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APPLYING GENERATIVE ARTIFICIAL INTELLIGENCE
IN HIGHER EDUCATION: RISKS, TECHNOLOGICAL
LIMITATIONS, AND THE DISTRIBUTION OF RESPONSIBILITY

Abstract. The article analyses the use of generative artificial intelligence
in higher education through the perspective of risks, technological limitations, and
the distribution of responsibility among the key participants in the educational
process. The relevance of the topic is determined by the rapid spread of generative
models in teaching, learning, academic writing, assessment, instructional design,
and research support, while the pace of their integration exceeds the development
of coherent pedagogical, ethical, legal, and institutional regulatory frameworks.
The purpose of the article is to provide a theoretical substantiation of the risks and
technological limitations associated with the use of generative artificial
intelligence in higher education and to develop a model of distributed
responsibility under conditions of its implementation. The study is based on
theoretical analysis of scholarly literature, international and national policy and
regulatory documents, comparative legal analysis, as well as the methods of
classification, systematization, generalization, and modelling. As a result, the
principal groups of risks associated with the use of generative artificial
intelligence in higher education are systematized, namely academic, cognitive,
informational and content-related, ethical, legal, and organizational-managerial
risks. The article distinguishes between risks and the technological limitations of
generative systems, including the probabilistic nature of generation, the tendency
to hallucinate, dependence of output quality on prompt quality, opacity of
response formation mechanisms, variability of results, and limited contextual
sensitivity. An authorial model of distributed responsibility is proposed,
encompassing three levels: the student, the teacher, and the higher education
institution. It is concluded that the most productive model for regulating the use
of generative artificial intelligence in higher education is an institutionally
regulated, human-centered, and accountable approach grounded in human
oversight, verification, and distributed responsibility.
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KoBasenko Oxcana FOpiiBHa, kanaugaT QuionoriyHuX Hayk, JOLEHT,
JOIIEHT KadeapH Mearoriky, 1Ho3eMHO1 (i0JI0Tii Ta mepeKiaxy, XapKiBChKUM
HAI[lOHANbHUN eKOHOMIuHMI yHiBepcuTeT iMmeHi Cemena Kysmuens, Xapkis,
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3ACTOCYBAHHA 'EHEPATUBHOI'O ITYYHOTI'O IHTEJIEKTY Y
BUIIIN OCBITI: PU3UKHU, TEXHOJIOTTYHI OBMEXXEHHA TA
PO3ITOALJI BIAITOBIJAJIBHOCTI

