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Abstract
Artificial intelligence (AI) is rapidly reshaping higher education assessment through 
applications such as automated feedback, adaptive testing, learning analytics, 
automated scoring, and generative support. Yet scholarship on AI-enabled 
assessment remains fragmented across technical, pedagogical, ethical, governance, 
and professional perspectives, limiting the field’s capacity to explain how these 
dimensions interact in practice and how misalignment among them affects 
educational legitimacy. This paper develops the AI-Assessment Ecosystem Model, a 
conceptual ecosystem framework for analysing AI in higher education assessment 
as a sociotechnical and institutional phenomenon rather than a discrete technical 
intervention. Drawing on a conceptual synthesis of literature published primarily 
between 2019 and 2024, and informed by foundational work on assessment validity, 
feedback, institutional legitimacy, organisational change, inclusive design, and 
computer-supported collaborative learning, the paper identifies five interdependent 
domains that shape AI-enabled assessment: technological innovation, pedagogical 
alignment and learner needs, institutional strategy and governance, faculty and 
professional readiness, and ethical and inclusive implementation. The paper theorises 
legitimacy as a relational and contested process through which AI-supported 
assessment must be justified to students, faculty, institutions, regulators, and other 
stakeholders as educationally valid, professionally defensible, ethically acceptable, 
inclusive, and organisationally accountable. The framework argues that AI in 
assessment cannot be adequately evaluated by technical capability, implementation 
success, or ethical compliance alone; it must be understood through the relations, 
tensions, and potential misalignments among educational purpose, organisational 
conditions, professional practice, student agency, and technological design. The 
model is offered as a conceptual ecosystem framework for guiding future research, 
critique, and institutional decision-making.
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​​1  Introduction
Artificial intelligence (AI) is rapidly reshaping higher education, including how assess-
ment is designed, delivered, interpreted, and governed. Across universities, AI-enabled 
systems are increasingly used to support feedback generation, adaptive testing, learn-
ing analytics, automated scoring, and a growing range of assessment-related decisions. 
These developments have intensified debate not only about efficiency and personalisa-
tion, but also about validity, fairness, academic integrity, transparency, and institutional 
accountability. As AI becomes more embedded in assessment processes, the central 
question is no longer whether higher education will engage with these technologies, but 
how such engagement can be organised in ways that are educationally sound, ethically 
defensible, inclusive, and institutionally coherent.

Recent scholarship has increasingly emphasised that AI in education must be under-
stood not only in terms of technical capability but also in terms of its implications for 
pedagogy, governance, and the wider data infrastructures through which educational 
practice is organised [18, 57]. This question is particularly consequential in assess-
ment. Assessment is not merely a technical mechanism for measuring performance; it 
is a high-stakes educational practice through which institutions make judgments about 
learning, progression, and achievement [30]. For that reason, AI in assessment raises 
issues beyond the operational. While AI may enable greater speed, scale, and responsive-
ness, it may also intensify standardisation, obscure how judgments are made, and dis-
place human interpretation in ways that are difficult to justify on educational grounds. 
Ethical concerns such as opacity, data extraction, surveillance, bias, and contestability 
cannot, therefore, be treated as secondary constraints to be addressed after implementa-
tion. They are bound up with the design, interpretation, and governance of assessment 
systems themselves [46, 57].

Likewise, pedagogical value cannot be reduced to efficiency alone. Whether AI 
enhances assessment depends on how its use aligns with learning goals, disciplinary 
expectations, faculty judgment, and students’ diverse experiences [20, 38]. Recent criti-
cal scholarship has also cautioned against framing AI in education primarily in terms of 
technical promise, emphasising instead the social harms, institutional distortions, and 
power asymmetries that may accompany AI adoption in educational settings [45].

Although scholarship on AI in education has expanded rapidly, much of it remains 
conceptually fragmented. Some studies focus primarily on technical capability, such 
as automated feedback, adaptive systems, explainable AI, or predictive analytics. Oth-
ers foreground ethical issues such as bias, transparency, surveillance, and rights. A fur-
ther body of work addresses classroom use, institutional policy, professional learning, or 
wider processes of digital transformation. These strands each provide valuable insight, 
but they are often treated in relative isolation from one another. In the context of higher 
education assessment, that is a significant limitation, because assessment is simultane-
ously pedagogical, social, ethical, institutional, and professional. When these dimensions 
are examined separately, AI adoption risks being shaped more by technical feasibility, 
institutional positioning, or policy pressure than by educational purpose.

A number of frameworks have sought to conceptualise AI’s role in education, includ-
ing models of human–AI collaboration and responsible AI implementation. These have 
made important contributions by moving beyond narrow techno-solutionist accounts 
[18, 28]. However, fewer frameworks address higher education assessment through a 
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single assessment-specific lens that connects pedagogical alignment, institutional gov-
ernance, faculty readiness, student agency, and ethical inclusion. Existing work has not 
adequately theorised assessment as a sociotechnical and institutional process in which 
design, interpretation, implementation, contestation, and accountability are interdepen-
dent rather than sequential concerns.

Recent work in the British Journal of Educational Technology demonstrates that these 
issues are already being examined across several connected but still largely separate lines 
of inquiry. This includes research on assessment validity and learning analytics, teachers’ 
digital assessment practices, the implications of generative AI for authentic assessment 
and academic integrity, and the development of AI literacy frameworks for educational 
contexts. Taken together, these contributions confirm both the relevance of AI to assess-
ment and the growing importance of governance, pedagogy, and professional capacity. 
At the same time, they reveal a persistent conceptual limitation: existing work tends to 
address these issues through adjacent rather than integrated lenses, leaving underdevel-
oped an account of how technological design, educational purpose, institutional gover-
nance, professional practice, student agency, and ethical inclusion interact in shaping the 
legitimacy of AI-enabled assessment [8, 11, 26, 56].

This paper addresses that gap by developing the AI-Assessment Ecosystem Model, a 
conceptual ecosystem framework for analysing AI-enabled assessment in higher edu-
cation as a sociotechnical and institutional arrangement rather than a discrete techni-
cal intervention. The paper’s contribution lies not simply in identifying five relevant 
dimensions, but in theorising how their alignment, tension, and potential misalignment 
shape whether AI-enabled assessment becomes educationally meaningful, profession-
ally defensible, ethically acceptable, inclusive, and institutionally accountable. The model 
brings together five interrelated domains: technological innovation, pedagogical align-
ment and learner needs, institutional strategy and governance, faculty and professional 
readiness, and ethical and inclusive implementation. In doing so, the paper shifts analy-
sis from questions of capability and adoption to a relational account of how legitimacy is 
negotiated across multiple stakeholders, including students, faculty, programme teams, 
institutional leaders, professional bodies, technology providers, and regulators. AI in 
assessment, from this perspective, is not primarily a problem of optimisation but one 
of justification, coordination, and contestation across multiple interacting conditions of 
educational practice.

