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Abstract

Higher education (HE) educators have rapidly adopted generative artificial intelligence
(GenAI) for instructional design (ID), yet evidence on this educator-facing use remains
scattered. This PRISMA-guided qualitative systematic review synthesises 78 studies
(2022–2026) to examine how AI-supported ID activity is distributed across ADDIE phases,
functional AI roles, and practitioner versus pre-service contexts; the competences and
human-oversight practices it requires of educators; and the professional development (PD)
approaches documented for building them. Documented activity concentrates in the Design
phase (95% of studies), while Implementation and Evaluation remain largely unexamined.
Most studies (76%) apply no named competence framework; seven competence clusters
emerge, with ethical awareness and bias detection recurrent yet weakly operationalised,
suggesting a possible perceptual rather than declarative deficit. Human oversight is an
explicit commitment in 58% of studies but examined empirically in only 21 (27%); the
review consolidates five core oversight mechanisms plus two emerging ones, for which
quantified evidence remains sparse and uneven. The corpus identifies six PD approach
families, with embedded ethics checkpoints and performance-based assessment as the
best-supported design features. The synthesis grounds an account of AI-supported ID in
which the educator’s design expertise, not the technology’s generative fluency, remains the
organising centre.

Keywords: generative artificial intelligence; instructional design; higher education; ADDIE;
educator competences; Intelligent-TPACK; AI literacy; human oversight; professional
development; systematic literature review

1. Introduction
The public release of large language model (LLM)-based generative artificial intel-

ligence (GenAI) systems in late 2022 initiated a period of rapid, uneven, and largely
unplanned integration of GenAI into higher education (HE) practice. Within months, edu-
cators across disciplines and national contexts used these tools to generate course content,
draft learning objectives, design assessments, and create teaching materials [1,2]. The
pace of adoption outstripped the production of evidence: institutions moved from blanket
prohibition to managed-use policies without a reliable empirical basis for either decision [3],
and instructional design (ID), the professional practice charged with ensuring pedagogical
quality in technology-mediated learning environments, found itself navigating a landscape
that had shifted faster than its knowledge base could accommodate.

Computers 2026, 15, 745 https://doi.org/10.3390/computers15110745

https://crossmark.crossref.org/dialog?doi=10.3390/computers15110745&domain=pdf&date_stamp=2026-10-22
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/computers
https://www.mdpi.com
https://orcid.org/0000-0002-2056-8205
https://orcid.org/0000-0002-1004-7860
https://doi.org/10.3390/computers15110745


Computers 2026, 15, 745 2 of 32

The current moment is best understood as the third stage of a longer trajectory. Re-
search on artificial intelligence in education (AIED) has a history spanning several decades,
initially centred on intelligent tutoring systems, learner modelling, and adaptive platforms,
technologies designed, built, and evaluated by specialists over long development cy-
cles [4]. Reviews of this first wave consistently found the field dominated by student-facing
applications: AI as tutor, recommender, feedback provider, or assessment engine [5,6].
The generative turn changed the terms of participation. Unlike earlier AIED systems,
LLM-based tools require no specialist development, no institutional procurement, and no
integration project: any educator with a browser can direct a general-purpose generative
system toward any design task. This shift moved AI from the specialist’s laboratory into
the educator’s everyday workflow and, in doing so, opened a genuinely new research
object: the educator as user of AI in a professional design capacity.

Understanding this phenomenon requires a distinction that long predates AI: instruc-
tional design as distinct from teaching. Teaching is the enacted, interactive practice of
instruction; instructional design is the systematic professional process that precedes and
structures it: the analysis of learners and contexts, the specification of objectives, the se-
lection of strategies, the development of materials, and the planning of assessment and
evaluation [7]. Before a course meets its first student, its designer has taken dozens of con-
sequential pedagogical decisions: what the learning outcomes will be and at what cognitive
level; how content will be sequenced; which activities will serve which outcomes; how
alignment between outcomes, activities, and assessment will be secured; what materials
will be produced and in what media; and how evidence of effectiveness will be gathered.
These decisions determine the quality of learning at scale, because they are inscribed in the
course artefacts that every subsequent cohort encounters. When GenAI enters this process,
it does not merely automate routine drafting and formatting; it participates in the decisions
about objectives, sequencing, activities, and assessment that constitute instructional design
itself. This is what makes the use of educator-facing AI analytically distinct from, and
arguably more consequential than, the student-facing applications that have dominated
the literature.

Yet the educator’s perspective remains underrepresented. Zawacki-Richter et al. [5]
first posed the question “where are the educators?” in 2019; reviews and meta-reviews
as recent as 2024 indicate that it remains unresolved, continuing to find AIED research
concentrated on learner-facing systems and learning analytics, with limited attention to
how educators themselves use AI as a professional tool [6,8]. Prior syntheses fall into distin-
guishable families, reviews of AI in education broadly [4], of AI in higher education [5,6],
of GenAI and ChatGPT specifically, the latter largely concerning its initial GPT-3.5-based
release [9]; a related strand addresses AI literacy and educator competences [10,11]. These
establish adoption patterns and general competence needs, but none takes educator-facing
GenAI use in instructional design decision-making as its unit of analysis; that unit is
precisely what the present review addresses, and it is why the existing syntheses, valu-
able as they are, cannot answer its questions. The imbalance is partly methodological:
student outcomes are easier to instrument than design processes, and partly historical,
since pre-generative AIED systems were typically specialist-built platforms rather than
tools educators could apply directly to design work [4,5]. Neither reason survives the
generative turn. Educators’ use of GenAI in instructional design is now an empirical
phenomenon of considerable scale, and while the evidence is growing, it has not been
systematically mapped.

The stakes are higher in online and distance higher education. In campus-based
teaching, design decisions can still be adjusted during instruction, through direct interaction
between educator and learners; in distance education, the scope for such adjustment is far
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more limited: courses reach large numbers of learners primarily through their designed
materials, so the quality of the design decisions largely determines the quality of the
learning experience [12]. Instructional designers in online and blended HE hold a distinct
professional role precisely because of this institutional weight of design [13]. If GenAI is
reshaping how design decisions are made, then evidence on this reshaping is most urgently
needed in online and distance education.

This article addresses this evidence gap as the deliberately planned second step of
a two-stage research programme. The first stage, our first work reported as a conference
paper [14], applied PRISMA guidelines [15] to map the practice landscape in 20 practitioner
studies, documenting where ADDIE phases include GenAI support, which design deci-
sions it informs, and what functional roles the AI assumes relative to the educator. That
mapping established that AI support is structurally concentrated in content production,
and that, within those 20 studies, human oversight (the term employed by the EU AI Act
and international guidance; Section 2.4) was widely endorsed but not empirically exam-
ined. These findings raise, but cannot answer, the questions that matter for institutions,
educators, and regulators: what must the educator know and be able to do for this practice
to be effective and responsibly applied, how is oversight actually exercised, and how can
the necessary competences be built? This article addresses these questions based on an
updated and expanded corpus from the same systematic review (Section 3). This study is
a qualitative systematic review combining descriptive mapping with thematic synthesis:
coded categories are quantified descriptively, and the qualitative material within them is
synthesised thematically. The review can therefore support claims about what the reviewed
literature documents, and how frequently, but not causal claims about the effectiveness of
the practices described.

The article makes five contributions: an extension of the phase-and-role mapping
across the updated corpus, with a systematic practitioner/pre-service comparison; a com-
petence synthesis organised through the Intelligent-TPACK and AI literacy frameworks,
revealing both the field’s framework gap and its emergent competence structure; a typology
of human oversight mechanisms that consolidates the five core mechanisms of the first
study and extends them with two emerging mechanisms, with direct relevance to institu-
tional governance and regulatory compliance; an evidence-based account of professional
development approaches and their design features; and an integrative synthesis assem-
bling the mapping, competence, oversight, and development findings into an integrated
conceptual map of the field’s current state, which also grounds subsequent theoretical work.
The remainder of the article is organised as follows: Section 2 establishes the theoretical
background and states the research questions; Section 3 details the methodology; Section 4
presents the results by research question; Section 5 discusses findings at empirical, theoreti-
cal, and policy levels; Section 6 presents the integrative synthesis; Section 7 outlines future
research; and Section 8 concludes.

2. Background
2.1. Instructional Design in Higher Education

Instructional design is the systematic process through which learning goals are trans-
lated into instructional materials, activities, and assessments, and their effectiveness is
evaluated [7]. Its disciplinary identity rests on the claim that effective instruction can be
designed—that learning outcomes improve when decisions about objectives, strategies,
media, and assessment are made deliberately, based on analysis and data rather than
habit or improvisation. In HE, ID operates in two institutional configurations: as a profes-
sional specialisation (instructional designers supporting faculty, particularly in online and
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blended provision [13]) and as a distributed academic practice (faculty designing their own
courses, usually without formal ID training [1]).

Several models structure this process. The ADDIE model (analysis, design, devel-
opment, implementation, evaluation) is the most widely referenced framework for sys-
tematic ID, organising the process into five iterative phases [7]. Backward Design begins
from desired results and works backward through acceptable evidence to learning expe-
riences [16]. Constructive alignment requires that intended outcomes, teaching activities,
and assessment tasks form a coherent system [17]. Universal Design for Learning fore-
grounds accessibility, prescribing multiple means of engagement, representation, and
expression from the outset [18]. The Learning Design tradition formalises designs as share-
able, machine-readable artefacts [12], while Design Thinking imports empathy-driven,
iterative prototyping methods into educational contexts [19,20].

ADDIE serves as this review’s analytical mapping framework for three reasons. First,
its five phases provide a complete, mutually recognisable map of the design process onto
which heterogeneous studies can be coded regardless of the design model they them-
selves espouse—Backward Design and constructive alignment activities, for instance, code
naturally into Design, and UDL commitments into Analysis and Development. Second,
ADDIE is deliberately model-agnostic at the learning-theory level, avoiding the imposition
of a specific pedagogical stance on the corpus. Third, and most consequentially for this
review, ADDIE’s iterative structure—the cycle from Evaluation back through Analysis into
redesign—encodes the quality-improvement logic of systematic ID [7], making visible pre-
cisely which parts of that logic current AI support reaches and which it leaves unexamined.

2.2. Generative AI for Instructional Design

GenAI systems produce content (text, images, code) in response to natural language
prompts, generating output by predicting successive tokens from probability distributions
learned over large training corpora. Outputs are fluent and contextually plausible but not
verified: they are susceptible to factual inaccuracies (hallucinations), to the amplification of
biases embedded in training data, and to a systematic mismatch between surface plausibility
and substantive accuracy [3,21]. For instructional design, these technical properties have a
direct professional implication: they make systematic educator evaluation of AI output not
an optional safeguard but a structural necessity.