AHoTanmisi. Y cCTaTrTi NOpoaHaNi30BaHO 3aCTOCYBAHHS TI'€HEPATUBHOIO
MITYYHOTO IHTEJEKTY Yy BHUIIIH OCBITI Kpi3b MPU3MY PHU3HKIB, TEXHOJIOTIYHUX
0OMEKEHb 1 PO3MOJIUTY BIAMOBIIAIBHOCTI MI>K OCHOBHHUMH YYaCHUKaMHU OCBIT-
HBOTO TpoIeCcy. AKTYaJbHICTh TEMH 3yMOBIIEHA CTPIMKHM MOIIUPEHHIM
IreHEPATUBHUX MOJIEJIEH y MpakTUKaX HaBUaHHS, BUKJIQJAHHS, aKaJeMIYHOTO
MMCbMa, OIIHIOBAHHS, IMiJITOTOBKM HAaBYAJIBHUX MaTepialliB 1 HAYKOBOI poOOTH,
TOAl SIK IIBUAKICTH IX IHTErpaimii BUIEpeIkae (OPMYBaHHA ULIITICHUX
MeJaroriYHuX, ETHYHUX, IPABOBUX Ta IHCTUTYIIHHUX MEXaH13MIB PEryJIIOBaHHS.
MeTo10 cTaTTi € TEOPETUYHE OOTPYHTYBAHHS PU3UKIB 1 TEXHOJIOTTYHUX OOMEKEHb
3aCTOCYBaHHS N€HEPATUBHOTO IITYYHOI'O IHTENEKTY y BHUILIIA OCBITI, a TAKOX
pO3pOOJICHHST MOJIeNll  PO3MOAUICHOI  BIAMOBIJAILHOCTI B yMOBax MOro
BUKOPUCTAaHHA. Y JOCHIJPKEHHI BHUKOPHUCTAHO TEOPETHYHUN aHalli3 HayKOBOi
JiTepaTypH, MIKHAPOJHHUX 1 HAIIIOHAJIbHUX HOPMATUBHUX Ta PEKOMEHIAIIMHUX
JOKYMEHTIB, MOPIBHSUIBHO-TIPABOBUI aHali3, METOIM Kiacu(ikalli, cucrtema-
TH3aIlli, y3araJbHEHHS Ta MOJEIIOBaHHA. Y pe3yJbTaTi CHCTEeMaTH30BaHO
OCHOBHI TPYNH PHU3HKIB 3aCTOCYBAHHS F€HEPATHUBHOTO IITYYHOrO IHTEIEKTY Y
BHUIIIIM OCBITI: akaJleMIuH1, KOTHITUBHI, 1HPOpPMaIiliHO-3MICTOBI, €TUYHI1, TPABOBI
Ta Opra”izamiifHO-yMpaBIIHCHKI. PO3MEXOBAaHO PHU3UKH Ta TEXHOJIOTIYHI
O0OMEKEHHS T€HEPATUBHUX CUCTEM, JI0 SIKUX BIJJHECEHO IMOBIPHICHUH XapakTep
reHeparlii, CXUJIbHICTh J10 TATIOLMHAIIIN, 3aJIeKHICTh SKOCT1 BIJIMOB1/II BiJ] IKOCTI
3aMuTy, HEMPO30PICTh MEXaHi3MIB (OpMyBaHHSI pe3yJbTaTy, BaplaTUBHICTH
BIJIMOBIACH 1 00MEXKEHY KOHTEKCTyallbHy Uy TJIMBICTh. 3alIPOIIOHOBAHO aBTOPCH-
Ky MOJIeJIb PO3MOJILJIEHOI BiJMOBIATBHOCTI, 110 OXOIUIIOE TPU PiBHI: 3700yBay
OCBITH, BUKJIaJady, 3aKJaJ BUIIOI OCBITH. 3pOOJIEHO BHUCHOBOK, IO MPOAYK-
TUBHOIO MOJIEJUIIO BPETYJIOBAHHA BHUKOPUCTAHHS TE€HEPATHBHOIO IITYYHOI'O
IHTEJIEKTY Y BUILIM OCBITI € THCTUTYLIMHO BPETYJIbOBAHUM, TIOIUHOLUEHTPUUHUAN
1 TIA3BITHUN TIAX1Jd, 3aCHOBAaHWUN Ha JIOJACHRKOMY Harisl, Bepudikaiii Tta
PO3IOIIICHIH BIATIOBIIATEHOCTI.
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Kiro4oBi cj10Ba: reHepaTUBHHM IMITYYHUH 1HTEIICKT; BHINA OCBITa; PU3HKHU
3actocyBanHs IIII; TexHoyoriyHI OOMEXKEHHS; akKajaeMiuHa J00pOYECHICTD;
PO3MOIUSICHA BiIMOBIIATBHICTD; JIIOJICHKUI HATIISA; THCTUTYIIIIHI O TUKH.

Problem Statement. The rapid spread of generative artificial intelligence
in contemporary society has become one of the most visible technological factors
shaping the transformation of the educational environment. These changes are
especially evident in higher education, where generative models are already being
used for text production, information selection and summarization, the
preparation of teaching materials, the automation of certain instructional
functions, language support, the structuring of research ideas, the preliminary
analysis of data, and the generation of feedback. At the same time, the university
environment, which has traditionally relied on intellectual independence, critical
thinking, source verification, and the responsible production of knowledge, has
found itself in a situation in which new digital tools simultaneously open up
significant opportunities and generate fundamentally new challenges [1-7].

