements that ask providers to
explain how learner information is collected and interpreted, how feedback,
sequencing, and scaffolding operate, how the system aligns with curriculum
goals, what teachers can see and control, and what evidence supports the
proposed use. With respect to scaffolding, providers should specify whether the
system responds to pupils’ errors or misconceptions, offers graduated hints
before providing a solution, reduces support when performance or competence
improves, and prompts pupils to elaborate or revise their responses rather than
accepting superficial answers. Procurement and approval processes should also
examine whether interface features strengthen the instructional function or
merely add technical appeal. Monitoring should assess whether pupils receive
the intended feedback and support for progression, whether teachers can act on
system information, and whether these functions translate into the specified
learning outcome. Since individual mechanisms were often evaluated as part of
broader system packages rather than being isolated experimentally, these
requirements should be treated as criteria for assessing pedagogical design, not
as a guarantee of effectiveness.

6.1.3. Fund implementation capacity as part of the intervention

In the studies reviewed, access to software did not equate to effective
implementation (subsections 3.3.1, 3.4.1, and 3.4.8). Greater exposure,
sustained participation and completion of practice were repeatedly associated
with stronger outcomes, whereas low-dosage or weakly integrated use produced
smaller, mixed or null effects. Hybrid models combining human tutoring with ITS
support produced stronger diagnostic gains than software-only use in some
studies, and additional tutoring hours, improved tutor-to-pupil ratios or dedicated
in-school supervision were associated with stronger use and outcomes. These
findings indicate that implementation arrangements are part of the intervention
rather than peripheral delivery details. They also indicate the importance of
embedding ITSs within regular instructional practices and supporting their use
over time, although the review does not establish a single implementation model
or duration that is effective across settings. The evidence also speaks most
clearly about classroom-based and school-embedded use. Proposals for
homework, informal or extracurricular use should therefore be evaluated in their
own implementation context rather than being assumed to reproduce classroom
findings.

Funding and implementation plans should therefore include teacher preparation
time, professional development, ongoing pedagogical and technical support,
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scheduling, infrastructure, supervision and clearly assigned implementation
roles. Support should extend beyond initial access to the technology or one-off
training and should help schools connect ITS use with curriculum goals,
timetables, classroom routines and teachers’ instructional practices over time.
Depending on national arrangements, this may include cooperation between
schools, universities or other teacher-education institutions, and organisations
responsible for school-based professional learning. The evidence is consistent
with implementation models in which teachers retain pedagogical oversight and
use ITSs as instructional supports; however, it does not establish teacher
mediation as an independent causal factor. Authorities should require an
intended pattern of use and should resource and monitor actual exposure,
participation, completion, implementation fidelity, technical interruptions and
teacher workload. The evidence does not support a universal minimum dosage;
requirements should instead specify and test a plausible level of use for the
intended purpose. Teacher training was rarely isolated in the studies \isas an
independent causal factor. The review therefore does not establish a universally
effective intensity or format for professional development, but neither does it
support presenting one-off training as sufficient where organisational capacity,
time, infrastructure or ongoing support are weak.

6.1.4. Pilot under routine conditions and make scaling
conditional on evidence

Most of the studies included evaluated pilots, trials, prototypes or structured
interventions rather than long-term routine use (Section 4.3). Reported effect
sizes therefore provide evidence of the potential of ITSs, but are not a sufficient
basis for broader transfer or scaling. National and regional authorities should
begin with a limited pilot, evaluate the system under conditions comparable to its
intended use, adapt the implementation where needed, and only then consider
broader deployment. Before the pilot begins, authorities should specify the
intended learning outcome and outcome measures, the comparison condition,
the intended pattern of use, and the basis on which implementation will be
continued, adapted or not extended. These criteria should reflect the factors
identified in the review, including changes in the specified learning outcome,
actual exposure and completion, teacher workload, infrastructure and support
requirements, subgroup outcomes and unintended consequences. The review
does not provide universal numerical thresholds for these criteria; they should be
defined in relation to the intended use and implementation context. Evaluations
should also distinguish initial motivation or engagement from sustained
educational value — in particular, because potential novelty effects were rarely
examined in short, pilot or first-use settings (subsection 3.3.2).