Across the emerging literature, GenAI support has been documented for nearly ev-
ery functional territory of ID work. In learner and context analysis, AI has been used to
interpret diagnostic data for intervention planning [22]. In curriculum mapping and course
structure, it has produced course maps, module sequences, and constructively aligned
outlines [2,23,24]. In learning objective formulation, chatbots have generated, refined, and
taxonomically aligned objectives with systematically evaluated quality [25,26]. In activity
and assessment design, documented uses span lesson planning [22,27], field course de-
sign [28], mathematical problem posing [29], and rubric and question generation [25,30]. In
material development, AI has produced culturally contextualised language materials [31],
special education resources [32], simulation scenarios [33], and platform-ready course
content including LMS code [2]. Applications in personalisation, feedback, and accessibility
appear in adaptive course integration in blended contexts [13], AI-supported simulation
debriefing [34], and accessibility-oriented resource adaptation [32]. The most recent litera-
ture extends this territory further: multi-agent systems draft complete course packages for
faculty review [35], retrieval-augmented systems ground design support in institutional
teaching knowledge [36], the reliability of LLMs in analysing lesson-plan quality is itself
under systematic evaluation [37], and AI-generated feedback on design artefacts has been
compared blind against expert feedback [38].
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Two features of this evidence base motivate a systematic review. First, quality eval-
uations, where conducted, are sobering: only 38.3% of AI-generated learning objectives
met all quality criteria without revision [25]; AI-generated objectives underperformed on
specificity and achievability [26]; and plausible AI-designed field courses lacked the local
ecological knowledge expert practitioners bring [28]. Second, the evidence is scattered
across disciplines, methodologies, and terminologies, with no shared analytical struc-
ture, precisely the condition under which a phase-mapped, role-differentiated synthesis
adds value.

2.3. Human–AI Collaboration and Oversight

Because this review asks how educators exercise oversight of AI-generated design
content (RQ3), it requires a theoretical vocabulary for human—AI collaboration. Research
on hybrid human–AI systems distinguishes configurations by the locus and timing of
human control: in human-in-the-loop arrangements, a human validates or corrects each
significant AI action before it takes effect; in human-on-the-loop arrangements, the AI
operates autonomously while a human monitor and retains intervention authority [39].
Human-centred AI design argues that these are not fixed points but a design space: systems
can be engineered for high automation and high human control simultaneously, with the
goal of amplifying rather than replacing human capability [40]. Related concepts, such as
human agency (the capacity to direct the process and own its outcomes), AI augmentation
(AI extending human performance on a task the human still owns), and AI automation
(AI performing the task in the human’s stead), provide the analytical resolution needed to
describe what actually happens when an educator designs with GenAI.

In instructional design, these concepts frame the educator as the accountable decision-
maker in a hybrid configuration: the designer specifies intent, the AI generates candi-
date design content, and the outcome’s quality depends on the oversight mechanisms
through which the designer evaluates, corrects, and adopts or rejects that content. Hybrid-
intelligence research in education argues that such configurations succeed when control
transitions between human and machine are deliberately designed rather than left im-
plicit [39]. Whether the emerging practice of AI-supported ID exhibits such deliberate
design—or whether oversight remains an unexamined assumption—is an empirical ques-
tion this review addresses directly. Recent literature has begun to address this empirically,
from configurable human-involvement modes in multi-agent design systems [35] to evi-
dence that critical evaluation of AI output shapes teacher agency [41].

2.4. Responsible AI in Education: The Policy Context

The oversight question is not merely academic; it is the central demand of the inter-
national policy architecture now forming around AI in education. UNESCO’s guidance
on generative AI in education calls for a human-centred approach in which AI augments
rather than replaces educator judgement, and for institutional validation of AI outputs
used in teaching [3]. The OECD’s digital education analyses similarly position human
oversight and effective governance as preconditions for trustworthy educational AI [42].
The European Commission’s ethical guidelines for educators articulate requirements for
human agency and oversight, transparency, fairness, and accountability in AI use for teach-
ing and learning [43]. Most consequentially, the EU Artificial Intelligence Act establishes a
binding, risk-based regulatory regime in which several educational uses of AI are classified
as high-risk, triggering explicit obligations of human oversight and transparency [44].
Across these instruments, a consistent expectation emerges: humans who deploy AI in
educational processes must be competent to supervise it. For the specific professional
practice of instructional design, that competence is exactly the territory of RQ2.
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2.5. Educator Competence Frameworks

Several frameworks describe the competences educators need for technology-mediated
and AI-mediated teaching. The TPACK framework conceptualises effective technology
integration as the intersection of technological, pedagogical, and content knowledge [45];
it remains the field’s most widely applied lens but predates AI whose outputs are prob-
abilistic, biassed, and agentive. DigCompEdu, the European framework for educators’
digital competence, organises 22 competences across six areas, from professional engage-
ment to facilitating learners’ digital competence, and provides the structural template for
European competence policy [46]. The AI literacy framework specifies a developmen-
tal progression—know and understand, use and apply, evaluate and create, plus ethical
awareness—applicable to educators and learners alike [10]. Intelligent-TPACK extends
TPACK with AI-specific knowledge domains and, critically, embeds a four-facet ethics
strand (transparency, fairness, accountability, inclusiveness) within each domain, treating
ethical competence as distributed and iterative rather than appended [11]. At the policy
level, UNESCO’s AI Competency Framework for Teachers defines five competence dimen-
sions across progression levels, giving institutions a reference for professional development
planning [47]. Most recently, project-level frameworks have begun translating these general
schemes into role-specific operational guidance for HE stakeholders, including the ADMIT
framework for the ethical use of GenAI in higher education [48].

Collectively, these frameworks describe what educators should know about AI in
general. However, none was constructed for the specific professional practice this review
examines: using GenAI in instructional design decision-making. Whether and how the
empirical literature draws on these frameworks, and what competence structure emerges
when it does not, is the substance of RQ2.

2.6. Research Questions

Against this background, four research questions guide the synthesis. They are
ordered hierarchically: RQ1 establishes the descriptive foundation on which the remaining
questions build; RQ2 and RQ3 examine what the mapped activity requires of educators;
and RQ4 addresses how those requirements can be met.

RQ1: How is documented, AI-supported instructional design activity distributed
across ADDIE phases and functional AI roles (as defined in Section 3.3), and how does this
distribution differ between practitioner and pre-service teacher education contexts within
HE? RQ1 deliberately pairs a mapping component with a comparative component, because
the comparison is interpretable only against the mapping; the two are reported in sequence
in Section 4.1.

RQ2: What competence frameworks are applied in the reviewed literature, and what
competence clusters emerge from the documented practices? Frameworks (researcher-applied
theoretical scaffolds) and clusters (empirically derived capability groupings) are conceptually
distinct objects; they are therefore analysed separately, in Sections 4.2.1 and 4.2.2, respectively,
and are not compared with each other.

RQ3: How is human oversight of AI-generated instructional content operationalised
in educator practice, as documented in the reviewed literature?

RQ4: What professional development approaches for building these competences
are documented, and what design features characterise the approaches with the strongest
outcome evidence?
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3. Materials and Methods
3.1. Search Strategy

The review followed the PRISMA 2020 statement [15]. Accordingly, the review spec-
ifies explicit eligibility criteria (Section 3.2), documents all information sources and the
full search strategy (Section 3.1), applies a two-stage screening process with tagged ex-
clusion reasons (Section 3.2), uses structured data extraction and coding (Section 3.3),
and reports the complete study flow in Figure 1. The review was not registered and no
separate protocol was prepared. Electronic searches covered three databases selected for
complementary coverage: ERIC, as the reference database for education research, ensur-
ing recall of pedagogically framed studies; and Scopus and Web of Science, as the two
major curated multidisciplinary indexes, ensuring coverage of education-relevant work
published in computing, health sciences, and engineering venues, where a substantial share
of GenAI-in-education research appears. The search covered the period from November
2022, marking the public release of LLM-based GenAI systems, to October 2026; the search
was first run in February 2025 and re-run with identical strings in all three databases on
16 October 2026, restricted to records published from 2025 onwards in order to target the
literature added since the first execution. The three databases were selected because they
jointly cover the education-research core (ERIC) and the curated multidisciplinary indexes
in which GenAI-in-education work concentrated during the review window (Scopus, Web
of Science); work indexed only in ACM Digital Library, IEEE Xplore, or discipline-specific
databases may nonetheless be missed, and this is acknowledged as a limitation (Section 5.4).
The full database-specific search strategies, fields, filters, and search dates are provided in
the Supplementary Materials (Table S1).

 
Figure 1. PRISMA 2020 flow diagram of the study selection process (search period November
2022–October 2026; 78 included studies).

The search string combined three concept blocks with Boolean operators: (“generative
AI” OR “large language model*” OR “ChatGPT” OR “GPT”) AND (“instructional design”
OR “course design” OR “lesson planning” OR “curriculum design” OR “learning design”)
AND (“higher education” OR “university” OR “faculty” OR “educator*”).
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3.2. Eligibility Criteria and Selection

Records were screened against six inclusion criteria: (1) HE educators or pre-service
teachers enrolled in HE institutions as participants; (2) AI used as an educator-facing ID tool;
(3) educator ID activity as the studied phenomenon; (4) an HE institutional context; (5) pub-
lication in English; and (6) publication as a peer-reviewed journal article or conference
paper (books and book chapters were excluded). The pivotal construct, educator-facing,
means the educator uses the AI as a professional design instrument. Thus, a study in which
an instructor uses a chatbot to draft learning objectives, generate a course map, or produce
simulation scenarios is educator-facing and eligible; a study in which students use a chatbot
to support their own learning, or in which an AI system delivers instruction directly to
learners, is student-facing and ineligible, even if teachers appear as informants. The related
distinction between “teaching with AI” (AI as the educator’s design tool) and “teaching
about AI” (AI as subject matter) was applied consistently: courses that merely taught
AI content, without the educator using AI in the design process, did not meet criterion
(2). Exclusion criteria comprised technology-acceptance and perception studies without
design activity, student-outcome studies, opinion pieces without documented practice, and
administrative AI applications.