The remainder of the paper proceeds as follows. The next section reviews the litera-
ture on AI in higher education assessment and identifies the conceptual fragmentation 
that motivates the framework. The methodology section then outlines the conceptual 
synthesis used to develop the model. The paper subsequently presents the AI-Assess-
ment Ecosystem Model and elaborates its five domains before providing an illustrative 
application, discussing implications and limitations, and identifying directions for future 
research. This article is therefore presented as a conceptual, theory-building contribu-
tion intended to organise a rapidly developing field rather than to report empirical vali-
dation of a single intervention.

1.1  Literature review

Research on AI in higher education assessment has expanded rapidly across educational 
technology, learning analytics, digital assessment, assessment design, and critical data 
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studies. One strand of this literature focuses on the technical possibilities of AI-enabled 
assessment, including automated scoring, adaptive testing, predictive analytics, multi-
modal analysis, explainable AI, and feedback generation. This work demonstrates that 
AI is becoming an increasingly significant component of how institutions evaluate, sup-
port, and monitor student learning, particularly where scale, speed, and responsiveness 
are valued [25, 58].

A second strand foregrounds the ethical and political dimensions of AI-enabled edu-
cational systems. This literature raises concerns about bias, opacity, surveillance, data 
extraction, accountability, and the unequal distribution of risks and benefits when algo-
rithmic systems shape decisions affecting learners. From this perspective, AI in educa-
tion cannot be understood simply as a neutral toolset; it is embedded in wider relations 
of policy, infrastructure, institutional power, and commercial interest [4, 13, 46, 57].

A third strand examines AI in relation to pedagogy, learner support, and assessment 
design. This work considers how automated feedback, adaptive systems, intelligent 
tutoring, and analytics may support formative assessment, self-regulated learning, and 
more responsive teaching. At its strongest, this literature shows that questions of effec-
tiveness are inseparable from questions of educational purpose: AI may improve speed 
or responsiveness, but its pedagogical value depends on whether it supports meaningful 
learning, valid judgment, and student agency [20, 38]. Assessment design scholarship 
is especially important here because it cautions against treating assessment solely as a 
mechanism for producing scores or feedback. Sustainable assessment emphasises stu-
dents’ longer-term capacity to make evaluative judgments beyond the immediate task, 
while feedback research stresses that feedback becomes educationally valuable only 
when learners can interpret, act on, and incorporate it into future work [5, 6, 7, 41]. This 
is particularly important for AI-enabled feedback, where apparent immediacy and per-
sonalisation may obscure whether students are developing the capacity to judge quality, 
understand standards, and participate actively in assessment processes. From this per-
spective, the legitimacy of AI-supported assessment depends not only on whether out-
puts are accurate or timely, but on whether assessment designs support student agency, 
evaluative judgment, and meaningful learning over time [15, 35].

A fourth strand addresses institutional strategy, governance, quality assurance, and 
organisational change. Here, scholars emphasise policy, accountability, leadership, reg-
ulatory expectations, and the conditions under which AI is authorised, regulated, and 
normalised within universities. This perspective is particularly important because AI 
in assessment is not implemented in a vacuum; it is shaped by procurement decisions, 
data governance, institutional priorities, quality assurance processes, and uneven dis-
tributions of expertise and authority [40, 54, 57]). The organisational change literature 
sharpens this point. Higher education institutions do not adopt technologies as neutral 
instruments; adoption is shaped by institutional culture, external pressures, resource 
dependencies, leadership strategies, and processes of organisational sensemaking [23, 
24, 29]. Institutional theory further suggests that universities may pursue AI adoption 
partly to secure legitimacy by conforming to sectoral expectations, professional norms, 
or regulatory pressures, rather than because a given technology has been pedagogi-
cally justified in a particular assessment context [10, 42]. This matters because align-
ment across the model’s domains may sometimes produce coherence, but it may also 
reflect isomorphic pressure, risk management, or market positioning. The framework, 
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therefore, treats alignment as an object of critical analysis rather than an automatic 
good.

Inclusive design and disability studies provide an additional foundation for the mod-
el’s ethical and inclusive domain. Universal Design for Learning has been influential in 
arguing that learning environments should provide flexible means of engagement, repre-
sentation, action, and expression, rather than retrofitting accommodations after barriers 
have already been created [31]. Disability studies extend this argument by showing how 
institutional systems often construct disability through inaccessible norms, assump-
tions, and infrastructures [12, 43]. Inclusive assessment scholarship similarly argues that 
inclusion should not be reduced to accommodations for individual students but should 
be understood in relation to the design of assessment systems and the agency of mar-
ginalised learners within academic communities [36, 37]. For AI-enabled assessment, 
this means that inclusion cannot be limited to technical accessibility or compliance. It 
requires attention to how AI systems classify learners, structure participation, accom-
modate varied forms of expression, and distribute both support and risk across different 
student groups. Student voice is therefore central: students are not merely data sub-
jects or recipients of AI-mediated judgment, but participants whose experiences, con-
testations, and forms of agency shape whether assessment practices can be regarded as 
legitimate.

The computer-supported collaborative learning literature also offers relevant insights. 
CSCL research has long examined how digital systems mediate interaction, collabora-
tion, knowledge-building, and group meaning-making rather than simply delivering 
content or automating instruction [9, 48, 51]. This literature is useful for AI assessment 
because many assessment practices are social, dialogic, and disciplinary rather than 
purely individual and computational. AI-supported assessment, therefore, needs to 
be understood not only as automated scoring or feedback, but also as a form of medi-
ated educational interaction that may reshape peer learning, collaborative authorship, 
feedback dialogue, and the conditions under which students and teachers negotiate 
standards.

Within the British Journal of Educational Technology specifically, recent scholarship 
has highlighted several aspects of this evolving terrain. Divjak et al. [11] emphasise the 
importance of assessment validity in relation to learning analytics, while Viberg et al. 
[56] show how teachers’ digital assessment practices are shaped by changing pedagogi-
cal and professional conditions. More recent work has extended these debates into the 
generative AI era, including discussions of authentic assessment and academic integrity 
in higher education, as well as the competencies required for AI literacy in educational 
settings [8, 26]. Collectively, this body of work demonstrates that BJET is already engag-
ing questions central to AI-enabled assessment. However, these concerns are still often 
addressed through distinct lenses, leaving space for a framework that brings techno-
logical innovation, pedagogical alignment, governance, professional readiness, student 
agency, legitimacy, and ethical inclusion into closer conceptual relation.

These strands are individually valuable, but they are often only loosely connected. 
Technical studies tend to emphasise system performance and instructional efficiency; 
ethical studies foreground bias, privacy, transparency, and rights; pedagogical stud-
ies focus on feedback, learner needs, and classroom practice; and governance-oriented 
work addresses policy and institutional accountability. What remains underdeveloped 
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is not simply a summary of these concerns but an account of how they interact specifi-
cally in higher-education assessment. This matters because assessment is a high-stakes 
domain in which validity, progression, fairness, trust, contestability, and disciplinary 
judgment are especially acute [30]. A fragmented literature risks encouraging forms of 
AI adoption that are technically sophisticated yet pedagogically thin, ethically reactive, 
or weakly embedded in institutional strategy.