Publicly funded pilots should specify the comparison condition and should report
not only whether effects are statistically significant, but also whether they are
educationally meaningful for the specified learning outcome, together with effect
sizes, participation and exposure, curriculum alignment, teacher workload,
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infrastructure and support requirements, durability, subgroup outcomes and
unintended consequences. Educationally meaningful effects are therefore
changes that are relevant to the intended educational purpose, rather than
system use, engagement or user satisfaction alone. This review does not
establish a universal minimum effect size. Broader implementation should be
conditional on evidence that the observed effects can be reproduced without
exceptional project support and without widening differences in access, use or
outcomes. Where the intended effects are not demonstrated, authorities should
adapt the implementation model, revise the requirements, or discontinue the
intervention.

6.1.5. Build a shared European evidence and coordination
framework

European evidence is less extensive than evidence from the United States and
selected Asian countries, and studies use heterogeneous outcomes, comparison
conditions and implementation measures (subsections 3.1.2, 3.3.1-3.3.3 and
4.3). This limits the ability of national and regional authorities to compare
systems, to learn from implementation experience, and to judge transferability.
European Union institutions, working with Member States and relevant education
authorities, should support common evaluation and reporting principles,
comparative studies under routine European conditions, shared implementation
indicators, and structured exchange on successful and unsuccessful adoption.
Across these settings, the evidence that is most transferable is that which focuses
on recurring pedagogical mechanisms and implementation conditions rather than
particular products or platforms.

European coordination should focus on functions that add value without
prescribing national curricula, centralising procurement decisions or implying that
a single European model for ITS implementation is appropriate. These functions
include guidance on evidence claims; common definitions of learning,
engagement, implementation and equity indicators; reusable evaluation
resources; transparent reporting templates; and repositories documenting
implementation models as well as both successful and unsuccessful results.
Equity, accessibility, privacy, transparency and the responsible use of data
should be incorporated as cross-cutting safeguards within these activities. The
present review does not support the assumption that personalisation
automatically improves equity: although some lower-achieving pupils and
disadvantaged groups have benefitted strongly from this, it was factors such as
access, attendance, infrastructure, prior achievement and, potentially, learners’
digital skills that determined who had sufficient exposure to an ITS and benefitted
from it. European, national and regional authorities should therefore monitor
access, sustained use, learning outcomes and unintended differences across
learner groups. Progress at European level should be assessed through the
comparing and reuse of evidence, the inclusion of routine-use and unsuccessful
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cases, and the extent to which national and regional decisions can draw upon
relevant European experience.

6.2. Recommendations for national and regional
policymakers

Building on this report’s policy-relevant takeaways, this section translates the
findings of the review into recommendations for national and regional
policymakers. While Section 5.1 identifies the main implications regarding
intended use and observed effects, pedagogical mechanisms, implementation
conditions, evaluation and transferability, this section sets out how these
considerations can inform strategic alignment, funding and procurement,
implementation capacity, professional development, equity and monitoring. Each
subsection identifies the relevant evidential basis and distinguishes the direct
implications of the review from broader evidence-informed policy judgements.

6.2.1. Intended use and strategic alignment

e Specify the learner need or curricular goal to be addressed, together with
the intended uses, pupil groups, subject domains, educational settings,
outcome domains and comparison conditions prior to allocating public
funding or including ITS in digital-education strategies.

e Require funding applicants and procuring authorities to state why an ITS
is expected to provide added value relative to the specified comparison
condition, the instructional setting, curriculum link and outcome indicators
for each proposed use.

e Limit public claims and approval decisions to the learner groups, subjects
and outcomes for which relevant evidence is available.

The evidential basis for these recommendations lies in the uneven distribution of
evidence across school stages, subjects and outcome domains (subsections
3.1.4-3.1.6 and 3.3.1-3.3.3), together with the variation identified by educational
stage and subject domain (subsections 3.4.6-3.4.7).

6.2.2. Funding, procurement and quality requirements

e Establish procurement and quality criteria that cover learner modelling,
domain or task structure, feedback, sequencing, scaffolding, curriculum
alignment, teacher control, usability, accessibility and the evidence
supporting the intended use. Require providers to explain how learner
information changes the feedback, tasks or support that pupils receive,
how these functions align with curricular goals, and what teachers can
see and control.
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e Require providers to report the comparison condition, study context,
effect sizes (if available), intended pattern of use, implementation
requirements, evidence limitations and known subgroup differences.
Supporting evidence should be linked to the specified pupil group,
subject domain, educational setting, outcome and actual level of
exposure.

e Include the implementation conditions identified in the review in funding
decisions. These should include preparation time, professional
development, infrastructure, technical and pedagogical support,
supervision and scheduling. Funding applications should specify how
these conditions will be met, and who is responsible for them.

e Require providers to document whether and how teachers contributed to
the pedagogical requirements, system testing and curriculum alignment,
and what role teachers are expected to perform during implementation.