We pooled the records from both search phases (Section 3.1; per-phase counts in
Supplementary Table S1) and screened them against the same eligibility criteria. We ex-
ported the 1692 retrieved records, identified and removed duplicates (n = 363), and retained
1329 unique records. These were uploaded to Rayyan to organise the screening process;
the platform was used solely for categorisation, tagging, and the documentation of screen-
ing decisions, and no automated or AI-assisted classification functions were employed.
Exclusion tags recorded the reason for each removal, preserving an auditable record of
decisions at each stage. Title-and-abstract screening excluded 1088 records falling outside
the review’s scope, principally literature and systematic reviews, studies of non-HE cohorts,
perception surveys without documented design activity, studies centred on students rather
than educators, reports of AI system development, and ineligible publication types. We
sought the full texts of the remaining 241 reports; we could not retrieve 22, and we assessed
219 for eligibility. Of these, 141 were excluded: student-facing rather than educator-facing
AI use, no documented instructional design activity, non-HE contexts or participants, or
non-empirical or ineligible publication types, yielding 78 included studies (Figure 1). This
steep reduction is expected for a review whose phenomenon is deliberately narrow within
a rapidly expanding field: the search string necessarily also captures the much larger
student-facing literature, which we explicitly exclude, along with reviews and perception
studies without documented design activity. The first author performed screening at both
stages. The first author flagged borderline and uncertain records (n = 22) and resolved
them through discussion with the second author until consensus was reached, using the
participant’s institutional role and the study’s declared phenomenon as deciding criteria;
the second author also reviewed the inclusion decisions of the second search phase. Screen-
ing thus rested on a single reviewer, supported by these consensus and review steps; the
implications are considered in Section 5.4.

The 78 included studies form two analytic sets. Forty-six (46) position practising
HE educators, faculty members, instructional designers, and researcher-educators as the
studied practitioners (RQ1–RQ3); 20 of these constituted the mapping corpus of the first
study [14] and are identified in Section 4.1. The remaining 32 are situated in pre-service
teacher education, where the studied phenomenon is competence development through
design activity rather than professional design practice (RQ1–RQ4). Their inclusion follows
directly from the participant criterion: what qualifies a study is that its participants are
situated in higher education and perform instructional design activity there, not the profes-
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sional status of the designer. Their evidentiary value, however, concerns what designing
with AI develops rather than how professionals practise. Accordingly, all 78 studies inform
the mapping, competence, and oversight analyses (RQ1–RQ3), while the pre-service set
carries the principal professional development evidence (RQ4). We report the two sets
jointly and separately: Section 4.1 presents the full-corpus mapping with its breakdown by
set, and we treat the comparison between them as a finding in its own right (Section 4.1).

3.3. Data Extraction and Coding

Data were extracted into a structured spreadsheet organised in four blocks: biblio-
graphic information; design context; AI role and human oversight; and study characteristics.
We extracted the AI tool used and, where reported, its version for each study; complete
study-level coding is reported in the Supplementary Materials (Table S3). Coding was
performed by the first author and reviewed in periodic discussion sessions with the second
author; ambiguous categorisations and coding disagreements were resolved by consensus.
Coded entries were cross-checked against the original texts of the studies before being
finalised, and the completed extraction file was reviewed in full by the second author;
this collaborative review process was intended to limit the risk of individual coding bias
and to strengthen the reliability of the synthesis. The MMAT appraisal informed the
confidence placed in the synthesised findings rather than study inclusion or exclusion.
Analysis combined descriptive quantification of the coded categories, frequencies and
cross-tabulations, reported in Section 4, with thematic analysis of the extracted qualitative
material, proceeding through familiarisation with the extracted data and full texts, initial
coding, the grouping of codes into candidate themes, and iterative review and refinement
of themes until the final categories reported in Section 4 were defined. Methodological
quality of the included studies was appraised with the Mixed Methods Appraisal Tool
(MMAT, 2018 version), applying the design-appropriate criteria set to each study; per-study
appraisals are provided in Supplementary Table S2 and a confidence assessment of the
principal findings in Supplementary Table S4, whose ratings are the authors’ judgement
across methodological quality (MMAT), number of supporting studies, consistency across
studies and analytic sets, and directness to the review question, with the rating categories
defined in the table note. Coding reliability rests on the consensus procedure described
above rather than on independent double-coding, and no inter-rater agreement statistic is
therefore reported (Section 5.4); to allow independent verification, every coding decision is
reported per study in Supplementary Table S3. Throughout the article, “reported” denotes
author self-description, “measured” denotes quantified assessment, “evaluated” denotes
structured qualitative assessment, and “inferred” denotes categories derived analytically
from documented practice. Coding proceeded as follows.

ADDIE phase coding. Each study was coded for the phase(s) in which AI-supported
design activity was empirically documented, permitting multiple phases per study. Coding
required documented activity, not incidental mention: a study was coded for Analysis only
where AI demonstrably supported learner, context, or needs analysis (e.g., interpreting
diagnostic reading data for intervention planning [22]), not where the authors merely
discussed the phase. Studies were coded against ADDIE regardless of the design model
they espoused; Backward Design and constructive-alignment activities were mapped to
their functionally equivalent phases.

AI role coding. The three AI roles emerged from the analysis itself: an initial open-
coding pass over the AI-use descriptions of the first ten studies produced candidate func-
tional categories, which stabilised through iterative cross-study comparison into three:
Generative (AI produces design content at the educator’s direction), Scaffolding (AI struc-
tures the educator’s own design reasoning), and Evaluative (AI assesses the quality of
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design artefacts). The three-role scheme, first reported in the companion paper [14], was
then applied deductively to the full corpus, with roles coded non-exclusively. For example,
a study reporting that educators used ChatGPT to produce a complete course structure and
iteratively critique their prompts was coded as Generative and Scaffolding.

Oversight and competence coding. We coded human oversight at two levels: an
ordinal level (explicit commitment, moderate, minimal/none) and a mechanism level,
extracting verbatim descriptions of how oversight was exercised, which we then clustered
into the typology reported in Section 4.3. Each study was further coded for whether
oversight was examined empirically, defined as the systematic collection and analysis of
data on human oversight of AI outputs: criterion-based rating of AI-generated outputs
by educators or experts, comparison of oversight or human-involvement configurations,
or analysis of logged review, revision, or rejection of AI outputs (Supplementary Table S3).
Competence coding (RQ2) used the Intelligent-TPACK domains [11] and AI literacy pro-
gression [10] as sensitising lenses while allowing clusters to emerge thematically; each
study was additionally coded for whether it applied any named competence framework.
For this count, we distinguished named competence and teacher-knowledge frameworks
(TPACK and its AI-specific extensions, AI literacy frameworks, and models of pedagogical
content knowledge) from task-specific prompting methods and broader learning theories,
which we reported separately. PD coding (RQ4) captured intervention duration, structure,
assessment method, and documented outcomes. We coded iteratively, flagging ambiguous
codes and resolving them through full-text re-reading. Table 1 presents the characteristics
of the included studies.

Table 1. Characteristics of the 78 included studies (2022–2026), ordered alphabetically.

Study Focus Country Participants Design Set ††

Aguş & Mutlu
(2026) [49]

Multimodal ELT materials,
2 DBR cycles Turkey (Anadolu)

Instructors/researchers;
639 + 577 student outcomes;

4–5 instructor interviews
Mixed methods Practitioner

(RQ1–3)

Akpinar &
Kutbay (2026)

[50]

Prompting, SRL and AI
literacy in lesson planning Turkey Pre-service teachers * (n = 63)

Quasi-
experimental + prompt

coding; mixed

Pre-service
(RQ1–4)

Aldemir et al.
(2025a) [51]

Emergent AI-TPACK
competences in a two-week

AI literacy module
USA Pre-service teachers * (n = 29)

Exploratory case
study; mixed

methods

Pre-service
(RQ1–4)

Aldemir et al.
(2025b) [52]

Intelligent-TPACK in a
three-week teacher

preparation module
USA/Turkey Pre-service teachers * (n = 25) Convergent mixed

methods
Pre-service

(RQ1–4)

Aydin Gunbatar
et al. (2025) [53]

Lesson planning
(acids/bases, CoRe format) Turkey (Van)

6 of mixed experience:
2 senior PSTs + 1 induc-

tion + 2 teachers + 1 teacher
educator

Qualitative Practitioner
(RQ1–3)

Cai et al. (2025)
[54]

Lesson plan
critiques → revision China/Singapore 48 PSTs (24 + 24 control),

Jiangnan + NIE

Quantitative
randomised

controlled (+ENA)

Pre-service
(RQ1–4)

Chen & Osman
(2026) [55]

DeepSeek-supported ID
and TPACK/CP

development
China Pre-service physics teachers *

(n = 130) Quasi-experimental Pre-service
(RQ1–4)

Chick & Morello
(2026) [56]

Claude-based agentic rapid
ID; UDL alignment USA Faculty designer (n = 1;

doctoral programme, HSI)
Single-case; blinded

rubric rating
Practitioner

(RQ1–3)

Choi (2025) [57] ChatGPT in 5E
Earth-science lesson design South Korea Pre-service Earth-science

teachers * (n = 8)
Qualitative case

study
Pre-service

(RQ1–4)

Choi et al. (2024)
[23]

Generative AI for
instructional design: SWOT

† analysis of course map
creation

USA Instructional-design
researchers (n = 4)

Practitioner inquiry
(qualitative)

Practitioner
(RQ1–3)
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Table 1. Cont.

Study Focus Country Participants Design Set ††

Conklin et al.
(2024) [2]

Full online course creation
with ChatGPT (Backward

Design)
USA Instructional-design faculty

(n = 3) Case study Practitioner
(RQ1–3)

Crowther et al.
(2025) [25]

Chatbot-generated learning
objectives: quality

evaluation
USA University instructors

(4 courses)
Comparative

evaluation
Practitioner

(RQ1–3)

da Silva (2025)
[58]

Course on AI for L&D
practitioners—4 iterations USA Faculty design team (Boise

State)
Design case (IJDL);

Learning Engineering
Practitioner

(RQ1–3)

Daniels et al.
(2025) [33]

AI-enhanced game-based
learning for project

leadership
Ireland Faculty designers; students Design-led

qualitative
Practitioner

(RQ1–3)

Davis (2025) [59] ChatGPT-supported flipped
course design — HE faculty (physiology) Design case (IJDL) Practitioner

(RQ1–3)

Dilek et al.
(2025) [60]

AI literacy through critical
co-discovery USA Educators in AI-in-education

course
Illustrative case

study
Pre-service

(RQ1–4)

Doyle et al.
(2025) [26]

AI-generated versus
human-crafted learning

objectives
USA Computing instructors

(evaluators)
Comparative

evaluation
Practitioner

(RQ1–3)

Faith et al. (2025)
[61]

PBNJ critical-friend
workflow for DI planning Canada

Faculty (n = 2) + pre-service
teachers * (n = 5); survey

n = 147

Collaborative
self-study; mixed

Pre-service
(RQ1–4)

Farrag et al.
(2026) [62]

Four-LLM
pharmacotherapy

simulation generation
— Expert evaluators (artefact

eval)
Comparative

evaluation
Practitioner

(RQ1–3)

Fernández-
Sánchez et al.