The complexity of the issue lies in the fact that generative Al is often
interpreted in educational discourse in an overly simplified manner: either as a
convenient technical tool that increases learning efficiency or as a direct threat to
academic integrity. Both positions are partly justified, yet neither is sufficient. In
reality, the use of generative Al in higher education transforms not only the
techniques by which tasks are completed, but also the very structure of learning
activity, modes of cognitive work, conceptions of authorship, assessment criteria,
the boundaries of student autonomy, and the responsibilities of teachers and
institutions.

For this reason, the problem of generative Al use cannot be reduced merely
to plagiarism prevention, text checking, or the revision of wording in academic
integrity policies. It requires comprehensive pedagogical, ethical, legal, and
managerial reflection [1; 2; 5; 6].

The issue becomes particularly acute because generative Al operates in
education under conditions of uneven regulation. Technological solutions are
developing more rapidly than university policies, methodological guidance, and
scientifically grounded implementation models. As a result, teachers, students,
and university administrations are often compelled to act situationally: adapting
to new tools without sufficiently clear rules, without a stable understanding of the
boundaries of permissible use, without agreed approaches to declaring Al
assistance, and without established procedures for responding to contested cases.
It is precisely this situation that creates an elevated zone of risk: the tool is already
being actively used, while a culture of its responsible use has not yet been fully

formed [8-10].
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In recent years, international documents have addressed this issue in a
broader context. UNESCO, the Council of Europe, the European Union, NIST,
OECD, and the European Commission consistently emphasize human oversight,
transparency, accountability, the protection of human rights, non-discrimination,
information security, result verification, and a risk-based approach to Al use [1-
7]. Within these documents, education is treated as a sensitive domain in which
errors, distortions, algorithmic bias, or opacity of decision-making may entail not
only technical but also social, legal, and moral consequences. For higher
education, this means that the use of generative Al should be regulated not only
according to the logic of innovation, but also according to the logic of
responsibility.

In the Ukrainian context, the issue of generative Al in higher education has
also acquired institutional relevance. The Ministry of Education and Science of
Ukraine has issued recommendations on the use of artificial intelligence in higher
education institutions, while the Ministry of Digital Transformation of Ukraine
has proposed a strategic vision for future Al regulation through a White Paper and
a regulatory roadmap [8-10]. This indicates a gradual shift from general interest
in the technology to the need for its orderly, lawful, and pedagogically sound
application. However, scholarly reflection on this issue, especially with regard to
the integration of risks, technological limitations, and the distribution of
responsibility among the key participants in the educational process, remains
insufficiently systematized.

Accordingly, the research problem lies in the fact that the practice of using
generative Al in higher education is developing more rapidly than coherent
scholarly approaches to the classification of risks, the delineation of the
technological reliability limits of these systems, and the determination of the
responsibilities of the student, the teacher, and the higher education institution.
Under such conditions, particular importance attaches to the need to move from
the spontaneous use of generative Al to an institutionally regulated model
grounded in the principles of human control, academic integrity, transparency,
verification, and distributed responsibility [1; 3; 4; 8].

Analysis of Recent Research and Publications. The contemporary body
of research and normative-recommendatory documents devoted to generative Al
in higher education is sufficiently broad, though internally heterogeneous. It may
be provisionally divided into several substantive blocks, each capturing a distinct
aspect of the problem. The first block comprises international framework, ethical,
and legal documents that formulate general principles for the responsible use of
artificial intelligence. These include UNESCO documents, the Council of Europe
Framework Convention, the EU Al Act, OECD recommendations, the ethical
guidelines of the European Commission, and the NIST Al Risk Management
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Framework [1-7]. Although these sources are not limited exclusively to the
educational context, they provide the normative and conceptual framework
without which any analysis of generative Al in higher education would remain
incomplete.

UNESCO documents stress that generative Al should be considered
through the lens of human-centeredness, fairness, safety, transparency, the
protection of human rights, and the preservation of human agency [1; 2]. The
distinctive feature of this approach is that it does not oppose innovation to ethics;
on the contrary, it requires their integration. For education, this means that the
implementation of generative Al cannot be assessed solely on the basis of
functional convenience or productivity; it must also be evaluated in relation to
educational aims, principles of integrity, the protection of the individual, and
conditions of equitable access to learning.