Several conceptual frameworks offer useful starting points for responding to this 
problem. Models of human–AI collaboration and responsible AI implementation move 
beyond narrow techno-solutionist accounts by foregrounding values, agency, and 
accountability [18, 19, 28]. However, they do not fully address higher education assess-
ment through a single assessment-specific lens that connects pedagogical alignment, 
institutional governance, faculty readiness, student agency, legitimacy, and ethical inclu-
sion. Nor do they adequately theorise what happens when these dimensions fall out of 
alignment. This gap motivates the development of the AI-Assessment Ecosystem Model, 
which synthesises these strands into a conceptual framework for explaining how tech-
nological innovation, pedagogy, governance, professional readiness, student agency, and 
ethical inclusion interact to shape the legitimacy of AI-enabled assessment.

1.2  Methodological approach

This paper uses a conceptual synthesis approach to develop a framework for under-
standing the integration of artificial intelligence in higher education assessment. The 
purpose of the study is not to produce an exhaustive systematic review of all relevant 
literature, but to identify, interpret, and synthesise key strands of scholarship bearing on 
the pedagogical, technological, institutional, professional, and ethical dimensions of AI-
enabled assessment. The methodological orientation is therefore theory-building rather 
than aggregative, drawing on conceptual review traditions that integrate diverse bodies 
of literature into a coherent analytical model [53]. In this sense, the aim is not merely 
to organise themes in the literature but to generate a conceptual structure that explains 
how multiple dimensions of AI-enabled assessment interact, align, and come into ten-
sion within higher education settings.

To bound the review while retaining sufficient conceptual breadth, literature was 
searched across Scopus, Web of Science, ERIC, IEEE Xplore, and Google Scholar. 
Searches focused primarily on publications from 2019 to 2024, a period that captures 
the recent expansion of scholarship on AI in higher education assessment while also 
encompassing ethical, pedagogical, and governance debates that intensified prior to the 
widespread uptake of generative AI. Earlier foundational works were selectively included 
where necessary for conceptual interpretation, particularly regarding assessment valid-
ity, feedback, institutional legitimacy, organisational change, inclusive design, and com-
puter-supported collaborative learning.

The search strategy combined terms relating to artificial intelligence, higher edu-
cation, and assessment. Core search strings included combinations of the following 
terms: (“artificial intelligence” OR AI OR “machine learning” OR “learning analytics” 
OR “generative AI” OR “automated feedback” OR “automated scoring” OR “adaptive 
assessment”) AND (“higher education” OR university* OR college*) AND (assessment 
OR feedback OR grading OR evaluation OR “academic integrity”). Additional searches 
were conducted using more focused combinations, including “ethical AI in education,” 
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“AI governance in universities,” “AI assessment validity,” “AI feedback higher education,” 
“inclusive assessment,” “universal design for learning assessment,” “faculty readiness AI,” 
and “computer-supported collaborative learning assessment.” Searches were supple-
mented through backward and forward citation tracking of highly relevant sources.

The search and citation-following process produced a working pool of 107 potentially 
relevant publications. Because this was a conceptual synthesis rather than a systematic 
review, screening was used to establish a focused and theoretically useful corpus rather 
than to claim exhaustive coverage of the field. Overlapping records were identified by 
comparing available title, author, year, and DOI information, with Google Scholar results 
checked manually where metadata were inconsistent. The remaining sources were 
then reviewed for relevance to higher education assessment and to at least one of the 
paper’s core dimensions: technological innovation, pedagogical alignment, institutional 
governance, faculty or professional readiness, and ethical or inclusive implementation. 
Sources judged to make a substantive conceptual contribution were read in full or in 
substantial part and considered for inclusion in the synthesis. Through this process, 58 
sources were retained for close analysis.

For the purposes of this conceptual synthesis, “conceptual relevance” was treated as an 
interpretive inclusion judgment guided by four criteria. A source was retained where it: 
(1) addressed AI, digital assessment, learning analytics, automated feedback, or related 
technologies in a higher education or clearly transferable assessment context; (2) con-
tributed to understanding at least one of the five domains of the emerging model; (3) 
helped explain relationships, tensions, or misalignments among domains rather than 
offering only a narrow technical evaluation; or (4) provided foundational theoretical 
grounding for the framework, such as assessment validity, feedback literacy, institu-
tional legitimacy, organisational change, inclusive design, or CSCL. Sources were gener-
ally excluded where they focused primarily on non-educational contexts, K–12 settings 
without clear transferability to higher education, technical system performance without 
assessment or institutional relevance, or general AI commentary without a substantive 
connection to assessment practice.

The analytical process was iterative and interpretive. Rather than using a formal sys-
tematic review coding framework, the synthesis used a structured note-taking protocol 
to record each source’s primary domain, secondary domains, key concepts, relevance to 
legitimacy, and contribution to understanding alignment or misalignment. Initial analy-
sis focused on recurring themes such as technological affordances, automated feedback, 
adaptive assessment, validity, learner agency, governance, policy, professional judgment, 
faculty readiness, data ethics, bias, accessibility, inclusion, accountability, and trust. 
These themes were compared across sources and refined through repeated analysis in 
order to identify broader conceptual groupings. Sources that sat at the margins were 
retained only where they clarified a theoretical issue that the AI assessment literature 
itself left underdeveloped, such as institutional legitimacy, organisational isomorphism, 
sustainable assessment, or inclusive design.

Through this process, five interrelated domains were stabilised as the core components 
of the AI-Assessment Ecosystem Model: technological innovation, pedagogical align-
ment and learner needs, institutional strategy and governance, faculty and professional 
readiness, and ethical and inclusive implementation. The outcome of this process is not 
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a taxonomy of themes but a conceptual ecosystem framework in which the significance 
of each domain depends on its interaction with the others.

This approach was chosen because the literature on AI in higher education assessment 
is both rapidly evolving and dispersed across multiple fields. A conceptual synthesis 
is well-suited to this kind of problem because it allows diverse forms of scholarship to 
engage in dialogue to produce an integrative framework rather than a narrow summary 
of findings. In this study, the aim was therefore not to determine the effectiveness of par-
ticular AI tools, but to develop a conceptual framework to capture the interdependen-
cies among technical, pedagogical, institutional, professional, and ethical considerations 
in assessment contexts.