(2025) [63]
27 assessment rubrics Spain 120 pre-service (Primary Ed,

A Coruña) + instructors
Qualitative (action

research)
Pre-service

(RQ1–4)

Fu (2026) [64] PE lesson plans with
physiological load China

60 pre-service PE teachers
(randomised, with control

group)

Quantitative
randomised
controlled

Pre-service
(RQ1–4)

Ghouali (2025)
[65]

Teacher evaluation of
ChatGPT lesson plan (EFL) Algeria University EFL writing

teachers (n = 15)
Artefact evaluation;

questionnaire
Practitioner

(RQ1–3)

Gold et al. (2026)
[66]

Prompt histories in
curriculum design tasks USA Pre-service teachers * (n ≈ 70) Qualitative

artefact/log analysis
Pre-service

(RQ1–4)

Gültekin et al.
(2026) [67]

CLO writing/evaluation
(Bloom-aligned) Turkey (Kocaeli) 22 faculty (authentic

use) + 3 expert raters Mixed methods Practitioner
(RQ1–3)

Guo & Chen
(2026) [68]

GenAI in FL teaching
preparation — University FL instructors

(n = 13)
Qualitative
interviews

Practitioner
(RQ1–3)

Hauk & Soujon
(2026) [37]

LLM reliability in
evaluating written lesson

plans
Germany 32 PST lesson plans; LLM as

evaluator

Explanatory
sequential mixed

methods

Practitioner
(RQ1–3)

Husain (2024)
[69]

ChatGPT in computer
programming instruction Jordan IT faculty (n = 12) Qualitative

interviews
Practitioner

(RQ1–3)

Jang et al. (2025)
[34]

Question-centred prompt
engineering for nursing
simulation debriefing

South Korea Nursing instructor; students
(n = 28)

Model development;
pre–post mixed

methods

Practitioner
(RQ1–3)

Jiang et al. (2026)
[38]

Instructional designs in an
ID course; feedback from 3

sources
China (CCNU) 110 pre-service physics

teachers Mixed methods Pre-service
(RQ1–4)

Jou et al. (2025)
[70]

Generative AI in teacher
education: TPACK ‡

growth
Taiwan Pre-service teachers *

(vocational)
Qualitative thematic

analysis
Pre-service

(RQ1–4)

Kaczorowski
et al. (2024) [32]

AI integration in special
education teacher

preparation
USA Teacher-preparation faculty

(n = 4) Practitioner report Practitioner
(RQ1–3)

Kerneža (2023)
[71]

Cognitive skills for chatbot
use in education Slovenia Pre-service teachers * (n = 58)

Mixed methods (self-
and external
assessment)

Pre-service
(RQ1–4)
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Study Focus Country Participants Design Set ††

Kerr & Kim
(2025) [27]

Pre-service teachers’ GenAI
use for lesson planning South Korea Pre-service teachers *

(English)
Qualitative case

study
Pre-service

(RQ1–4)

Kessner & Kaka
(2025) [72]

Social studies lesson
plans—quality evaluation USA Teacher educators as

evaluators
Quantitative
descriptive

Practitioner
(RQ1–3)

King & Yan
(2025) [73]

Designing a graduate
GenAI-integrated course USA Faculty + doctoral designer Design case (IJDL) Practitioner

(RQ1–3)

Kohnke et al.
(2025) [74]

Microlearning and
generative AI in teacher

education
Hong Kong Pre-service teachers * (n = 19) Qualitative case

study
Pre-service

(RQ1–4)

Kumar et al.
(2024a) [13]

Instructional designers and
GenAI in online/blended

HE
USA Instructional designers

(n = 15)
Qualitative
interviews

Practitioner
(RQ1–3)

Kumar et al.
(2024b) [24]

ChatGPT for natural
sciences course design:

SWOT †
USA Natural-sciences instructors

(n = 5)
Qualitative

workshop reflections
Practitioner

(RQ1–3)

Leinonen et al.
(2026) [75]

AI-generated slides across
five GenAI tools Finland/Canada Computing educators (n = 3) Case study; artefact

evaluation
Practitioner

(RQ1–3)

Li, H. (2026) [76]
DeepSeek-supported

inquiry in multiplayer VR
for ID skills

China Pre-service teachers * (n = 47:
23 + 24 control)

Quasi-experimental
with control

Pre-service
(RQ1–4)

Li, T. et al. (2025)
[77]

Inclusive STEM teaching
preparation China (SCNU) Student teachers (2 studies,

2 years) Mixed methods Pre-service
(RQ1–4)

Lin et al. (2025)
[78]

Reading materials
development (one

semester)
China 2 university L2 Chinese

teachers Qualitative Practitioner
(RQ1–3)

Liu et al. (2026)
[79]

ChatGPT courseware
generation with concept

maps
China Pre-service teachers * (n = 91:

46 + 45 control)
Quasi-experimental
with control; mixed

Pre-service
(RQ1–4)

Lorenz & Kikkas
(2025) [80]

ChatGPT in modular
IT-ethics course redesign Estonia University instructors (n = 2) Longitudinal practice

study
Practitioner

(RQ1–3)

McDonald et al.
(2025) [81]

GAI + voice cloning in
online course development USA Course development team

(faculty + IDs)

Mixed methods
(grades, evals,

interviews)

Practitioner
(RQ1–3)

Moorhouse et al.
(2025) [82]

Refining lesson plans with
task-specific prompting Hong Kong 25 PSTs, MEd ELT (HKBU) Qualitative Pre-service

(RQ1–4)

Moundridou &
Matzakos (2025)

[83]

WebQuest design (LBD
framework) Greece (ASPETE) Pre-service mechanical

engineering educators Mixed methods Pre-service
(RQ1–4)

Ndlovu et al.
(2026) [84]

AI-supported lesson
planning and adaptive

reasoning
South Africa Pre-service science teachers *

(n = 19)
Within-participant

comparative; mixed
Pre-service

(RQ1–4)

Oh (2025) [85]
MATH41 and generative AI

in mathematics teacher
education

South Korea Pre-service teachers * (n = 24) Mixed methods
(journals; survey)

Pre-service
(RQ1–4)

Okulu & Muslu
(2024) [86]

Course plan development
with ChatGPT Turkey Researcher-educators (n = 2) Document analysis of

AI dialogue
Practitioner

(RQ1–3)

Panke (2025) [87] Research + teaching + ID
routines (5 months) USA (UNC) 1 instructional

designer/educator
Qualitative

(autoethnography)
Practitioner

(RQ1–3)

Park et al. (2026)
[88]

Microlearning faculty PD
with Copilot (institutional
Enterprise Data Protection

licence, summer 2024;
model version not reported)

USA HE faculty (Penn State PD) PD intervention;
mixed

Practitioner
(RQ1–3)

Rodríguez Jerez
et al. (2025) [30]

GenAI and 3D immersive
environments in

competency-based HE
Colombia Aeronautical-school

instructors Mixed methods Practitioner
(RQ1–3)

Santiago (2026)
[89]

Teaching strategies for
environmental science Philippines College instructor

(CAR) + students as data
Qualitative (action

research)
Practitioner

(RQ1–3)
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Schilhabel (2025)
[90]

Redesign publisher slide
decks

USA (UW
Oshkosh)

1 faculty (IS capstone,
7 sections)

Qualitative (DSR
case)

Practitioner
(RQ1–3)

Segal & Biton
(2024) [29]

GenAI problem posing and
TPACK ‡ development Israel Pre-service teachers * (maths;

n = 15)
Mixed methods
questionnaire

Pre-service
(RQ1–4)

Seufert et al.
(2025) [91]

Intelligent-TPACK through
AI assistance Switzerland Pre-service teachers *

(business; n = 12) Multi-method Pre-service
(RQ1–4)

Sha et al. (2026)
[41]

Critical evaluation of
GenAI outputs and teacher

agency
Australia University educators (n = 13,

computing)
Mixed-methods trace

analysis
Practitioner

(RQ1–3)

Squalli
Houssaini et al.

(2024) [20]

Design thinking and GenAI
for medical curriculum Morocco Medical faculty Case study Practitioner

(RQ1–3)

Sun & Huang
(2026) [92]

Collaborative STEM lesson
plan refinement China 12 PSTs (6 dyads), ECNU Mixed methods Pre-service

(RQ1–4)

Suresh et al.
(2025) [93]

GenAI in learning design
practice—online course USA University design team (Iowa

State) Design case (IJDL) Practitioner
(RQ1–3)

Tran et al. (2025)
[1]

Practitioner perspectives on
ChatGPT and course design Multi-country Lecturers; educational

specialists (n = 22)
Qualitative
interviews

Practitioner
(RQ1–3)

Tseng & Lin
(2024) [94]

ChatGPT-supported EFL §
course design (ADDIE;

TPACK ‡)
Taiwan Language faculty Case study Practitioner

(RQ1–3)

Tupper et al.
(2025) [28]

ChatGPT-designed higher
education field courses UK Academics

(marine/biological; n = 3)
Case study (two

designs)
Practitioner

(RQ1–3)

Vazquez (2024)
[21]

Responsible GenAI
mini-course in aerospace

engineering
Spain Engineering faculty (n = 1);

students (n = 13) Experience report Practitioner
(RQ1–3)

Walter & Davis
(2025) [22]

GenAI and instructional
decision-making in reading

intervention
USA Novice teachers in university

programme (n = 2)
Qualitative case

study
Practitioner

(RQ1–3)

Wang, L. et al.
(2025) [95]

GenAI-enhanced digital
storytelling system

(Claude)
USA Graduate education

students * Design case (IJDL) Pre-service
(RQ1–4)

Wang, T. et al.
(2026) [96] Collaborative ID tasks China Pre-service teachers (CCNU),

comparison groups Mixed methods Pre-service
(RQ1–4)

Wen & Wen
(2024) [97]

Pre-service teachers’ unit
design with ChatGPT USA Pre-service teachers * Document analysis of