The European legal approach, represented above all by the Al Act, proceeds
from a risk-based logic. Its essence lies in the recognition that different Al systems
create different levels of risk and therefore require different levels of regulatory
attention [4]. For higher education, the value of this approach lies in the possibility
of moving beyond the simplified dilemma of “allow or prohibit” toward a more
flexible analysis of the specific educational contexts, task types, and conditions
under which the use of generative Al is acceptable, undesirable, or in need of
enhanced control.

The second important block of research comprises works devoted to the
impact of artificial intelligence on learning, teaching, and educational policy in
general. The studies of I. Tuomi, W. Holmes, M. Bialik, C. Fadel, and R. Luckin
emphasize that the introduction of Al into education is not merely a technical
update of the instructional toolkit. It transforms the logic of the learning
environment, the structure of teacher—student interaction, approaches to
individualization, and the very understanding of what it means to “learn,” “know,”
“explain,” and “create” [11-14]. These works are important for the present study
because they make it possible to view generative Al not as an accidental digital
novelty, but as part of a broader transformation of the educational process.

The third block consists of studies devoted to academic integrity and shifts
in the nature of learning outcomes. The works of D. R. E. Cotton, P. A. Cotton, J.
R. Shipway, K. Bittle, O. El-Gayar, J. Rudolph, S. Tan, and others analyze in
detail the risks associated with the use of ChatGPT and similar systems for writing
academic texts, completing homework, preparing written responses, and even
undertaking certain forms of assessment [15-17]. These studies convincingly
show that the problem is not limited to identifying dishonest behavior. Generative
Al effectively calls into question traditional criteria for evaluating text-based
assignments, compels a reconsideration of authorship, and raises the issue of
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which intellectual operations within the educational process must remain
distinctly human.

A separate body of work addresses student acceptance of generative Al,
pedagogical scenarios for its use, and institutional university policies. In the
studies of Y. Qian, Y. Jin, A. Strzelecki, A. Polyportis, A. Arowosegbe, J. Cabero-
Almenara, as well as in the analytical materials of EDUCAUSE and HEPI, a
different focus emerges: not only on risks, but also on actual use practices [18—
26]. These studies indicate that students actively integrate generative Al into
everyday learning activity—for idea generation, style improvement, translation,
plan development, explanation of complex topics, and source summarization. At
the same time, teachers and administrators often lack a unified vision of the
permissible limits of such use. As a result, a gap arises between actual practice
and formal rules.

It is also important that a large share of current research addresses
generative Al primarily in one of two modes: either as a tool for improving
efficiency and supporting learning, or as a source of threats to academic integrity.
Much less frequently do we find studies that systematically analyze risks,
technological limitations, and mechanisms for distributing responsibility among
the student, the teacher, and the institution at the same time.

This theoretical gap is crucial, because without such an integrated approach
it is difficult to construct a truly effective model for regulating the use of
generative Al in higher education.

Moreover, in the Ukrainian scholarly and educational space, this topic
remains at a formative stage. Official recommendations have already appeared
[8], and strategic documents on Al regulation have also been outlined [9; 10], yet
scholarly texts still lack systematic models that draw upon international
approaches while remaining relevant to the specific context of Ukrainian higher
education. In light of this, the scholarly novelty of the proposed study lies not only
In summarizing existing approaches, but also in their conceptual integration.

Thus, the analysis of sources shows that the contemporary scholarly and
normative discourse has already accumulated significant material for
understanding generative Al in higher education. However, this material remains
dispersed across several thematic fields: ethics, law, digital pedagogy, academic
integrity, and educational governance. It is precisely for this reason that the
creation of an integrated model combining a classification of risks, an analysis of
technological limitations, and a distribution of responsibility among the main
participants in the educational process is especially relevant.

Purpose of the Article. The purpose of the article is to provide a theoretical
substantiation of the risks and limitations of the use of generative artificial
intelligence in higher education and to develop a model of distributed
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responsibility among participants in the educational process under conditions of
its use.