This methodology has several limitations. First, the literature sample was selective 
rather than exhaustive. Second, the synthesis relied on interpretive judgment to identify 
and refine the model’s domains. Third, the resulting model is conceptual and has not yet 
been empirically validated in institutional settings. These limitations are acknowledged 
not as weaknesses to be obscured, but as characteristics of a framework-building study 
whose purpose is to provide an analytical basis for future empirical and comparative 
research. To enhance transparency, Table 1 summarises the review design and analyti-
cal process; while Supplementary Table S1 lists the 58 retained sources along with their 
primary and secondary domains and the rationale for inclusion.

Table 1  Summary of review design and analytical process
Review 
component

Procedure Decision rule

Review 
purpose

Conceptual synthesis for framework 
development

Sources were selected for their contribution to theory-
building rather than exhaustive coverage.

Databases 
searched

Scopus, Web of Science, ERIC, IEEE 
Xplore, and Google Scholar

Databases were selected to cover education, social sci-
ence, technology, and interdisciplinary AI scholarship.

Timeframe 2019–2024, with selective earlier 
foundational works

Earlier works were included when theoretically 
necessary, for example, assessment validity, legitimacy 
theory, feedback, organisational change, inclusive 
design, and CSCL.

Core search 
logic

AI-related terms AND higher educa-
tion terms AND assessment-related 
terms

Search terms were adapted to each database while 
retaining the same conceptual structure.

Initial working 
pool

107 potentially relevant publications Records were compared and manually checked 
for overlapping titles, DOIs, and author/year 
combinations.

Screening 
stages

Overlap checking; title/abstract rel-
evance review; full-text or substantial-
text conceptual screening

Sources had to address higher-education assessment 
or provide a clear, transferable theoretical grounding.

Final corpus 58 retained sources Retained sources contributed to at least one model 
domain and to understanding alignment, tension, or 
legitimacy.

Inclusion 
criteria

Higher education assessment; AI or 
digital assessment; governance; pro-
fessional readiness; ethics; inclusion; 
relevant foundational theory

Sources were included when they made a substantive 
conceptual contribution to framework development.

Exclusion 
criteria

Non-educational settings; K–12 
without transferability; narrow techni-
cal performance without assessment 
relevance; general AI commentary

Sources were excluded where they did not contrib-
ute to the paper’s assessment-specific conceptual 
argument.

Analytical 
process

Structured note-taking and iterative 
conceptual grouping of themes

Themes were compared iteratively until five interde-
pendent domains were stabilised.

This table summarises the review design used to support the development of the framework. The process was designed as 
a conceptual synthesis rather than a systematic review; therefore, the table provides an audit trail of search, screening, and 
analytical decisions rather than a claim to exhaustive coverage of the field.
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1.3  The AI-assessment ecosystem model

The AI-Assessment Ecosystem Model conceptualises AI-enabled assessment in higher 
education as a relational sociotechnical and institutional configuration rather than a dis-
crete technological intervention. Its central claim is that the educational legitimacy of 
AI-enabled assessment depends not on the strength of any single element in isolation, 
but on the interaction among five interdependent domains: technological innovation; 
pedagogical alignment and learner needs; institutional strategy and governance; fac-
ulty and professional readiness; and ethical and inclusive implementation. The model is 
therefore neither linear nor additive. It is designed to explain how these domains shape 
one another, how tensions emerge when they fall out of alignment, and why technically 
capable systems may still prove pedagogically weak, ethically contested, or institution-
ally ungovernable. In this sense, the conceptual ecosystem framework advances current 
debates by treating AI in assessment not simply as a matter of adoption or implementa-
tion, but as a question of how educational purpose, organisational capacity, professional 
judgment, student agency, and technological design align, are contested, or become mis-
aligned in practice.

This ecosystem perspective matters because assessment is a particularly high-stakes 
site of AI integration. Assessment is the process by which institutions translate educa-
tional values into judgments about performance, progression, and achievement [30]. For 
that reason, AI-enabled assessment cannot be evaluated solely on technical function-
ality, implementation success, or ethical compliance. A system may be technologically 
sophisticated yet pedagogically misaligned; it may be ethically ambitious yet institution-
ally poorly supported; or it may be strategically endorsed while faculty lack the expertise 
to use it critically and responsibly. The model therefore shifts attention from isolated 
variables to the conditions of interdependence through which AI-enabled assessment 
becomes educationally meaningful, ethically defensible, inclusive, and institutionally 
accountable [46, 47, 57].

Figure 1 presents the AI-Assessment Ecosystem Model. The figure should be read not 
as a linear implementation sequence, but as a representation of interdependent domains 
whose relationships shape the legitimacy of AI-enabled assessment.

The model should be read as a framework of mutual shaping rather than as a sequence 
of stages. The five domains are analytically distinct, but they do not operate indepen-
dently. Technological innovation affects what forms of assessment become possible, 
but its value depends on pedagogical alignment and ethical scrutiny. Governance struc-
tures authorise and regulate AI use, but their effectiveness depends on faculty capac-
ity and professional judgment. Ethical and inclusive implementation is not an external 
check applied after design, but a condition that shapes whether assessment practices 
can be justified in educational terms. The AI-Assessment Ecosystem Model is therefore 
intended to illuminate not only alignment, but also misalignment: the points at which 
technologies are adopted without pedagogical clarity, where governance outpaces pro-
fessional readiness, or where efficiency is prioritised over fairness, transparency, and 
inclusion [20, 47].

Having introduced the model’s overall structure, the next section clarifies its central 
organising concept: legitimacy. This is necessary because legitimacy is not treated here 
as simple alignment among the five domains, but as a relational and contested process of 
justification.
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1.4  Theorising legitimacy in AI-enabled assessment

Legitimacy is the central organising concept of the AI-Assessment Ecosystem Model, 
but it should not be understood as a simple property of a technology or as a universal 
outcome that can be declared in advance. In this paper, legitimacy refers to the extent to 
which an AI-enabled assessment arrangement can be justified to relevant stakeholders 
as educationally valid, professionally defensible, ethically acceptable, inclusive, and insti-
tutionally accountable. It is therefore a relational and institutional condition rather than 
a purely technical attribute. A system may be accurate in narrow performance terms 
while still lacking legitimacy if students cannot contest its judgments, if faculty cannot 
interpret or challenge its outputs, if its use conflicts with disciplinary standards, or if 
governance structures cannot account for the risks it introduces.

This account draws on institutional theories of legitimacy. Suchman’s distinction 
between pragmatic, moral, and cognitive legitimacy is useful because it shows that legiti-
macy may rest on different kinds of justification. Pragmatic legitimacy concerns whether 
stakeholders perceive an arrangement as serving their interests or solving a recognised 
problem. Moral legitimacy concerns whether the arrangement is judged to be norma-
tively appropriate, fair, and aligned with educational values. Cognitive legitimacy con-
cerns whether the arrangement becomes understandable, taken for granted, or accepted 
as part of normal institutional practice [50]. Scott’s institutional pillars further clarify 
that legitimacy is shaped by regulative, normative, and cultural-cognitive conditions: 
rules and accountability structures, professional norms and values, and shared assump-
tions about what counts as acceptable practice [42].