AI conversations
Pre-service

(RQ1–4)

Wyss & Hess
(2026) [98]

Simulation content:
objectives, scenario, script,

debriefing (INACSL)
USA (Malone) 2 nursing educators Qualitative (design

case)
Practitioner

(RQ1–3)

Yang &
Stefaniak (2025)

[99]

Instructional designers’
prioritisations for ChatGPT USA Practising instructional

designers (n = 19) Q methodology Practitioner
(RQ1–3)

Yang et al. (2026)
[36]

Syllabus + single-session
design China 15 university instructors

(3 conditions × 5)
Quantitative

non-randomised
Practitioner

(RQ1–3)

Yao et al. (2025)
[100]

Human–machine dialogue
and ID abilities China Teacher-education students

Mixed methods;
epistemic network

analysis

Pre-service
(RQ1–4)

Yao et al. (2026)
[35]

Multi-agent LLM
course-material generation — Expert instructors as raters

(5 CS courses)
Artefact evaluation;

QM rubric
Practitioner

(RQ1–3)

Yu et al. (2026)
[101] Math lesson planning USA 44 PSTs (24 ECE + 20 ELE),

Lewis University Mixed methods Pre-service
(RQ1–4)

Zhang et al.
(2025) [102]

GAI-supported ID training;
HOT and problem-solving — Pre-service teachers * (n = 436;

3 HEIs)
Quasi-experimental
with control; mixed

Pre-service
(RQ1–4)

Zhao et al. (2025)
[103]

EFL curriculum design
through Lesson Study China 6 university EFL teachers

(Jilin) Qualitative Practitioner
(RQ1–3)
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Zheng & Stewart
(2024) [31]

Reframing EFL § moral
stories with ChatGPT: bias

mitigation
Australia Researcher-educators (n = 2) Writing experiments

(appraisal analysis)
Practitioner

(RQ1–3)

* Pre-service teachers: undergraduate or postgraduate students enrolled in HE teacher-education
programmes; their design activity occurs within HE coursework. † SWOT: strengths, weaknesses,
opportunities, threats. ‡ TPACK: Technological Pedagogical Content Knowledge [45]. § EFL: English
as a Foreign Language. †† Analytic set and research questions informed. Practitioner: practising HE
educators as the studied practitioners (RQ1–RQ3; three studies additionally document self-directed
professional learning under RQ4). Pre-service: pre-service teachers enrolled in HE teacher-education
programmes (RQ1–RQ4).

4. Results
Corpus characteristics. The corpus comprises 78 studies spanning 2022–2026 (one

from 2023, 13 from 2024, 40 from 2025, and 24 from 2026): roughly four-fifths of the
evidence base was published in 2025–2026, underscoring the field’s exponential growth.
The practitioner strand comprises 46 studies (59%) and the pre-service strand 32 (41%). The
United States remains the most represented context, but the 2025–2026 literature broadens
the geographical base with contributions from South Africa, Algeria, Canada, Australia,
Germany, Finland, Estonia, and the Philippines, alongside a markedly stronger East Asian
presence. The tool landscape diversifies rapidly: fewer than half of the 2025–2026 studies
rely on ChatGPT alone, with Claude, DeepSeek, Microsoft Copilot, Kimi, open-source
models (Qwen, LLaMA), and purpose-built educational agents now documented, and
several studies treating the model itself as an experimental variable through multi-model
comparisons [35,62,75]. Where the original studies reported model versions, these included
GPT-3.5, GPT-4, GPT-4o, GPT-4o mini, and o1 for ChatGPT and other OpenAI models,
Claude 3.5 Sonnet and Claude Sonnet 4.5, Gemini Advanced, DeepSeek-R1, Microsoft
365 Copilot, Qwen 2.5-72B, and LLaMA 3.1-70B; many studies did not report a version
(tools per study in Supplementary Table S3). Methodologically, the 2025–2026 studies
raise the corpus profile, contributing the first controlled designs (nine comparative, quasi-
experimental, or randomised controlled studies with comparison or control conditions) and
the three largest samples in the corpus (n = 436; n = 147; n = 130). Table 2 summarises the
corpus’s descriptive characteristics. Figure 2 shows the corpus’s growth and composition
by publication year.

Figure 2. Included studies by publication year and analytic set (n = 78).
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Table 2. Overview of the unified corpus (n = 78): descriptive characteristics.

Characteristic Category n (%)

Publication year 2023 1 (1.3%)

2024 13 (16.7%)

2025 40 (51.3%)

2026 24 (30.8%)

Context strand Practitioner 46 (59.0%)

Pre-service teacher education 32 (41.0%)

Methodological design (MMAT) Qualitative 38 (48.7%)

Mixed methods 27 (34.6%)

Quantitative descriptive 8 (10.3%)

Quantitative randomised controlled 2 (2.6%)

Quantitative non-randomised 3 (3.8%)

ADDIE phase documented † Analysis 11 (14.1%)

Design 74 (94.9%)

Development 44 (56.4%)

Implementation 7 (9.0%)

Evaluation 10 (12.8%)

Functional AI role † Generative 75 (96.2%)

Scaffolding 27 (34.6%)

Evaluative 16 (20.5%)

Human oversight † Explicit commitment with documented practice 45 (57.7%)

Reported at a general level only 30 (38.5%)

Urged without described practice 3 (3.8%)

Oversight examined empirically 21 (26.9%)

† Non-exclusive categories: a study may document several phases, roles, or oversight characteristics;
percentages are of n = 78.

4.1. RQ1: Mapping AI-Supported Instructional Design Across Contexts

Figure 3 presents the phase-and-role mapping across the full corpus of 78 studies.
Of the 46 practitioner studies, 20 [1,2,13,20–26,28,30–34,69,86,94,99] formed the mapping
corpus of the companion paper [14]; all results below are reported for the full corpus. Four
results emerge. First, AI support is structurally concentrated: Design-phase activity is near-
universal (74/78, 95%) and Development appears in just over half of the studies (44/78,
56%), while Analysis (11/78, 14%), Evaluation (10/78, 13%), and Implementation (7/78, 9%)
remain markedly underrepresented; no study examined AI support across the complete
ADDIE cycle. Implementation, the least documented phase, is confined to practitioner
studies, and only one of the seven [89] lies outside the companion mapping, indicating that
the implementation gap persists as the field expands. Second, within the Design phase,
AI supported four categories of design decision—learning activities, learning objectives,
course structure, and assessment—with learning-objective formulation the most rigorously
evaluated: only 38.3% of AI-generated learning objectives met all quality criteria without
revision [25]. Third, three non-exclusive AI roles were identified: Generative (75/78, 96%),
in which AI produces design content at the educator’s direction; Scaffolding (27/78, 35%), in
which AI structures the educator’s own design reasoning, including a deliberately designed
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primary role in which the AI is positioned as a critical-friend partner rather than a content
generator [61]; and Evaluative (16/78, 21%), in which AI assesses artefact quality, including
systems that provide structured feedback on educator-authored designs [35,38,54,76,102].
Fourth, ChatGPT remains the most frequently used tool, named in 50 of the 78 studies
(64%), but the tool landscape is diversifying, with multi-model comparisons now evaluating
ChatGPT alongside Claude, Gemini, and open-source models [25,35,62,75].

Figure 3. ADDIE phase coverage and functional AI roles across the 78 included studies, with the
documented human oversight profile and the evolving tool landscape.

Disaggregating the mapping by context strand reveals a sharply profiled pre-
service pattern. Design-phase activity is universal there (32/32): lesson and unit plan-
ning [27,85,97], mathematical problem posing [29], and micro-lesson design [91], with
Development present in 12 of the 32 studies through material generation and adapta-
tion [74]; Analysis and Implementation are absent, and Evaluation is documented in a
single study. In the practitioner strand, AI support reaches further across the cycle (Devel-
opment 32/46, Analysis 11/46, Evaluation 9/46, Implementation 7/46). The role profile
also differs structurally: because the pre-service settings are pedagogically designed in-
terventions, scaffolding is built into the AI interaction itself—structured prompting tasks,
reflective journals, and checkpoint protocols [51,52,100]—so that Scaffolding appears in
half of the pre-service studies (16/32) against roughly a quarter of the practitioner stud-
ies (11/46), and the AI functions simultaneously as a generative tool and as a deliberate
scaffold for the developing designer. Oversight is likewise structurally distinct: it is lay-
ered, with the teacher educator supervising the pre-service teacher’s supervision of the AI
(Section 4.3). Table 3 summarises the cross-context comparison.

This comparison yields a finding with direct consequences for the questions that
follow: within the reviewed literature, the pre-service strand functions as the laboratory
for the deliberate design of AI-supported practice. Pre-service teacher education docu-
mented the most deliberately scaffolded and supervised configurations, and in developed
and evaluated form; whether these configurations can transfer to, and are effective in,
professional practice remains untested. Their documentation nonetheless reframes the
competence (RQ2), oversight (RQ3), and development (RQ4) analyses that follow: in the
reviewed literature, responsible AI-supported design has been documented predominantly
where practice is institutionally supervised; the absence of documented examples in the
practitioner corpus does not demonstrate their absence from professional practice itself.
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Table 3. Cross-context comparison of AI-supported instructional design activity: practitioner versus
pre-service corpora.