Main Body of the Study. Methodologically, the study is based on a
combination of the analysis of scholarly literature, international and national
normative and recommendatory documents, comparative legal analysis,
systematization, classification, and modelling. Such a combination of methods is
justified because the problem itself is interdisciplinary in nature and cannot be
explained solely within a single scholarly perspective. The analysis of sources
makes it possible to identify dominant approaches to understanding generative
Al; comparative legal analysis allows international and Ukrainian frameworks to
be compared; classification makes it possible to systematize risks; and modelling
allows the formulation of an authorial concept of distributed responsibility.

A point of fundamental importance for this study is the distinction between
the concepts of “risks” and “technological limitations.” In scholarly and public
discourse, these notions are often conflated, although they refer to different
analytical levels. Risks are the potential negative consequences of the use of
generative Al in the educational process for actors, procedures, learning
outcomes, and institutional mechanisms. Technological limitations are the
properties of the models themselves that determine the boundaries of their
reliability and suitability for educational use. It is precisely the failure to
distinguish between these two levels that often leads to erroneous conclusions—
for example, the expectation that a technological tool will automatically ensure
educational quality, or the attribution of responsibility solely to the user in cases
where the problem is partly attributable to the internal limitations of the system
[1;5; 6; 11].

First of all, academic risks should be considered. Higher education has
traditionally rested on the idea that an academic outcome should reflect the
student’s own intellectual work: the degree of understanding of the material, the
ability to analyze, interpret, argue, and synthesize. Generative Al complicates this
relationship because it enables the rapid production of grammatically correct,
stylistically orderly, and logically structured texts. As a result, the risk increases
that a genuine learning outcome will be replaced by a product that only externally
resembles independent academic work [15-17].

It is important to emphasize that the academic risk here lies not only in the
possibility of deliberate rule violation. A much broader phenomenon is the
blurring of the boundary between permissible instrumental support and the actual
delegation of an intellectual task to the system. For example, is it acceptable to
use Al for stylistic editing? For building a text outline? For generating examples?
For drafting? For paraphrasing? For identifying arguments? It is precisely in such
borderline cases that the deeper complexity of the problem becomes evident. If
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the institution does not define the rules clearly, and the teacher does not specify
the limits, the student finds themselves in a space of uncertainty where a violation
may occur not only because of dishonest intent, but also because of the absence
of agreed norms [8; 15; 22].

The second group consists of cognitive risks. These are no less serious,
although at times less obvious than academic ones. The educational process in
higher education is intended not only to ensure the presence of a correct answer,
but also to cultivate the ability to formulate questions independently, analyze
information, compare positions, notice contradictions, identify weak points in an
argument, and construct one’s own judgment. If generative Al begins
systematically to perform these cognitive operations on behalf of the student, the
risk arises of weakening precisely those intellectual capacities that the university
Is meant to develop [11; 18; 20].

In this context, it is more appropriate to speak not of “laziness” or an
“unwillingness to think,” but of a change in the very architecture of learning
activity. If a student becomes accustomed to turning first to the system for a ready-
made explanation and only afterwards to sources, the teacher, or their own
analysis, the sequence of the cognitive process changes. Al begins to perform the
role not of an auxiliary but of a primary interpreter of knowledge. This is
particularly dangerous in disciplines where not only facts but also the process of
reasoning, argumentation, methodological doubt, and reflection are important.
Generative Al may create an illusion of depth while in fact offering only a quickly
constructed probabilistic answer.

The third group comprises informational and content-related risks.
Generative Al is capable of producing persuasive yet factually false statements,
fabricated bibliographic entries, non-existent quotations, and erroneous
interpretations of scholarly concepts. This is particularly dangerous for academic
writing and research, where the external coherence and stylistic unity of an answer
may be mistakenly perceived as a sign of credibility. It is for this reason that
international recommendations consistently emphasize the mandatory human
verification of results generated with the help of generative Al [1; 2; 6].

