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1. Introduction

Generative artificial intelligence (AI) has rap-
idly become a central force in modern education,
enabling students to produce essays, conduct anal-
yses, and provide solutions in seconds. The pro-
liferation of such tools—most notably ChatGPT,
Google Gemini, and Claude—has sparked both en-
thusiasm for their educational potential and con-
cern over their impact on learning outcomes, orig-
inality, and ethical standards. Since 2023, institu-
tions worldwide have reported an escalating num-
ber of academic integrity cases linked to Al-assisted
work (Goodier, 2025), while simultaneously explor-
ing how these tools might be harnessed to support
teaching and learning.

The integration of AI in academic contexts
raises a central problem: how can educators and
institutions adapt to an environment where hu-
man and artificial authorship are increasingly inter-
twined, and where detection technologies remain
imperfect (Goodier, 2025)? Addressing this ques-
tion requires a systematic understanding of current
usage patterns, the technological capabilities of AI
detectors, and the pedagogical strategies that can
ensure Al serves as a constructive aid rather than a
shortcut to bypass learning.

This paper aims to (1) analyze the prevalence
and motivations behind AI use in student assign-
ments, (2) evaluate the performance and reliability
of leading AT text detection platforms, and (3) de-
velop practical recommendations for educators and
policymakers to uphold academic integrity in the AI
era. The findings are intended to guide both imme-
diate institutional responses and long-term educa-
tional reforms.

2. Methodology

This study adopts a mixed-method approach
combining a structured literature review, compara-

tive evaluation of Al text detection tools, case evi-
dence analysis, and policy review.

1. Literature Review Process. A systematic
search was conducted between January 2023 and
June 2025 across Scopus, Web of Science, IEEE
Xplore, and Google Scholar, using combinations
of keywords such as ‘generative Al in education”,
Al plagiarism”, ‘Al text detection”, ‘academic in-
tegrity”, and ‘educational policy”. Additional policy
documents were sourced from the European Un-
ion, Council of Europe, UNESCO, and national ed-
ucation ministries. Inclusion criteria required that
sources be (a) peer-reviewed or issued by authori-
tative institutions, (b) published in 2023-2025, and
(c) directly relevant to Al use in education, detec-
tion technologies, or policy frameworks. From an
initial pool of 100 documents, 50 were retained for
in-depth analysis.

2. Comparative Evaluation of Al Detection
Tools. Six widely used AI text detection platforms—
Turnitin, GPTZero, Originality.ai, ZeroGPT, Copyl-
eaks, and Scribbr/QuillBot—were evaluated. Perfor-
mance metrics were extracted from peer-reviewed
validation studies, vendor documentation, and in-
dependent benchmarking reports. Accuracy rates,
false positive rates, language coverage, integration
options, and pricing models were compared (see Ta-
ble 1). Where available, cross-platform performance
data were triangulated to reduce bias.

3. Case Evidence Analysis. The literature re-
view was supplemented with documented cases of
Al use and misuse in education from the UK, US,
and EU. These cases, drawn from journalistic re-
ports (Goodier, 2025), institutional surveys (Free-
man, 2025), and legal proceedings (Hallikaar, 2025)
(University of Pittsburgh, University Center for
Teaching and Learning, 2025), were analyzed to
identify common patterns in student motivations,
evasion techniques, and institutional enforcement
challenges. This analysis provided a real-world con-
text for interpreting the prevalence and detection of
the Al-assisted academic work.
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4. Policy Analysis. Policy documents from the
EU and Council of Europe, UNESCO, and the se-
lected national education ministries were reviewed
to identify regulatory approaches, ethical guidelines,
and governance frameworks relevant to Al in educa-
tion. Special attention was given to the EU Artificial
Intelligence Act and the Council of Europe’s human-
rights-based perspectives on Al, as well as to nation-
al initiatives in Sweden (Yiakup, 2024; Kim, 2025),
the UK (“London School Launches”, 2024), and the
US. Insights from this policy review informed the
recommendations for institutional and pedagogical
adaptation presented in later sections.