Dimension Practitioner Corpus (n = 46) Pre-Service Corpus (n = 32)

Studied phenomenon Professional design practice Competence development through
design activity

Phase concentration
Design near-universal; Development in over

half; Analysis, Implementation, and
Evaluation sparse

Design universal (lesson and unit
design); Development via material

adaptation; Evaluation in a single study,
other phases absent

Dominant AI role
configuration

Generative dominance; scaffolding mostly
emergent from iterative prompting rather

than deliberately configured

Generative use embedded within
deliberately designed scaffolds,
including an AI positioned as a

critical-friend partner [61]

Oversight structure

Predominantly single-layer, self-directed
professional review; expert coaching [22]

and configurable human-in-the-loop modes
[35] documented in individual studies

Two-layer: teacher educator supervises
the trainee’s oversight of the AI

Typical evidence Case studies, practitioner reports,
self-report; comparative designs emerging

Pre–post mixed-methods designs,
artefact analysis; quasi-experimental

designs emerging

4.2. RQ2: Educator Competences
4.2.1. Competence Frameworks

A striking feature of the corpus is the scarcity of named competence frameworks: 59 of
the 78 studies (76%) inferred competences from documented practices without theoretical
mapping, and only 19 applied a named competence or teacher-knowledge framework to
structure their design or analysis. TPACK and its variants [45] dominate these applica-
tions (17 studies [27,29,51–53,55,64,70,74,78,83,85,91,94,95,97,101]), applied productively
as an analytical lens but stretched beyond their original scope, since TPACK was not
designed for AI-specific capacities; the remaining two draw on AI literacy [60] and on
the refined consensus model of pedagogical content knowledge [84]. AI-specific exten-
sions of TPACK—Intelligent-TPACK [11] and the related AI-TPACK and GenAI-TPACK
variants—appeared in five studies [51–53,64,91]; in the Aldemir studies, Intelligent-TPACK
was consistently paired with AI literacy [10], with Intelligent-TPACK defining the compe-
tence domains and AI literacy specifying the developmental progression through them.
Outside this count, prompt-engineering frameworks structured the AI interaction in two
studies [31,34]; within it, self-regulated learning theory complemented TPACK in one [74].
Notably, none of the policy-level frameworks reviewed in Section 2.5—DigCompEdu [46],
the UNESCO AI Competency Framework for Teachers [47]—were applied as an analytical
framework: the UNESCO framework appears only as a source of synthesised AI literacy
components [60] or as an alignment reference [52], and DigCompEdu only in passing [85].
This indicates a disconnect in both directions: empirical research proceeds largely unthe-
orised, while the frameworks designed to guide practice remain empirically untested in
the ID context. The practical consequence is that competence accounts across most of the
corpus are context-specific and resistant to synthesis: without shared theoretical vocabulary,
findings cannot accumulate.

4.2.2. Competence Clusters

The thematic synthesis identified seven competence clusters (Table 4). Read against
the frameworks of Section 2.5, the clusters map onto Intelligent-TPACK’s knowledge
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domains and AI literacy’s developmental progression, prompt engineering and conceptual
AI literacy corresponding to the know-and-use levels, critical evaluation and pedagogical
alignment to the evaluate level, and ethical awareness to the ethics strand that Intelligent-
TPACK distributes across all domains [10,11], which suggests that the empirical corpus has,
in effect, been rediscovering piecemeal what the integrated frameworks already articulate.

Table 4. Educator competence clusters identified through the thematic synthesis.

Competence Cluster Key Evidence

Prompt engineering From basic instruction formulation [27] to strategic pedagogical reasoning
[22] and formalised multi-step methods [31,34].

Critical evaluation of AI outputs Only 38.3% of AI-generated objectives met all quality criteria [25]; pre-service
teachers systematically overestimate their evaluation skills [71].

Ethical awareness and bias detection Weakest documented competence in PST studies [51,52]; WEIRD * cultural
bias requires active mitigation [31].

Pedagogical–content alignment Aligning AI content with learning goals, Bloom’s levels, and disciplinary
context [1,25,29]; constructive alignment as quality check [20].

Conceptual AI literacy Understanding of LLM operations, probabilistic outputs, hallucination risk,
and data governance [51,60,71].

Human oversight and validation Near-universal normative commitment; mechanisms analysed under RQ3
(Section 4.3).

Reflective practice and
self-regulation

Iterative reflection as developmental mechanism [70,85]; SRL strategies
essential [74]; reflection mediates design capacity [100].

* WEIRD: Western, educated, industrialised, rich, democratic—a characterisation of the cultural
values over-represented in AI training data [31]. Cluster assignment is interpretive; we derived the
clusters through thematic synthesis, corroborated them across the full corpus (Section 4.2.2), and
reported their prevalence in the text in indicative rather than exact terms.

Prompt engineering was the most consistently documented cluster, and the evidence
reveals a developmental spectrum rather than a single skill: educators typically began
with generic instruction-following prompts and progressed—through iteration, feedback,
or structured training—toward contextually precise, pedagogically grounded prompt-
ing [22,27,74,97]. At its most formalised, prompt engineering appears as codified method:
established techniques (zero-shot, few-shot, and chain-of-thought prompting) embedded
in a question-centred debriefing model [34], and structured navigation-and-generation
methods for bias mitigation [31]. This suggests that prompt engineering in ID contexts is
best understood not as a technical skill but as pedagogical reasoning conducted through a
new medium, the prompt as an externalised design decision.

Critical evaluation of AI outputs is empirically the best-substantiated cluster, and
the evidence is sobering. Beyond the low rate of directly usable AI-generated learning
objectives [25], Kerneža [71] demonstrated a systematic self-assessment gap: pre-service
teachers rated their ability to interpret chatbot-generated content significantly higher than
external assessors rated it. The divergence between confidence and competence recurs in
Seufert et al. [91], where participants reported high confidence in technological domains
while demonstrating weak ethical knowledge. This suggests that critical evaluation capacity
cannot be assumed from self-report and is likely overestimated across the corpus’s self-
report-dominated evidence base.

Ethical awareness and bias detection emerged as the most consequential and least
developed cluster. The evidence converges from multiple directions. Aldemir et al. [51]
found pre-service teachers defaulted to factual accuracy checking—a cognitively accessible
form of evaluation—while systematically failing to detect subtler bias: participants inter-
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preted politically balanced responses as evidence of neutrality without recognising trained
model bias, and identified monocultural name choices in AI-generated problems without
connecting them to systematic training-data bias. Zheng and Stewart [31] demonstrated the
mechanism at the material level: appraisal-theory analysis of AI-generated moral stories
revealed embedded WEIRD cultural values requiring active mitigation through targeted
prompt redesign. Taken together, these findings suggest that ethical competence is not
primarily a knowledge deficit but a perceptual one, educators can name ethical risks they
cannot detect in practice.

The framework gap shows no sign of closing as the field matures: no competence
framework constructed specifically for GenAI-supported instructional design has yet ap-
peared in the corpus; the framework applications in the most recent studies are again
predominantly TPACK-based [53,55,64,78,83,95,101], with only first attempts to adapt
TPACK to generative AI—an appeal to a GenAI-specific TPACK variant [64] and a design-
case reconceptualisation of each TPACK domain [95], while the range of borrowed scaffolds
widens further (Universal Design for Learning [56], Quality Matters [35], Learning Engi-
neering [58], higher-order-thinking frameworks [102], teacher-agency frameworks [41]),
reinforcing the field’s reliance on adjacent lenses and the case for an ID-specific compe-
tence framework.

4.3. RQ3: Operationalising Human Oversight

Almost all studies (75/78, 96%) described human review of AI-generated content as
part of the documented practice, and 45 (58%) did so as an explicit commitment backed by
a concrete review practice, yet oversight was far more often asserted as a principle than
examined as a practice. The typology of five core oversight mechanisms introduced in the
companion paper for the practitioner corpus [14] is here consolidated and extended with
two emerging mechanisms documented in the most recent literature across the full corpus
(Table 5), ordered from proceduralised mechanisms (ethical checkpoints; rubric evaluation)
through interactional mechanisms (iterative prompting; expert coaching) to attitudinal
stances (professional caution). The typology draws exclusively on explicitly documented
mechanisms; where oversight was endorsed but its enactment was not described, studies
contribute only to the endorsement counts. The variable depth of documentation is there-
fore not a hidden assumption of RQ3 but part of its answer: it constitutes the oversight gap
reported below.

A shift from asserted to examined oversight is beginning. Oversight has long been
endorsed far more often than it has been studied; twenty-one of the 78 studies (27%) now
examine oversight empirically, through criterion-based rating of AI-generated outputs
by educators or expert panels [25,26,62,67,72,75], blinded rubric evaluation with inter-
rater reliability [36,56] and blinded comparison of expert, teaching-assistant and GenAI
feedback [38], comparison of AI and human ratings of lesson plans [37], Rasch-modelled
measurement of educator-authored plans [84], analysis of how educators evaluated, re-
vised, or rejected AI outputs [51,53,57,71,82,92,97], trace-based analysis of critical evalua-
tion behaviour [41], comparison of design artefacts produced under an ethical-checkpoint
regime [52], and a systematic comparison of human-involvement configurations in which
the fullest co-pilot arrangement outperformed autonomous generation [35]. Two mecha-
nism types extend the typology of Table 5: configurable human-in-the-loop modes [35] and
dialogic critical-friend protocols [61]; accuracy-verification protocols [95,98] broaden the
existing checkpoint mechanism beyond ethics to factual accuracy. Oversight nonetheless
remains a stated principle rather than an examined practice in the majority of the corpus.
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Table 5. Typology of human oversight mechanisms documented across the corpus.

Oversight Mechanism Studies Operational Form

Ethical decision
checkpoints [51,52,95,98]

Structured privacy, bias, transparency, and accountability
review required before each design task; proceduralised

within task design.

Structured rubric
evaluation [25,26,36,56,62,64,65,67,84]

AI outputs rated against predefined quality criteria
(SMART *; Bloom’s alignment); the mechanism most
often accompanied by quantified quality assessments,
although these rarely isolate its effect as an oversight

mechanism.

Iterative prompting
with feedback loops [2,24,28,57,59,63,66,93]

Sequential refinement of prompts; each output reviewed
and re-prompted until instructionally adequate; effective

but time-intensive.

Collaborative expert
coaching [22]

Novice educators’ AI use guided by experienced
practitioners; oversight distributed across a coaching

layer.

Professional cautious
stance [13,68,88,99,103] Self-directed conscientious review shaped by institutional

accountability; attitudinal rather than procedural.

Configurable
human-in-the-loop

modes
[35]

Graded involvement configurations (autonomous → full
co-pilot); the fullest co-pilot mode outperformed
autonomous generation—the first comparative

examination of oversight intensity.

Dialogic critical-friend
protocols [61]

Persona-based, iterative dialogue in which the AI is
explicitly positioned as a reflective scaffold rather than a

generator; oversight is built into the workflow itself.

* SMART: specific, measurable, achievable, relevant, time-bound.

The typology exposes two structural findings. First, an evidential asymmetry:
quantified assessments were concentrated in rubric-based evaluations of output qual-
ity [25,26,36,56], which generally did not isolate the effect of rubric use as an oversight
mechanism; direct comparative evidence on oversight configurations remains sparse and
heterogeneous [35], and most remaining mechanisms were described but not measured.
Second, a layering phenomenon specific to teacher education: the pre-service studies
add a two-layer oversight structure absent from the practitioner corpus, in which the
educator-in-training’s oversight of the AI is itself overseen by a teacher educator [51,52,71],
an arrangement that operationalises oversight as a taught, supervised practice rather than
an assumed disposition.