Applied to AI-enabled assessment, these distinctions prevent legitimacy from becom-
ing circularly defined as mere alignment among the model’s domains. Alignment is not 
legitimacy itself. Rather, alignment is one condition through which legitimacy may be 
produced, challenged, or withheld. For example, an AI feedback system may have prag-
matic legitimacy for institutional leaders if it enables timely, at-scale feedback, but it may 
lack moral legitimacy for students if it produces opaque or inequitable judgments. It 
may be normatively defensible to faculty if it supports formative learning, yet culturally 

Fig. 1  AI-assessment ecosystem model
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resisted if it conflicts with disciplinary expectations of human judgment. Conversely, a 
system may become cognitively normalised across a university while remaining ethically 
problematic or pedagogically thin.

The model, therefore, treats legitimacy as multi-level and contested. It operates at the 
micro level of student and teacher experience, the meso level of programme and insti-
tutional governance, and the macro level of regulatory, professional, and societal expec-
tations. It is also stakeholder-relative: students, faculty, managers, professional bodies, 
technology providers, and regulators may assess legitimacy by different criteria. For 
this reason, misalignment across the five domains should not always be interpreted as 
a failure of coordination. It may reveal a genuine conflict of values, interests, or epis-
temic assumptions. The aim of the AI-Assessment Ecosystem Model is therefore not to 
eliminate all tension, but to make visible how tensions are produced, whose interests 
are served by proposed alignments, and whether AI-enabled assessment can be justified 
through transparent, participatory, and revisable institutional processes.

This theoretical clarification also indicates how the model could be studied empirically. 
Researchers might examine pragmatic legitimacy by investigating stakeholder percep-
tions of usefulness, burden, and benefit; moral legitimacy by analysing fairness, inclu-
sion, validity, and contestability; cognitive legitimacy by studying how AI assessment 
practices become normalised in policy, discourse, and everyday professional routines; 
and institutional legitimacy by examining how regulative, normative, and cultural-cog-
nitive conditions shape adoption. Legitimacy is therefore not treated as a static endpoint 
but as an ongoing process of justification, negotiation, and contestation.

A key contribution of the model is that it reframes AI-enabled assessment as a prob-
lem of institutional legitimacy rather than solely a matter of technical optimisation. 
Legitimacy here refers to the extent to which an AI-supported assessment arrangement 
can be justified to relevant stakeholders as educationally meaningful, professionally 
defensible, ethically acceptable, inclusive, and organisationally accountable. This legiti-
macy is not created by alignment alone, nor is alignment always desirable if it suppresses 
dissent, student agency, disciplinary difference, or ethical critique. Instead, legitimacy 
depends on whether the tensions among technological capability, educational purpose, 
institutional governance, professional judgment, and inclusion are made visible, debated, 
and governed in ways that remain accountable to students and other affected stakehold-
ers. The framework is therefore not presented as a checklist or implementation tool. Its 
purpose is analytical: to provide a conceptual ecosystem framework for examining how 
interactions among multiple domains shape the promises, limits, and contestations sur-
rounding AI in higher-education assessment.

What distinguishes the AI-Assessment Ecosystem Model from existing approaches 
is not simply the identification of technological, pedagogical, ethical, governance, 
and professional concerns, all of which are already visible in the literature. Its distinc-
tive contribution lies in theorising how these domains become consequential through 
their interdependence and how their misalignment shapes the legitimacy of AI-enabled 
assessment. The framework, therefore, treats assessment not as a site where separate 
challenges accumulate, but as a sociotechnical and institutional domain in which edu-
cational purpose, institutional coordination, professional judgment, student agency, and 
technological design are mutually constitutive.
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Having clarified the model’s overall structure and its understanding of legitimacy, the 
following sections discuss the five interdependent domains of the AI-Assessment Eco-
system Model. These domains are elaborated separately for analytical clarity, but their 
significance lies in how they interact to shape the legitimacy of AI-enabled assessment.

1.5  Domain 1: technological innovation

The first domain concerns the technological affordances and limitations of artificial 
intelligence in higher education assessment. It addresses the ways AI systems can sup-
port assessment design, delivery, feedback, and interpretation through functions such 
as automation, adaptivity, multimodal analysis, generative support, and explainability. 
Recent developments in AI have expanded the range of assessment-related tasks that can 
be supported computationally, including automated scoring, intelligent feedback gener-
ation, adaptive question sequencing, predictive analytics, and analysis of large, complex 
datasets related to learner performance [25]. Generative AI has further extended these 
possibilities by enabling the production of prompts, exemplars, feedback suggestions, 
simulated dialogue, and draft evaluative comments that may assist both students and 
educators in assessment-related activities [22].

At the same time, technological innovation in assessment cannot be understood in 
purely instrumental terms. AI systems operate through data models, training assump-
tions, and probabilistic outputs that may not align neatly with the interpretive and con-
text-sensitive nature of educational judgment [39, 57]. What appears technically efficient 
may still be pedagogically weak, insufficiently transparent, or poorly suited to disciplin-
ary differences in how knowledge and performance are assessed. Explainability is there-
fore not merely a technical feature but a condition of educational intelligibility: students 
and faculty need to understand how AI-supported judgments are produced, what they 
can and cannot mean, and when they should be challenged. Within the AI-Assessment 
Ecosystem Model, technological innovation is therefore treated as an enabling but insuf-
ficient domain. It creates possibilities for assessment, but it does not determine their 
educational legitimacy. That legitimacy depends on whether technological capability is 
aligned with pedagogical purposes, governance arrangements, professional expertise, 
student agency, and ethical commitments.

1.6  Domain 2: pedagogical alignment and learner needs

The second domain concerns the relationship between AI-enabled assessment and edu-
cational purpose. Its central question is not simply whether AI can be used in assess-
ment, but whether its use aligns with valid learning design, meaningful feedback, learner 
diversity, disciplinary standards, and the broader pedagogical aims of higher education. 
Assessment is not only a mechanism for measuring performance; it is also a process 
through which learning is shaped, interpreted, and supported. For this reason, the intro-
duction of AI into assessment must be evaluated against pedagogical principles such as 
validity, formative value, student agency, evaluative judgment, and responsiveness to 
diverse learner needs [5, 30, 38]. This emphasis also resonates with recent BJET work 
highlighting the centrality of assessment validity in digitally mediated learning environ-
ments and the changing conditions of teachers’ digital assessment practices [11, 56].

This domain is especially important because AI can create a misleading sense of edu-
cational value when speed, scale, or responsiveness are treated as ends in themselves. In 
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formative contexts, AI may provide timely, iterative, and personalised feedback, poten-
tially helping students identify gaps, monitor progress, and engage in self-regulated 
learning [20, 35]. In summative contexts, however, the pedagogical stakes differ, espe-
cially where transparency, disciplinary judgment, standards, and validity are more acute. 
The model, therefore, treats pedagogical alignment not as a secondary consideration 
added after technical design, but as a central condition of legitimacy. A technologically 
advanced system that does not support meaningful learning, valid judgment, or inclu-
sive participation cannot be regarded as educationally successful simply because it per-
forms efficiently [19, 31].