For research and academic writing, this problem is critical. If fabricated
sources, erroneous facts, or incorrect interpretations enter an academic or research
text, the very foundation of the university culture of knowledge is undermined.
For this reason, generative Al cannot be used as an autonomous source of facts,
quotations, or bibliography without mandatory verification. Otherwise, a tool
intended to accelerate work begins in effect to generate new forms of
informational noise and academic unreliability [1; 6; 16].

The fourth group consists of ethical risks. These include algorithmic bias,
the reproduction of stereotypes, unequal access to high-quality tools, and the
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delegation of sensitive functions to systems whose operational logic remains
opaque to the user. The ethical problem of generative Al in higher education lies
in the fact that even when the system is not used for formal decision-making, it
still influences the educational process: it suggests formulations, structures
arguments, offers examples, and shapes patterns of thinking. If bias is embedded
in these patterns, it may be reproduced and normalized in the educational
environment [2; 3; 5; 7].

In addition, the ethical dimension includes questions of fairness of access.
Not all students have equal access to paid versions of services, the same level of
digital literacy, the same proficiency in English, the same prompt-writing skills,
or the same experience in critically using digital tools. As a result, the same
technologies may intensify not only productivity but also inequality. Accordingly,
generative Al in education cannot be evaluated solely as a universal means of
improving efficiency; it is necessary to consider who benefits most from it and
who is placed at a disadvantage [7; 20; 23].

The fifth group is made up of legal risks. These include issues of
confidentiality, personal data protection, copyright, the legal status of generated
content, and the possibility that user-entered data may be used for further model
training. The university environment is particularly vulnerable to these risks, since
fragments of manuscripts, unpublished research materials, students’ personal
data, sensitive information about learning outcomes, or internal documents may
be entered into external services. In the absence of clear rules, this practice creates
a risk of unauthorized dissemination or reuse of data [2-6; 9].

Legal risks become especially significant because authorship in the era of
generative Al is becoming increasingly complex. If a text is generated with the
assistance of Al but substantially revised by a human, what is the status of such a
text? If Al suggests formulations that are subsequently integrated into a scholarly
paper, does this require explicit declaration? If a teacher uses generative Al to
create teaching materials or tests, should students be informed of this? These
questions go beyond purely technical discussion and directly concern the legal
culture of the academic environment.

The sixth group consists of organizational and managerial risks. These arise
when the use of generative Al is already taking place in practice, while
institutional rules remain uncoordinated, fragmentary, or silent. In such a case,
one teacher may allow the use of Al for drafting, another may regard this as
misconduct, and a third may formulate no rules at all. The absence of institutional
coherence creates risks of inequality of conditions, conflicts over assessment,
distrust in procedures, and blurred responsibility [8; 22; 25; 26].

It becomes clear here that generative Al is not only a pedagogical or
technological challenge, but also a governance challenge. The university must
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address not only the question of “whether to allow it,” but also the questions of
“how to regulate it,” “how to teach responsible use,” “how to respond to
violations,” “how to update policies,” and “how to preserve a balance between
innovation and integrity.” In this sense, institutional governance becomes one of
the central elements of the responsible integration of generative Al into higher
education.

Alongside risks, it is crucial to analyze the technological limitations of
generative Al. The first of these is the probabilistic nature of generation. A
generative model does not possess knowledge in the human sense and does not
engage in understanding as a conscious subject. Rather, it computes a statistically
probable continuation of a prompt based on patterns learned during training. For
this reason, even a highly persuasive answer is not a guarantee of truth. It is
precisely this property that underlies hallucinations and the false equation of
linguistic coherence with factual accuracy [1; 11; 13].

The second limitation is the tendency to hallucinate. In the educational
environment, this is particularly dangerous because the student may not possess a
sufficient level of subject-matter competence to identify the error in time. If the
system provides a fabricated article, a non-existent date, a distorted concept, or a
false conclusion, and the user fails to verify the answer, the error becomes
integrated into the learning outcome. In this way, hallucination ceases to be
merely a technical flaw and becomes an educational problem.