Only a small number of studies link a specified oversight arrangement to differences
in design outputs or design quality—lesson plans produced under an ethical-checkpoint
regime contained more explicit safeguards and verification steps [52], and the fullest human-
in-the-loop configuration outperformed autonomous generation [35]—and the available
evidence is too sparse and heterogeneous to support mechanism-level conclusions. Set
against the policy landscape of Section 2.4, where human oversight is a binding regulatory
obligation under the EU AI Act for AI systems classified as high-risk, a category that can
encompass certain educational uses [44] and a consistent demand for international guid-
ance [3,43], this indicates that the empirical foundations of the field’s central governance
concept remain remarkably thin: institutions are being asked to guarantee a practice whose
mechanisms research has barely begun to specify, let alone evaluate.
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4.4. RQ4: Professional Development Approaches

The studies documenting PD interventions or developmental contexts for AI-
supported ID competences synthesise into six approach families (Table 6). Because the six
families differ in aims, duration, modality, and implementation context, we compare them
on their documented design features rather than holistically.

Table 6. Professional development approaches documented in the corpus.

PD Approach Studies Key Design Features

Compact embedded
modules (2–4 weeks) [51,52,102]

Ethics-threaded activities; performance-based artefacts
(lesson plans, decision logs, micro-teaching); ethical

checkpoints at every task; pre–post evaluation.

Semester-long
microlearning [74,88] Thirteen-week low-cognitive-load modules;

self-regulated learning strategies; multi-tool exposure.

Task-based design cycles [29,55,61,70,85] Iterative design tasks with reflective journals; AI problem
generation; TPACK-framed micro-lessons.

Collaborative
dialogue-based [100] Human–machine collaborative dialogue; progressive

question chains; reflection as mediating mechanism.

Critical co-discovery [60] Educators as active agents; co-construction of AI concepts
and ethics; participatory rather than transmissive.

Self-directed practitioner
learning [13,24,99]

SWOT * reflection workshops; Q-methodology viewpoint
typologies; conscientious professional integration

without formal training.

* SWOT: strengths, weaknesses, opportunities, threats.

The families differ substantially in duration (two weeks to a full semester), structure
(embedded modules to self-directed learning), and evidential rigour (pre–post mixed-
methods designs to reflective practitioner accounts).

The six approach families remain stable across the corpus, strengthening the typol-
ogy’s robustness. Two families gain materially: semester-long microlearning acquires a
second exemplar [88], and compact embedded modules now include the largest controlled
evaluation in the corpus, a four-week programme with 436 pre-service teachers and a con-
trol condition [102], which constitutes the strongest outcome evidence for any documented
approach. Structured, short-format prompting training [50] emerges as a possible seventh
variant, pending further exemplars.

Outcome evidence is strongest for the embedded-module approach. Aldemir et al. [52]
reported statistically significant gains across all six Intelligent-TPACK domains in a three-
week module, with medium-to-large effect sizes, and documented that ethical decision-
making checkpoints coincided with more explicit safeguards in lesson artefacts. The
companion two-week study [51] found rapid gains in knowledge and confidence but
identified bias detection as the weakest emerging competence—a finding that persisted in
the longer module, consistent with the possibility, not yet tested longitudinally, that ethical
perceptual capacity develops more slowly than technological familiarity.

Three design features distinguish the most rigorously evidenced interventions: ethics
embedded as distributed practice rather than a stand-alone session [51,52,91]; performance-
based competence assessment, lesson plans, decision logs, micro-teaching—motivated
directly by the demonstrated unreliability of self-report [52,71]; and prompt engineering
developed as reflective, pedagogically grounded practice rather than technical instruc-
tion [22,74]. Reflection recurs as a design feature across approaches and is a plausible
developmental mechanism: Yao et al. [100] found that AI-supported collaborative dialogue
affected instructional design capacity indirectly, through changes in reflection ability. This
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suggests, as a hypothesis requiring further testing, that PD interventions may benefit from
targeting reflective capacity rather than tool proficiency as an end in itself. Conversely, per-
sistent limitations remain: ethical knowledge remained weak despite framework-grounded,
multi-method design [91]; self-directed practitioner learning produced the least transfer-
able evidence [13,99]; and no study followed participants beyond the intervention period,
leaving the durability of PD effects unknown.

5. Discussion
Taken together, the findings support a central reading: generative AI is currently

used mainly to support the production of instructional-design outputs, while the evidence
does not yet show that educators are systematically prepared to exercise the pedagogical
judgement, critical evaluation, and human oversight that these processes require. Three
arguments develop this reading. First, AI support is dominant in design and development
but weakly evidenced across the rest of the instructional-design cycle (Section 5.1). Second,
there is a gap between tool use and competence development: the literature seldom uses
a shared framework to define or assess the competences it seeks to develop (Section 5.2).
Third, researchers frequently call for human oversight but rarely evaluate it, leaving open
which mechanisms actually improve design outputs or educators’ decisions (Section 5.3).

5.1. Findings in Relation to Prior Literature

The research field approaches GenAI primarily as a tool for producing designs, ma-
terials, and assessments rather than as part of a complete instructional-design cycle: the
mapping of Section 4.1 revealed a markedly uneven distribution of AI support, with near-
universal presence in the Design phase and limited coverage elsewhere. This pattern both
confirms and reframes established critiques of the AIED literature. Our findings agree with
Zawacki-Richter et al. [5] and subsequent meta-reviews [6,8] that the educator’s perspective
remains structurally underrepresented, but they relocate the diagnosis: even within the
emerging educator-facing literature, attention concentrates on the most visible, production-
oriented slice of professional practice. Unlike prior reviews of AI in HE, which have
organised evidence by application type or stakeholder [6,8], the ADDIE-mapped analysis
makes visible a within-practice imbalance that application-level taxonomies cannot detect:
it is not only that educators are under-studied, but that the parts of their design work most
consequential for quality assurance—analysis and evaluation—are the least examined.

Three plausible mechanisms may account for the Design-phase concentration: tool
affordance (generative models are architecturally optimised for content production, and
Design and Development are the phases whose outputs are directly producible artefacts);
workload salience (course preparation, spanning design and materials development; is
widely regarded as among time-intensive components of educator workload, making it a
natural target for efficiency-seeking adoption [1]); and evidential accessibility (Design and
Development produce immediately inspectable artefacts, whereas Analysis and Evaluation
involve judgements dispersed across time, actors, and data sources, and are therefore harder
to study). The quality findings similarly consolidate individual results into a pattern: the
low proportion of directly usable AI-generated learning objectives [25], the specificity
deficits found by Doyle et al. [26], and the missing local knowledge documented by Tupper
et al. [28] point to a related pattern: fluent outputs lacking sufficient contextual grounding,
observed through different instruments.

5.2. Theoretical Implications

From tool to design partner. Read through the human–AI collaboration lens of
Section 2.3, the review’s principal findings, Design-phase concentration, Generative-role
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dominance, and the oversight gap, are not three separate observations but are consistent
with a single underlying pattern: generative AI appears to have been taken up in HE
instructional design primarily as a productivity-enhancing tool rather than as a design
partner, at least as reflected in the research literature to date. A productivity framing
would explain the phase concentration (AI applied where output is produced), the role
distribution (generation prioritised over scaffolding and evaluation), and the oversight gap
(review treated as friction to be minimised rather than as the core professional act). The
counter-model is visible in embryonic form: the scaffolding deployments [22,34] sketch
a hybrid configuration in the sense of Molenaar [39], AI as a partner in, and provocation
for, design thinking, with the educator’s evaluative judgement at the centre of the practice
rather than as its residue. The evolution the field now faces is therefore not primarily tech-
nical but configurational: whether human–AI ID practice consolidates around automation
of production or augmentation of design reasoning [40].

The agency continuum and a tentative inverse pattern. The Generative–Scaffoldi-
ng–Evaluative taxonomy describes a continuum in the distribution of cognitive work
between educator and machine. A tentative pattern across the corpus deserves emphasis:
the pedagogical value of AI-supported ID appears inversely related to the degree of
cognitive work the educator delegates to the AI. The richest professional-learning outcomes
appeared where AI generated the fewest and scaffolded the most [22,34]; the starkest
quality problems arose where AI carried the heaviest generative load [25,26,28]. Given
the heterogeneity of study designs and outcome measures across the corpus, treat this
association as a hypothesis for future research rather than an established relationship. One
interpretation, should the pattern be confirmed, is that the field’s predominantly Generative
orientation is optimised for short-term production efficiency rather than for the long-term
development of educators’ own design expertise. An alternative and complementary
interpretation of this pattern should also be acknowledged. The quality deficits observed
under extensive generative delegation may be attributable not only to the delegation
configuration itself, but also to the limitations of current general-purpose systems, which
have not been trained for the specific demands of instructional design. Human–AI design
collaboration therefore implicates a third, less visible actor: the developers and trainers of
the underlying systems, whose design and training decisions are embedded in the tool with
which the educator interacts. The implications of this third actor are considered further in
Section 7.

A de facto linearisation of ADDIE. When AI accelerates Design and Development
while Analysis and Evaluation remain manual or are bypassed, design economics may shift:
producing new content becomes cheaper than evaluating whether existing content works.
Moreover, when evaluation does occur, its outputs tend to feed new content production
rather than the systematic redesign of existing designs, reinforcing the linear drift. The
unexamined feedback loop from Evaluation back to Analysis is therefore not merely a
research gap; it may signal an emerging structural change in design practice that would
invert the quality logic for which systematic ID frameworks were constructed [7]. The
framework gap compounds the risk, and its meaning should be stated precisely: the issue is
not that educators lack competences, but that the literature seldom uses a shared framework
to define or assess the competences it seeks to develop. With three-quarters of studies (76%)
operating without named competence frameworks, the field lacks the shared vocabulary
through which such structural drift could even be collectively recognised, a maturity
problem directly analogous to the pre-TPACK fragmentation of educational technology
research that Mishra and Koehler’s framework resolved [45].

Ethics as perceptual expertise. The convergent ethics findings, defaulting to accu-
racy checking while overlooking systemic bias [51], weak ethical knowledge despite high
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technological confidence [91], self-assessment diverging from external assessment [71],
permit a more precise diagnosis than “insufficient awareness.” They indicate a perceptual
rather than declarative deficit: detecting bias in AI-generated instructional content is, for
the educator, a trained pattern-recognition capacity built through repeated, feedback-rich
encounters with instances, not through general declarative teaching about bias—an in-
terpretation advanced here as a hypothesis generated by the synthesis rather than an
established empirical diagnosis. This framing explains why the embedded-checkpoint
intervention [52] succeeded with awareness-raising plateaus, making the ethical check an
explicit procedural step obliges educators to perform the act of detection repeatedly in
context, until it becomes fluent, and why bias detection remained the weakest competence
even after intervention [51]: plausibly because perceptual expertise develops more slowly
than declarative knowledge or tool fluency—a conjecture that awaits longitudinal testing.