A stronger emphasis on learner needs also requires attention to student agency and 
disciplinary differences. Students should not be positioned only as recipients of AI-gen-
erated feedback or as data points within analytics systems. Their capacity to understand, 
question, contest, and make use of assessment information is central to the pedagogical 
legitimacy of AI-enabled assessment. This is especially important because assessment 
practices vary significantly across disciplines: the standards used in fine arts, clinical 
education, laboratory science, business, humanities, and professional programmes are 
not reducible to a single model of performance or feedback. AI-supported assessment 
must therefore be evaluated in relation to the forms of knowledge, judgment, evidence, 
and participation that matter within particular disciplinary communities. Pedagogical 
alignment is consequently not a generic match between a tool and a task, but a situ-
ated judgment about whether AI supports meaningful learning, valid standards, student 
agency, and appropriate disciplinary forms of assessment.

1.7  Domain 3: institutional strategy and governance

The third domain addresses the institutional conditions through which AI-enabled 
assessment is made governable. It focuses on strategy, policy, leadership, coordination, 
quality assurance, and accountability, recognising that the adoption of AI in assess-
ment is never simply a matter of individual educator choice or isolated technological 
experimentation. Assessment practices in higher education are shaped by institutional 
priorities, regulatory expectations, resourcing decisions, quality assurance processes, 
procurement arrangements, and organisational cultures [40, 57]. AI integration must 
therefore be understood as a governance issue as much as a pedagogical or technical 
one.

Within the AI-Assessment Ecosystem Model, governance serves as the connec-
tive infrastructure linking innovation to accountability. Decisions about procurement, 
data management, platform use, academic integrity, assessment policy, and acceptable 
AI use all shape whether AI-enabled assessment is introduced coherently or reactively. 
Governance is not limited to compliance; it involves creating the organisational condi-
tions under which AI can be authorised, monitored, challenged, and revised in ways that 
remain accountable to educational goals [46]. This domain also makes visible a frequent 
source of misalignment: institutions may endorse AI strategically without establishing 
the policies, responsibilities, or support systems needed to govern its use responsibly in 
assessment practice.

The organisational change literature strengthens this domain by showing that insti-
tutional adoption may be driven by more than educational rationale. Universities 
may adopt AI in response to external competition, reputational pressures, regulatory 



Page 14 of 22Obeng-Nyarko Discover Education          (2026) 5:1074 

ambiguity, market positioning, or assumptions about sectoral modernisation [10, 23, 
29]. Such pressures can generate pragmatic legitimacy for AI adoption while leaving 
moral or pedagogical legitimacy unresolved. Governance must therefore ask not only 
whether AI use is permitted, but how decisions are justified, who participates in them, 
how risks are monitored, and how assessment arrangements can be revised when harms, 
inequities, or pedagogical weaknesses emerge.

1.8  Domain 4: faculty and professional readiness

The fourth domain concerns the human capacity required to engage AI responsibly in 
assessment practice. It focuses on the knowledge, judgment, confidence, and support 
structures that educators, assessors, and academic staff need in order to interpret, use, 
and challenge AI-enabled systems in pedagogically sound and professionally defensible 
ways. While institutional strategy provides the governance context for AI adoption, 
faculty and professional readiness address whether those expected to work with AI in 
assessment are equipped to do so critically and competently.

This domain is crucial because AI in assessment does not remove the need for profes-
sional expertise; rather, it reconfigures the forms of expertise required. Educators need 
not only subject knowledge and assessment literacy, but also the capacity to interpret 
automated outputs, evaluate the quality of AI-generated feedback, recognise the risks of 
overreliance, identify bias or misalignment, and decide when human judgment should 
take precedence [20, 32]. In this sense, faculty readiness operates as the model’s interpre-
tive core. Technologies may be available, and governance structures may be in place, but 
without professional readiness, AI use in assessment risks becoming superficial, uncriti-
cal, or weakly aligned with educational purpose.

Recent AI literacy work strengthens this point by showing that readiness for AI in 
educational settings depends on identifiable competencies rather than generic digital 
confidence alone. AI literacy involves more than tool operation; it encompasses under-
standing data, models, ethics, limitations, human agency, and the capacity to critically 
evaluate AI outputs [8, 27, 34]. For faculty, this means that professional development 
must go beyond introductory workshops on generative AI tools. It must support educa-
tors in redesigning assessment, explaining AI use to students, interpreting AI-mediated 
evidence, preserving disciplinary judgment, and creating routes for student dialogue and 
contestation. Assessment in higher education often involves interpretation, contextual 
knowledge, disciplinary nuance, and ethical discretion that cannot be fully delegated to 
computational systems [30].

1.9  Domain 5: ethical and inclusive implementation

The fifth domain concerns the normative conditions under which AI-enabled assess-
ment can be regarded as legitimate, fair, and inclusive. It addresses questions of transpar-
ency, bias, accessibility, participation, accountability, contestability, and trust. Whereas 
the governance domain focuses on the institutional mechanisms through which AI is 
managed, this domain focuses on the ethical principles and inclusion commitments that 
should shape how AI is designed, deployed, and evaluated in assessment contexts. Its 
central concern is not simply whether AI can be used efficiently, but whether its use can 
be justified in educational and social terms.
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This domain is not supplementary. In assessment, where decisions affect progression, 
opportunity, recognition, and students’ perceptions of fairness, ethical and inclusive 
implementation is a constitutive condition of legitimacy. AI systems may introduce effi-
ciencies, but they may also reproduce existing inequities, obscure reasoning processes, 
and distribute harms unevenly across different student groups [4, 13]. Transparency, 
therefore, involves more than technical explainability; it also requires intelligibility, con-
testability, and meaningful opportunities for those affected to understand and challenge 
AI-supported judgments [25, 46]. Recent work on generative AI, authentic assessment, 
and academic integrity further underscores that ethical questions in assessment cannot 
be separated from design, legitimacy, and institutional responsibility [26]. Within the 
AI-Assessment Ecosystem Model, this domain cuts across all others by asking whether 
AI-enabled assessment can be defended not only as functional but as fair, inclusive, and 
educationally justifiable [47].

Ethical and inclusive implementation also requires participatory attention to students’ 
lived experiences. Students differ in their access to technologies, prior exposure to AI 
tools, linguistic repertoires, cultural expectations, disability status, neurodiversity, and 
confidence in contesting institutional decisions. AI-enabled assessment may therefore 
redistribute advantage and disadvantage even where systems appear technically neutral. 
Inclusion should consequently be built into assessment design from the outset through 
accessible formats, alternative modes of expression, transparent criteria, clear routes for 
appeal, and opportunities for students to provide feedback on AI-mediated assessment 
practices. This positions students as agents and participants in assessment governance 
rather than as passive objects of automated judgment [31, 36, 43].