The third limitation is the dependence of output quality on prompt quality.
Generative Al is extremely sensitive to prompt formulation, contextual
completeness, the structure of instructions, and linguistic precision. This means
that the same system may produce substantially different results for different users
not because of differences in subject knowledge, but because of differences in
digital competence. Consequently, prompt writing becomes a new ‘“hidden
variable” of the educational process, one that may reinforce inequality while
simultaneously creating an illusion of the tool’s objectivity [18; 20; 21].

The fourth limitation is the opacity of response formation. The user sees the
final text but does not have access to the internal logic of the weights, priorities,
and connections that determined the result. This creates a serious problem for
education and research, where verification, reproducibility, and reasoned
justification are core values. If one cannot sufficiently explain why the system
arrived at a particular formulation, the possibilities for full critical evaluation of
its answer are restricted [3-6].

The fifth limitation is the instability and variability of output. The system
may provide different answers to identical or nearly identical prompts. While this
may not always be critical for everyday use, in the educational environment such
instability creates additional difficulties. For example, if a student relies on a
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system response as support for an argument and that response is not stably
reproducible, the reliability of such a tool as a source of support is diminished.

The sixth limitation is limited contextual and value sensitivity. Generative
models may simulate complex argumentation, but they do not possess human
responsibility, experience, intentionality, or moral judgment. For this reason, they
cannot replace the teacher as mentor, expert, and bearer of pedagogical
responsibility, nor the student as the subject of learning who must not merely
reproduce text, but develop an independent judgment. This is why the use of
generative Al in higher education must remain auxiliary rather than autonomous
[1;2; 11; 14].

In summarizing the above, it should be stressed that the technological
limitations of generative Al are not a secondary detail that can be ignored in the
name of convenience. On the contrary, it is precisely these limitations that explain
why no educational outcome produced with the assistance of such systems can be
considered reliable without human verification. Ignoring these limitations leads
to inflated expectations, and inflated expectations in turn lead to pedagogical,
ethical, and organizational errors.

Under such conditions, the most productive approach appears to be a model
of distributed responsibility. Its principal advantage lies in the fact that it does not
reduce the problem of generative Al use to a single actor. A total prohibition of
generative Al is unrealistic and pedagogically insufficient: it does not eliminate
the problem, but merely displaces it into the informal sphere. Unregulated use is
likewise unacceptable, since it creates room for abuse, inequality, and procedural
uncertainty. By contrast, a distributed responsibility model makes it possible to
define clearly the functions and limits of each participant in the educational
process.

At the individual level, responsibility rests with the student. This means,
above all, responsibility for independent thinking, academic integrity, fact-
checking, and the proper use of the tool. Students must understand that generative
Al does not exempt them from the obligation to comprehend the content of the
submitted text, verify sources, assess the truthfulness of claims, and bear
responsibility for the final result. In cases where this is required by course rules,
students must also declare the fact and manner of Al use. Accordingly, student
responsibility does not consist in “never using Al,” but in not allowing it to replace
their own intellectual work.

At the pedagogical level, responsibility rests with the teacher. Under
current conditions, this can no longer be reduced merely to checking final
assignments. The teacher must design learning tasks in such a way that they
stimulate understanding rather than mere text reproduction; formulate transparent
rules regarding the permissible boundaries of generative Al use; explain the
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rationale behind those rules to students; and create forms of assessment that make
it possible to evaluate genuine cognitive work. These may include oral defenses,
staged submission of materials, reflective commentaries on the tools used,
comparisons of text versions, explanations of the source base, and justifications
of decisions. In this way, the teacher is responsible for the pedagogical resilience
of the educational environment under conditions of Al use.

At the institutional level, responsibility rests with the higher education
Institution. It is the institution that must establish the rules of the game: approve
internal policies, align them with academic integrity and data protection rules,
prepare methodological guidance, ensure the development of digital and ethical
competence among teachers and students, define procedures for examining
contested cases, and maintain unified standards of communication. If the
institution fails to do so, it effectively shifts all responsibility onto the individual
teacher or student, even though a substantial part of the problem is systemic [8—
10; 22; 25; 26].