These recommendations are grounded in the synthesis of ITS components and
features (subsections 3.2.2-3.2.3) and of feedback, adaptive sequencing,
scaffolding and technological design (subsections 3.4.2-3.4.5). Direct
comparisons support some feedback and sequencing mechanisms, whereas
scaffolding and interface features have often been evaluated within wider system
packages. The recommendations accordingly require mechanism-specific
evidence without assuming that feature labels alone establish effectiveness. The
translation of these findings into procurement and quality-assurance criteria is a
policy application of the evidence rather than a tested procurement intervention.

6.2.3. Implementation capacity and professional development

e Fund teacher preparation and ongoing support as part of implementation
rather than expecting schools to meet these requirements out of their
existing resources.

e Define responsibilities for pedagogical leadership, technical support,
session coordination, monitoring and escalation before the
implementation begins.

e Integrate the pedagogical interpretation of dashboards and learner data
into professional development, and test whether teachers can
understand and act on system information.

e Monitor teacher workload and revise implementation models where
technical, administrative, or monitoring demands displace core
instructional work.

These recommendations are grounded in the implementation evidence
synthesised in subsections 3.3.1, 3.4.1 and 3.4.8. As teacher training was rarely
isolated as an independent causal factor, the recommendations on professional
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development translate observed implementation requirements into policy practice
rather than implying a separately demonstrated training effect.

6.2.4. Implementation, equity and monitoring

e Make wider implementation conditional on evidence from pilots
conducted under conditions comparable to the intended use, and assess
this evidence against criteria for continuation, adaptation or
discontinuation specified before the pilot begins.

e Require evaluations to distinguish learning outcomes from motivation,
engagement, satisfaction and usage, and to specify the comparison
condition.

e Require reporting on actual exposure, completion, implementation
fidelity, technical interruptions, curriculum alignment, teacher workload,
infrastructure and support requirements, and the durability of effects.

e Monitor access, sustained use, outcomes and unintended consequences
by relevant learner characteristics and school contexts; adapt or
discontinue implementation where inequalities are widened.

e Ensure privacy, data protection, accessibility, transparency and
safeguards against inappropriate profiling through the applicable legal,
procurement and governance frameworks.

These recommendations draw on evidence concerning dosage, learner and
contextual variation, and implementation conditions (subsections 3.3.1-3.3.2 and
3.4.1, 3.4.6-3.4.8), together with the limited evidence on sustained routine use
(Section 4.3). The pilot-first approach is therefore an evidence-informed
precautionary judgement rather than a scaling strategy directly tested in the
studies reviewed. Privacy, data protection, accessibility, transparency and
safeguards against inappropriate profiling are broader legal and governance
requirements, and lie outside the causal evidence reviewed here.

6.3. Recommendations for schools in the European
Union

This section translates the findings of the review into recommendations for school
authorities and school leaders in the European Union. The evidential basis for
these recommendations is primarily provided by subsections 3.3.1-3.3.3 and
3.4.1-3.4.8.
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6.3.1.

Intended use and system selection

Before selecting an ITS, concretely define an intended pattern of use: the
pupil group and subject domain; the curricular learning outcome to be
supported; the instructional setting and activity in which the system will
be used; the planned frequency or duration of use; how teachers will use
system-generated information; and the comparison condition against
which effects will be assessed.

Assess systems on the basis of learner modelling, domain or task
structure, feedback, sequencing, scaffolding, teacher control, usability
and accessibility rather than an “Al” or “intelligent” label.

Limit expectations to those learner groups, subject domains, settings,
and outcomes for which relevant evidence is available.

Test shortlisted systems with teachers and pupils, including the usability
of dashboards, feedback and workflow arrangements, before committing
to broader implementation.

The focus on intended use and system selection follows from the heterogeneity
of effects across outcomes, educational stages, subjects and design
configurations (subsections 3.3.1-3.3.3 and 3.4.5-3.4.7).

6.3.2.

Teacher roles and implementation conditions

Use ITSs as a teacher-mediated instructional support. Teachers should
monitor learner progress, interpret dashboards and reports, connect
system-generated information to curricular goals, and decide when
follow-up instruction, additional support or direct intervention is required.
System-generated information should inform rather than replace
teachers’ pedagogical judgement.