1.10  Synthesis: interdependence, tension, and legitimacy

Taken together, these five domains define the conceptual structure of the AI-Assessment 
Ecosystem Model. Their significance lies not merely in their presence but in their inter-
dependence. Technological innovation without pedagogical alignment can produce sys-
tems that function efficiently yet lack educational purpose. Governance without faculty 
readiness risks formal oversight without meaningful practice. Ethical aspiration without 
institutional coordination remains declarative rather than operational. Conversely, peda-
gogically ambitious uses of AI may fail when technologies are poorly designed or when 
governance structures are weak. The model, therefore, explains AI-enabled assessment 
not through isolated factors but through the relations, tensions, and possible misalign-
ments among domains that together shape whether assessment becomes legitimate, 
trustworthy, inclusive, and educationally meaningful.

The analytical value of the ecosystem perspective becomes particularly visible in con-
ditions of misalignment. For example, a university may implement technically advanced 
AI systems for automated feedback and assessment at scale, yet fail to ensure alignment 
with pedagogical design, resulting in feedback that is efficient but educationally shallow 
or misdirected. Similarly, institutional policies may emphasise ethical AI use and trans-
parency, while faculty lack the expertise or confidence to interpret and challenge AI-gen-
erated outputs, limiting meaningful accountability in practice. Conversely, pedagogically 
innovative uses of AI may struggle to gain traction where governance structures are 
underdeveloped or institutional strategy is unclear. These examples illustrate that AI-
enabled assessment cannot be understood as the outcome of isolated improvements 
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within individual domains; rather, its effectiveness and legitimacy depend on how tech-
nological capability, pedagogical purpose, governance arrangements, professional judg-
ment, student agency, and ethical considerations are brought into relation, and where 
tensions among them remain unresolved.

1.11  Illustrative application: AI-supported formative feedback

The analytical value of the AI-Assessment Ecosystem Model can be illustrated through a 
hypothetical case of AI-supported formative feedback in a large first-year undergraduate 
module. The institution introduces a generative AI tool that provides students with draft 
feedback on written assignments before final submission. The tool is attractive because it 
promises timely feedback at scale, reduces pressure on staff, and gives students repeated 
opportunities to revise their work. Considered only through the domain of technological 
innovation, the system appears beneficial: it is fast, adaptive, and capable of generating 
detailed comments.

The model, however, shows that technical functionality is only one part of the assess-
ment arrangement. From a pedagogical alignment perspective, the key question is 
whether the AI feedback supports students’ development of evaluative judgment or 
merely provides surface-level corrections. If students use the system to polish text with-
out understanding criteria, standards, or disciplinary expectations, then the tool may 
increase efficiency while weakening assessment literacy. From the perspective of faculty 
and professional readiness, staff need to understand the system’s limits, explain appro-
priate use, identify misleading feedback, and design assessment activities that keep 
human judgment central. Without such readiness, educators may either over-trust the 
tool or reject it without critical engagement.

Institutional governance introduces further questions. The university must specify 
what constitutes acceptable use, how data are stored, whether student work is used 
to train models, who is accountable for harmful or misleading feedback, and how the 
system aligns with the academic integrity policy. Ethical and inclusive implementation 
requires attention to whether all students can access the tool, whether multilingual or 
disabled students are affected differently, whether the feedback is culturally or linguisti-
cally biased, and whether students can challenge or discuss AI-generated advice.

This example also clarifies the role of legitimacy. The tool may have pragmatic legiti-
macy for institutional leaders because it addresses feedback workload, and for students 
because it provides immediate support. Yet it may lack moral legitimacy if it produces 
inequitable guidance, weakens student agency, or obscures accountability. It may gain 
cognitive legitimacy over time if its use becomes normalised across modules, but such 
normalisation should not be mistaken for educational defensibility. The model therefore 
helps researchers and institutions ask not simply whether the tool works, but for whom 
it works, under what conditions, and with what consequences for validity, professional 
judgment, student agency, and institutional accountability.

2  Discussion
The AI-Assessment Ecosystem Model is developed in response to a specific limitation in 
existing scholarship on artificial intelligence in higher education assessment: while prior 
work has examined technological capability, pedagogy, ethics, governance, and profes-
sional readiness in detail, it has not adequately theorised how these dimensions interact 
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to produce, or undermine, the legitimacy of assessment practices. Existing frameworks 
tend to treat these domains as analytically separable or sequentially addressed, leaving 
underdeveloped an account of how their misalignment shapes assessment outcomes. 
The contribution of this paper is therefore not simply integrative. It is to reconceptu-
alise AI-enabled assessment as a relational and interdependent system in which tech-
nological design, pedagogical purpose, institutional governance, professional judgment, 
student agency, and ethical inclusion are mutually constitutive. From this perspective, 
the problem of AI in assessment is not primarily one of optimisation or adoption, but of 
justification: how these domains are brought into relation, where they come into tension, 
and how those tensions shape whether assessment becomes educationally meaningful, 
ethically defensible, inclusive, and institutionally legitimate.

Importantly, the model does not assume that alignment is always possible or desir-
able. Some forms of misalignment may indicate poor coordination, such as when insti-
tutional policy endorses AI use without staff development or data governance. Other 
forms of misalignment may reveal legitimate conflicts of value, such as tensions between 
efficiency and human judgment, standardisation and disciplinary diversity, innovation 
and accessibility, or institutional risk management and student agency. The model’s pur-
pose is therefore not to resolve all tensions into consensus, but to provide a conceptual 
language for analysing how such tensions are negotiated, whose interests are priori-
tised, and whether institutional arrangements remain open to critique, contestation, and 
revision.

In this respect, the model aligns with wider critical work in AI and education that 
treats digital systems not as neutral enhancements to teaching and learning, but as infra-
structures that reshape institutional judgment, responsibility, and educational relations 
[44, 45, 57]. The analytical value of the ecosystem perspective becomes particularly vis-
ible in conditions of misalignment. A university may implement technically advanced 
AI systems for automated feedback and assessment at scale, yet fail to ensure alignment 
with pedagogical design, resulting in feedback that is efficient but educationally shal-
low or misdirected. Similarly, institutional policies may emphasise ethical AI use and 
transparency, while faculty lack the expertise or confidence to interpret and challenge 
AI-generated outputs, limiting meaningful accountability in practice. Conversely, peda-
gogically innovative uses of AI may struggle to gain traction where governance struc-
tures are underdeveloped or institutional strategy is unclear.