Accordingly, the proposed authorial model of distributed responsibility
may be represented as a triadic structure: student — teacher — higher education
institution. Its scholarly value lies in the fact that it makes it possible to move
beyond the simplified logic of searching for a single “culprit” and instead adopt a
systemic view of regulation. If a student uses generative Al non-transparently,
this may be an individual violation. But if the institution has not established rules
and the teacher has not defined the limits of tool use, the situation can no longer
be regarded as purely individual. On the contrary, it reveals an institutional gap.

Within this model, it is also appropriate to identify the principles of the
responsible use of generative Al in higher education. First is the principle of the
primacy of human judgment: final interpretation, evaluation, and responsibility
remain with the human actor. Second is the principle of transparency of use: Al
assistance must not be disguised as fully independent work where this would
contradict course or institutional rules. Third is the principle of verification: no
fact, quotation, source, or argument obtained through Al may be used without
checking. Fourth is the principle of proportionality: different types of tasks may
imply different regimes of permissible Al use. Fifth is the principle of institutional
clarity: the university must provide understandable rules in order to avoid chaotic
inconsistency of requirements. Sixth is the principle of competence development:
both students and teachers must learn not only how to use Al, but also how to
evaluate it critically. Seventh is the principle of data protection and harm
minimization: the use of external systems must not violate the rights of
participants in the educational process.

This model supports a transition from a simplified perception of Al use in
education to a more substantive framework centred on the conditions, limits, and
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principles under which such use may be considered educationally justified,
ethically acceptable, and legally appropriate. This marks a key shift in
perspective: generative Al is understood not as inherently beneficial or harmful,
but as a tool whose integration requires a mature pedagogical, ethical, and
institutional culture.

Conclusions. The article substantiates that the use of generative artificial
intelligence in higher education is accompanied not by isolated but by
systemically interconnected academic, cognitive, informational-content, ethical,
legal, and organizational-managerial risks. It is demonstrated that these risks
cannot be reduced solely to the issue of academic misconduct or to the technical
convenience of the tool. They concern the deep foundations of university
education: the nature of authorship, the structure of cognitive work, assessment
criteria, the boundaries of autonomy, rules for working with data, and institutional
governance.

It has been established that the risks associated with the use of generative
Al should be clearly distinguished from the technological limitations of the
models themselves. These limitations include the probabilistic nature of
generation, the tendency to hallucinate, dependence of output quality on prompt
quality, opacity of response formation mechanisms, output variability, and limited
contextual sensitivity. It is precisely these properties that explain why generative
Al cannot be treated as an autonomous subject of knowledge or as a full substitute
for human academic judgment.

The article argues that the most productive model for regulating the use of
generative Al in higher education is a model of distributed responsibility. Within
this model, the student is responsible for integrity, verification, and the
independence of intellectual work; the teacher is responsible for pedagogical
design, rule formulation, and assessment methods that make it possible to evaluate
genuine understanding; and the higher education institution is responsible for
internal policies, methodological support, procedural clarity, and the protection of
the rights of participants in the educational process. This model is more productive
than either a total prohibition or unregulated use.

The practical significance of the study lies in the fact that the proposed
model may serve as a conceptual basis for the development of internal higher
education institution policies on generative Al, the revision of academic integrity
rules, the preparation of recommendations for teachers and students, and the
formation of procedures for reviewing disputed cases. Its theoretical significance
lies in the systematization of risks, the distinction between risks and technological
limitations, and the clarification of the multilevel logic of responsibility.

Prospects for further research are seen in the development of discipline-
specific models of generative Al use for different fields of study, in the
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specification of criteria for the acceptable declaration of Al use in academic work,
in the study of the impact of generative systems on the formation of critical
thinking and academic autonomy, and in the analysis of institutional practices in
Ukrainian higher education institutions in this area. Overall, the article concludes
that generative Al in higher education requires a transition from spontaneous use
to an institutionally regulated, human-centered, and accountable model grounded
in human oversight, transparency, and distributed responsibility.
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