Assign responsibilities for pedagogical coordination, scheduling,
supervision, reminders, technical troubleshooting, monitoring and
maintaining implementation fidelity before implementation begins.

Provide teachers with preparation time, professional learning and
ongoing technical and pedagogical support. Professional learning should
prepare teachers to interpret learner data, use dashboards, integrate the
ITS into curriculum-aligned instruction, maintain classroom routines, and
respond to technical or implementation problems.

Integrate ITS use into curriculum planning and timetables, and define an
intended pattern of use that provides pupils with sufficient and equitable
opportunities to participate.

Monitor teacher workload and adapt implementation where technical,
administrative or monitoring demands displace core instructional work.
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These recommendations are informed by evidence on teacher involvement,
supervision, sustained use and organisational support (subsections 3.3.1, 3.4.1
and 3.4.8). While the studies do not generally isolate teacher involvement as an
independent causal factor, the reviewed evidence indicates that it can shape how
ITSs are embedded into instruction and how learner data are acted upon.

6.3.3. Pilot, monitoring and adaptation

e Begin with a limited pilot conducted under conditions comparable to the
intended use before considering broader implementation.

e Distinguish learning outcomes from motivation, engagement, satisfaction
and usage when assessing educational value.

e Monitor pupil exposure and completion, implementation fidelity, technical
interruptions, curriculum alignment, teacher workload and differences
between learner groups.

e Review implementation at predefined points and adapt, pause or
discontinue use where the intended educational value is not
demonstrated or if unintended inequalities emerge.

These recommendations draw on evidence that outcomes vary with patterns of
use and implementation conditions (subsections 3.3.1-3.3.2), together with the
limited evidence on sustained routine use (Section 4.3). The pilot-first approach
is an evidence-informed precautionary judgement rather than an implementation
strategy directly tested in the reviewed studies.

6.3.4. Transferability, equity and safeguards

e Do not assume that products, implementation models or reported effect
sizes transfer directly between educational systems.

e Use the recurring pedagogical mechanisms and implementation
conditions identified in the review as points of reference when adapting
decisions to national curricula, school organisation, infrastructure,
teacher roles and pupil characteristics.

e Monitor access, sustained participation, learning outcomes and
unintended consequences across relevant learner groups and school
contexts.

e Address accessibility, privacy, data protection, transparency and
safeguards against inappropriate profiling through the applicable
European and national legal and governance frameworks.

The transferability and equity recommendations draw on the geographical
concentration of the evidence and on variation by context, educational stage,
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subject domain, learner group, access and participation (subsections 3.1.2, 3.4.1
and 3.4.6-3.4.8). In contrast, privacy, data protection, accessibility, transparency
and safeguards against inappropriate profiling are broader legal and governance
requirements that were not systematically evaluated in the reviewed studies.

6.4.

Recommendations for European Union
institutions

While respecting Member States’ competence over education, European Union
institutions can add value through coordination, comparability and shared
evidence. They should:

Develop a common European reporting template for ITS evaluations,
supported by shared definitions and minimum reporting fields for
intended use, outcome measures, comparison conditions, effect sizes,
implementation intensity, teacher workload, subgroup outcomes and
evidential limitations.

Create a shared European evidence and implementation repository
documenting evaluation contexts, pedagogical mechanisms, patterns of
use and implementation conditions, as well as both successful and
unsuccessful results.

Support comparative and multi-country evaluations of ITSs under routine
European school conditions, including studies outside mathematics and
lower-secondary education.

Provide reusable evaluation guidance and sets of indicators that national
and regional authorities can adapt to their own institutional and curricular
contexts, together with evidence-informed guidance on funding and
procurement based on pedagogical quality, implementation
requirements, accessibility, transparency and responsible data use.

Facilitate structured exchange between Member States and relevant
education authorities on implementation models, barriers and
adaptations, as well as successful and unsuccessful cases, without
prescribing national curricula or centralising procurement decisions.