5.3. Policy and Practical Implications

Perhaps the clearest contribution of this synthesis is showing that the literature en-
dorses human oversight as a principle while offering limited evidence on which mech-
anisms actually improve design outputs or educators’ decisions. For universities and
institutional governance, this gap carries regulatory weight. The EU AI Act makes human
oversight a binding obligation for high-risk educational AI uses [44], and international
guidance converges on the same expectation [3,42,43]—yet this review finds oversight
stated as an explicit commitment in 58% of studies (45/78) and examined empirically in
only 21 (27%). Policies that mandate “human oversight” without specifying mechanisms
risk compliance in name only. Quality-assurance frameworks need operational content:
review protocols, quality criteria, documented checkpoints. Emerging frameworks that
translate ethical principles into role-specific operational guidance for HE stakeholders [48]
show the direction needed, and the oversight typology of five core and two emerging
mechanisms (Table 5) offers institutions an evidence-informed, descriptive starting point
for constructing such protocols, pending empirical validation of each mechanism.

For instructional designers and faculty, the finding that only 38.3% of AI-generated
learning objectives met all quality criteria without revision [25] is a reminder that AI-
generated design artefacts are drafts requiring systematic review, and the role taxon-
omy offers a reflective instrument: is the AI generating my design, or scaffolding my
design thinking?

For professional development providers and designers, the features that distinguish
the most rigorously evidenced approaches—embedded ethics checkpoints, performance-
based assessment, and reflective prompt engineering practised on authentic design
tasks—offer a concrete template (Table 6), each with a theoretical rationale: ethics as
perceptual expertise requiring situated practice, self-report as demonstrably unreliable,
and reflection as a plausible developmental mechanism [100].

For policy-makers, the oversight gap indicates that mandating oversight is insufficient
without specifying mechanisms: policy instruments should reference concrete, auditable
practices of the kind catalogued in Table 5 rather than generic endorsements. For distance
and online institutions specifically, the scarcity of distance HE contexts in the corpus—few
studies explicitly examine distance-education institutions, and Kumar et al. [13] provides
the clearest case—should be read as a warning: the sector in which design decisions carry
the greatest scale currently has the thinnest evidence base for AI-supported design practice.

5.4. Limitations

Read the findings in light of some limitations. Regarding the evidence base: the
English-language search under-represents research published in other languages, although

https://doi.org/10.3390/computers15110745

https://doi.org/10.3390/computers15110745


Computers 2026, 15, 745 25 of 32

several included studies originate from non-Anglophone contexts; the corpus is method-
ologically heterogeneous, practitioner reports, small-sample case studies, and mixed-
methods designs, making quantitative synthesis inappropriate; self-report methodologies
dominate, so the demonstrated divergence between self-assessed and externally assessed
competences [71] applies as a general caution; and the rapid evolution of AI tools means
that findings on tool limitations may not reflect current capabilities. Regarding the review
process: screening and coding were performed by the first author, with borderline cases
and ambiguities resolved through consensus with the second author; coding reliability was
not quantified through independent double-coding, so the interpretive categories, particu-
larly the AI roles and oversight levels, carry a risk of single-coder bias, mitigated but not
eliminated by the second author’s full review of the extraction file and by the study-level
reporting in Supplementary Table S3. We appraised methodological quality with MMAT
2018; the appraisal informed the confidence assessment of the findings rather than study
exclusion, so lower-quality studies contribute to the synthesis with correspondingly lower
evidential weight. In addition, study designs and evidence types are reported transparently
for every study (Table 1), and evidential strength is weighed explicitly throughout the
synthesis. Regarding retrieval and currency: we could not retrieve 22 reports despite insti-
tutional access, as documented in the flow diagram, and the 2026 literature is necessarily
incomplete, as indexing of late-2026 publications continues.

6. Synthesis: An Integrated View of the Findings
The four research questions were analysed separately, but their findings are structurally

interdependent, and this section assembles them into an integrative synthesis (Figure 4). A
confidence assessment for the principal synthesised findings, integrating the MMAT ap-
praisal with the number, consistency, and directness of the supporting studies, is provided
in the Supplementary Materials (Table S4). At its top sits the ADDIE design cycle—the
professional process within which all AI support is situated, and whose iterative quality
logic defines what complete integration would mean. Three interdependent pillars sustain
this cycle. The AI roles pillar (RQ1; extending the companion paper [14]) describes what
the technology contributes and where generative production concentrated in Design and
Development, scaffolding of design reasoning, and emergent evaluation of artefacts. The
educator competences pillar (RQ2) describes what each role requires to function: prompt
engineering for the generative role, critical evaluation and pedagogical alignment for out-
put adoption, ethical perception for bias detection, and reflective self-regulation across
all of them. The human oversight pillar (RQ3) describes the mechanisms through which
competence is exercised over AI contributions, spanning proceduralised, interactional, and
attitudinal forms. Professional development (RQ4) underpins all three pillars by building
competences and embedding oversight mechanisms through ethics, performance-based
assessment, and reflective practice, feeding capacity back into the design cycle. Across the
corpus, the principal findings hold consistently: the Design-phase concentration and the
framework gap persist in the most recent literature; the oversight gap persists, although
empirically examined mechanisms now form a measurable minority (21/78); and the field
is moving from generic ChatGPT applications towards a diversified tool landscape and
more complex forms of human–AI collaboration.

The synthesis makes the review’s central claims visible as relations rather than isolated
findings. The productivity-tool pattern of Section 5.2 appears here as an imbalance among
pillars: a hypertrophied generative role, competences developed unevenly, and an over-
sight pillar rich in commitment but poor in mechanism. Correspondingly, the synthesis
specifies what a mature configuration would require: AI roles distributed across the full
cycle, competences theorised through shared frameworks, oversight operationalised in
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documented mechanisms, and professional development designed to sustain all three. This
synthesis consolidates the review’s empirical contribution; it is deliberately descriptive
rather than prescriptive. A complementary theoretical contribution—a conceptual frame-
work of AI-augmented pedagogical decision-making—is being developed in subsequent
work within the AI-CODE project, for which the present synthesis provides the empirical
foundation.

Figure 4. Integrative synthesis of the review findings: the ADDIE cycle as the site of AI-supported
instructional design, sustained by three interdependent pillars (AI roles, educator competences,
human oversight mechanisms) and underpinned by professional development. Solid vertical arrows
indicate that the three pillars sustain design practice within the ADDIE cycle and that professional
development underpins the pillars; the side arrow indicates that professional development feeds
capacity back into the design cycle; the dashed arrow marks the Evaluation-to-Analysis feedback
loop, which no included study documents across a complete cycle. Percentages are shares of the
78 included studies.

7. Future Research
The review’s findings define a concrete research agenda, organised here from the de-

sign process outward. First, complete-cycle studies: no study examined AI support across
a full ADDIE iteration; longitudinal designs following a course from analysis through
evaluation and redesign would test whether the de facto linearisation identified here mate-
rialises in practice. Second, the underrepresented phases: empirical work on AI-supported
learner and context analysis, and on formative course evaluation and redesign, where the
corpus is the thinnest. Third, oversight mechanisms: observational and artefact-based

https://doi.org/10.3390/computers15110745

https://doi.org/10.3390/computers15110745


Computers 2026, 15, 745 27 of 32

research on how educators actually exercise oversight, and with what effect on design qual-
ity, moving the field’s central governance concept from commitment to evidence. Fourth,
the scaffolding role: dedicated investigation of AI as a structure for design reasoning,
including the tentative inverse relationship between cognitive delegation and professional
learning proposed in Section 5.2. Fifth, comparative designs: systematic comparisons
across disciplines, across AI tools, and between professional instructional designers and fac-
ulty designers, whose competence profiles and oversight practices plausibly differ [13,99].
Sixth, distance and online contexts: the sector where design decisions carry the great-
est scale is nearly absent from the corpus and should be a priority setting for all of the
above. Seventh, competence research: framework-grounded studies enabling cross-study
accumulation—including empirical application of DigCompEdu [46] and the UNESCO
AI Competency Framework [47] to ID practice, alongside focused work on prompt engi-
neering as pedagogical competence and on ethical perception, with performance-based
rather than self-report measurement [71]. Finally, longitudinal PD studies: no intervention
study followed participants beyond the intervention period; the durability of competence
gains, particularly the slow-developing ethical perceptual capacities, is an open question
of direct institutional relevance. A further direction concerns the third, largely invisible
party in human–AI instructional design: the developers and trainers of the GenAI systems
themselves. Educator use generates precisely the interaction data on which such systems
are refined, suggesting a human–AI co-evolution agenda [104] in which educator-informed
feedback, participatory co-design [105], fine-tuning, and evaluation shape the next genera-
tion of design-support tools—and in which the division of responsibility among educators,
institutions, and system providers is made explicit.

8. Conclusions
This review shows that generative AI is becoming embedded in higher-education

instructional design, particularly in the design and development of learning objectives,
materials, and assessments. The evidence base, however, remains uneven: most studies
apply no explicit competence framework—Intelligent-TPACK, used alongside AI literacy
in a small number of studies, offers a theoretically promising integrated basis, although
its empirical use in instructional-design practice remains limited—and human oversight
is more often recommended than empirically evaluated. Pre-service teacher education
documented the most deliberately scaffolded and supervised configurations; whether these
configurations transfer to, and are effective in, professional practice remains untested.

The findings suggest that professional development should move beyond tool-oriented
training and support educators in evaluating AI-generated outputs, making pedagogical
decisions, and documenting accountable human oversight throughout the design process.
Future research should test whether such embedded support improves the quality, in-
clusiveness, and pedagogical alignment of educator-produced instructional designs. The
integrative synthesis of Section 6 assembles the findings into a coherent account of AI-
supported instructional design—one in which the educator’s design expertise, rather than
the technology’s generative fluency, remains the organising centre of the practice.

Supplementary Materials: The following supporting information can be downloaded at: https:
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level coding matrix of the 78 included studies; Table S4: Confidence assessment of the principal
synthesised findings; PRISMA 2020 checklist. References [1,2,13,14,20–38,41,49–103] are cited in the
Supplementary Materials.
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