A key contribution of the model is that it reframes assessment as an ecosystem rather 
than a tool context. This shift matters conceptually because it resists linear accounts of 
AI adoption in which a new technology is introduced and then subsequently adjusted 
through policy, ethics, or professional development. Instead, the framework treats tech-
nological innovation, pedagogy, governance, faculty and professional readiness, and 
ethical and inclusive implementation as mutually constitutive domains. In practice, 
this means that no single dimension can be treated as sufficient on its own. Technically 
advanced systems may still be pedagogically misaligned; ethically ambitious policies may 
fail without institutional coordination; and governance structures may remain ineffec-
tive if staff lack the confidence or expertise to critically interpret AI outputs [20, 47].

The model also contributes to current debates in digital education by insisting that 
assessment is a particularly high-stakes site for AI integration. Assessment is the process 
by which educational values are translated into judgments of quality, progression, and 
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performance [30]. For that reason, decisions about AI in assessment carry implications 
not only for efficiency and innovation but also for validity, trust, fairness, inclusion, and 
institutional legitimacy. By situating assessment within a wider sociotechnical ecosys-
tem, the framework highlights that AI adoption in this domain cannot be adequately 
evaluated by performance metrics or implementation success alone. It must also be 
judged in relation to educational purpose, transparency, contestability, student agency, 
and the distribution of benefits and risks across different learners and institutional con-
texts [13, 36].

A further contribution of the framework is that it provides a diagnostic language for 
analysing why AI initiatives succeed, stall, or become contested within institutions. In 
many settings, AI adoption may be driven primarily by technical possibility, efficiency 
pressures, or strategic positioning, while pedagogical purpose, staff readiness, and ethi-
cal inclusion are addressed only later or unevenly. The AI-Assessment Ecosystem Model 
clarifies why such sequencing is problematic by showing that legitimacy depends on the 
coordination and contestation of domains rather than progress within any one of them. 
In this respect, the model also aligns with critical work that cautions against reducing 
AI in education to questions of optimisation or innovation alone, instead foregrounding 
the social, political, and institutional harms that may follow when educational practices 
are reorganised around machine-readable logics [45]. By bringing into one framework 
concerns that recent British Journal of Educational Technology scholarship has often 
examined through separate lenses—including assessment validity and learning analytics, 
teachers’ digital assessment practices, generative AI and authentic assessment, and AI 
literacy—the AI-Assessment Ecosystem Model is intended to contribute a more inte-
grated conceptual language for ongoing debate in the journal [8, 11, 26, 56].

A further value of the framework lies in its heuristic potential. For researchers, the 
model provides a conceptual structure for examining how different dimensions of AI-
enabled assessment interact, where tensions emerge, and how legitimacy is negotiated 
across institutional contexts. For higher education institutions, it offers a way to diag-
nose whether AI initiatives are shaped predominantly by technological possibility, policy 
pressure, institutional risk management, or educational rationale, and whether sufficient 
attention is given to governance, staff preparedness, student participation, and inclusion. 
The framework is therefore not presented as a validated implementation model or as a 
checklist that guarantees responsible practice. Its contribution is analytical rather than 
predictive: it is intended to support critique, interpretation, and comparative inquiry 
rather than prescribe a universal route to adoption.

The framework also has clear limitations. It is derived from conceptual synthesis 
rather than empirical testing, and its five domains reflect interpretive judgment about 
how the literature can be organised rather than fixed categories established through vali-
dation across multiple contexts [53]. The model is intended to support analysis, not to 
claim universal completeness. Its usefulness will depend on how well it travels across 
institutional settings, disciplinary traditions, regulatory environments, and learner pop-
ulations. Further research is therefore needed to explore how the domains interact in 
practice, where misalignments are most consequential, and how the framework might 
be refined through empirical study. Comparative work across higher education contexts, 
as well as participatory research involving students and educators, would be especially 
valuable in testing the framework’s relevance and limits.
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3  Conclusion
This paper has developed the AI-Assessment Ecosystem Model, a conceptual frame-
work for understanding the integration of artificial intelligence into higher education 
assessment. In contrast to approaches that treat AI primarily as a technical innovation 
or implementation problem, the framework argues that assessment must be understood 
as a sociotechnical, pedagogical, institutional, professional, and ethical phenomenon. To 
capture that complexity, the model brings together five interrelated domains: technolog-
ical innovation, pedagogical alignment and learner needs, institutional strategy and gov-
ernance, faculty and professional readiness, and ethical and inclusive implementation.

The paper’s central argument is that responsible AI use in assessment cannot be 
secured solely through technological capability. Nor can it be achieved by addressing 
ethics, governance, pedagogy, professional development, or inclusion in isolation. AI 
becomes educationally legitimate only when these domains are considered together and 
when their tensions are made visible, debated, and governed. The ecosystem perspective 
developed here, therefore, offers a way to move beyond fragmented accounts of AI in 
assessment towards a more integrated understanding of how technologies, values, prac-
tices, students, and institutional conditions interact and, at times, come into tension in 
shaping assessment practice.

The paper’s contribution is primarily conceptual, but not merely synthetic. It offers a 
framework for explaining why the legitimacy of AI-enabled assessment depends not on 
technical capability alone, but on the interaction of multiple interdependent domains 
whose tensions and misalignments shape assessment practice in consequential ways. By 
grounding legitimacy in institutional theory, the paper also clarifies that legitimacy is 
not the same as consensus or simple alignment. AI-enabled assessment may be pragmat-
ically attractive to institutions, morally contested by students or faculty, and cognitively 
normalised through policy and routine, even when its educational justification remains 
uncertain. The model, therefore, reframes AI in higher education assessment as a prob-
lem of relational coordination, institutional legitimacy, and value contestation rather 
than implementation alone.

The model is not presented as a validated implementation tool or as a complete solu-
tion to the challenges of AI-enabled assessment. Rather, it is intended as a conceptual 
ecosystem framework for examining the tensions, dependencies, and responsibilities 
that shape how AI is adopted, interpreted, challenged, and revised in higher education 
assessment contexts. Future research should therefore investigate how the five domains 
interact in practice, where their tensions are most acute, and how legitimacy is negoti-
ated across institutional, disciplinary, regulatory, and learner contexts. Empirical work 
should pay particular attention to student voice, faculty judgment, inclusive design, dis-
ciplinary differences, and governance arrangements that allow AI-supported assessment 
decisions to be explained, contested, and changed.

Ultimately, the value of the AI-Assessment Ecosystem Model lies in its effort to clarify 
what is too often treated as separate. AI in assessment is not only a matter of what sys-
tems can do, but of how educational institutions define purpose, distribute responsibil-
ity, exercise judgment, include diverse learners, and sustain legitimacy in increasingly 
‘datafied’ environments. By framing assessment as an ecosystem rather than a techni-
cal application, this paper offers a more integrated basis for understanding not only the 
promises of AI in higher education, but also the tensions, dependencies, and conditions 
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under which its use can be educationally defensible, ethically legitimate, inclusive, and 
institutionally governable.
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