The development of evidence should support concrete policy decisions rather
than operating as a general call for further research. Public funders and education
authorities should:

Commission multi-year evaluations of routine ITS use to examine
whether or not effects persist after initial implementation and external
project support have ended.
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e Require evaluations to report total implementation and maintenance
costs, teacher workload, infrastructure requirements, technical reliability
and organisational capacity alongside pupil outcomes.

e Include teacher-facing outcomes that examine workload, the
interpretation and use of dashboards, instructional decision-making and
teachers’ ability to act on system-generated information.

e Develop a common minimum set of outcome and implementation
indicators that distinguishes learning, motivation, engagement, socio-
emotional outcomes, exposure and the fidelity of implementation.

e Fund comparative studies that assess ITSs against relevant comparison
conditions, including teacher-led instruction, other digital tools and
different combinations of human and automated support.

e Require subgroup analyses that examine access, sustained participation,
learning outcomes and unintended differences by learner starting point,
educational stage, school context and relevant equity characteristics.

e Investigate the extent to which different levels and patterns of exposure
affect educational outcomes, without assuming that there is a single
“dosage” that applies equally to all systems, subjects or groups of
learners.

e Document the failure, adaptation and discontinuation of implementations
as systematically as successful adoptions, so that future policy decisions
do not rely solely on positive cases.

These recommendations draw on the geographical concentration and
heterogeneity of the evidence, the variation identified across learner groups,
educational stages, subject domains and implementation contexts, and the
limited evidence on sustained routine use (subsections 3.1.2, 3.3.1-3.3.3, 3.4.1,
3.4.6-3.4.8 and 4.3).

6.5. Implications for evaluating emerging generative
Al-based tutoring

Systems based on generative Al- and LLMs were excluded from the operational
definition of ITSs used in this review. Therefore, the findings provide no basis for
conclusions regarding the effectiveness of generative Al-based tutoring.
Contextual literature outside the systematic review corpus suggests that
generative Al may extend structured ITSs through more flexible natural-language
interaction, dynamic explanations, content variation and conversational support
(Batsaikhan & Correia, 2024; Maity & Deroy, 2024). These represent potential
capabilities rather than evidence of effectiveness in general education.
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Nevertheless, the reviewed evidence on ITSs can provide an analytical
framework for evaluating emerging generative Al-based tutoring. Rather than
focusing on the generative or conversational interface itself, this framework
directs attention to underlying mechanisms, moderating and contextual factors,
and observed effects, drawing on the synthesis in subsections 3.4.1-3.4.8 and
the impact framework developed in Section 4.2.

The central question with regard to the underlying mechanisms is whether learner
information is translated into an appropriate pedagogical response — and if so,
how. Evaluations should describe what information about learner performance,
progress or errors is used; how generated responses are connected to a verified
domain or task structure and curricular goals; and how this information shapes
feedback, sequencing and scaffolding. Where instructional content is generated
dynamically, evaluations should also report how its accuracy and pedagogical
appropriateness are checked. Complementary research on LLM-based tutors
supports this focus by distinguishing pedagogically appropriate guidance
grounded in learner errors or confusion from plausible responses that function
primarily as question-answering (Maurya et al., 2025).

Consistent with the preceding recommendations, evaluations should specify the
intended use and the comparison condition, as well as documenting the relevant
moderating and contextual factors. These include the role and control of teachers,
actual exposure and completion, technical reliability, infrastructure and support
requirements, teacher workload, and differences between learner groups.
Evidence should be collected under conditions that are comparable to the
educational settings in which the system is intended to be used.

Observed effects should be assessed separately from system capabilities and
patterns of use. Emerging evidence synthesised by the OECD (2026) indicates
that improved performance on a task with generative Al does not necessarily
result in learning gains. Therefore, evaluations should distinguish learning
outcomes from immediate task performance and from motivation, engagement,
satisfaction and usage measures.
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In person

All over the European Union there are hundreds of Europe Direct centres.
You can find the address of the centre nearest you online (european-
union.europa.eu/contact-eu/meet-us_en).

On the phone or in writing

Europe Direct is a service that answers your questions about the European
Union. You can contact this service:

— by freephone: 00 8006 7 8 9 10 11 (certain operators may charge for
these calls),

— at the following standard number; +32 22999696,

— via the following form: european-union.europa.eu/contact-eu/write-us_en.

Finding information about the EU

Online

Information about the European Union in all the official languages of the EU is
available on the Europa website (european-union.europa.eu).

EU publications

You can view or order EU publications at op.europa.eu/en/publications.
Multiple copies of free publications can be obtained by contacting Europe
Direct or your local documentation centre (european-union.europa.eu/contact-
eu/meet-us_en).

EU law and related documents

For access to legal information from the EU, including all EU law since 1951
in all the official language versions, go to EUR-Lex (eur-lex.europa.eu).

EU open data

The portal data.europa.eu provides access to open datasets from the EU
institutions, bodies and agencies. These can be downloaded and reused for
free, for both commercial and non-commercial purposes. The portal also
provides access to a wealth of datasets from European countries.
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