5. Analytical Framework. The findings from
the literature review, tool evaluation, case evidence,
and policy analysis were synthesized to address
three core questions:

1. How prevalent is Al-assisted writing in
student assignments?

2. How effective are current detection tools in
academic contexts?

3. What pedagogical and policy measures can
balance innovation with integrity?

This integrated methodology ensures that
both quantitative performance metrics and quali-
tative socio-political implications are considered in
formulating the conclusions and recommendations
of the study.

3. Literature Review

3.1. Scope of AI Overuse in Student Assignments

The classroom has a new, invisible participant:
the AI co-author. Once an optional experiment, gen-
erative Al has become a silent partner in the major-
ity of student assignments. Across continents, sur-
veys reveal a similar reality—AI is no longer a rare
shortcut, but an embedded study habit (Freeman,
2025). In Europe, a comprehensive Council of Eu-
rope survey reported that more than 70% of mem-
ber states are already integrating Al into their edu-

cation systems through national strategies or pilot
programs (Chounta et al., 2024).

The drivers are easy to see. Al offers instant
productivity: faster drafts, better phrasing, cleaner
structure. Students under pressure describe it as a
“lifeline” when juggling deadlines. For some, it is a
way to overcome language barriers or learning dif-
ficulties, reframing Al as an accessibility tool rath-
er than a threat to integrity (see Fig. 1) (Goodier,
2025). These uses blur the line between assistance
and authorship, creating grey zones where academic
rules have yet to catch up. This complexity is com-
pounded by the fact that the EU Artificial Intelli-
gence Act (European Parliament and the Council of
the European Union, 2024) classifies educational Al
systems as “high-risk,” demanding strict transparen-
cy, human oversight, and algorithmic accountability
(Havinga et al., 2024).

But the same qualities that make AI attrac-
tive to students undermine traditional safeguards
against cheating. Instead of copying from a source,
students can now generate an entirely new text in
seconds— the text that is original in form but not
in intellectual ownership. Plagiarism detection sys-
tems, designed for verbatim matches, cannot relia-
bly identify such work. Even dedicated AI detectors
face evasion tactics: online tutorials show students
how to rephrase AI output until it passes as human
(Goodier, 2025).

The broader implications go beyond indi-
vidual classrooms. Human rights—focused analyses
warn that AD's unregulated expansion in education
risks reinforcing bias, undermining pedagogical au-
tonomy, and eroding trust in (Council of Europe,
2024). At the same time, Swisher and Els (2024)—
underscore that the challenge is not simply about
banning or detecting Al but rethinking the design
of learning tasks themselves.

The result is a fundamental shift in academic
misconduct. It is less about the theft of words and
more about outsourcing thought. For educators, the
challenge is not only identifying such work but re-
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Student Motivations for Al Use in Academic Work
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Fig. 1. Student Motivations for AI Use in Academic Work

thinking assignments and expectations for a world
where Al is a ready, willing, and tireless collaborator.

3.2 Al and the Transformation of Homework:
Cognitive Impacts and Detection Challenges

The homework assignment—once a sacred
space for solitary learning—has become a collabo-
rative effort between human and artificial minds.
What was traditionally a private dialogue between
student and subject matter now includes an Al par-
ticipant capable of writing essays, solving equations,
and analyzing literature with remarkable fluency.

This transformation signals a fundamental
change in how learning occurs. Research indicates
that more than 80% of students in Western higher
education have experimented with Al tools for as-
signments, with nearly 50% doing so without disclo-
sure (see Fig. 2). In controlled experiments, AI-gen-
erated responses consistently outperformed student
work across disciplines (Goodier, 2025).

Traditional homework assumed that intellec-
tual struggle was productive—that wrestling with
difficult concepts built cognitive capacity. Al dis-
rupts this by offering instant competence without
cognitive engagement. A longitudinal study revealed
that students who heavily relied on ChatGPT scored
significantly lower (by 12-17%) on independent as-
sessments, demonstrating weakened transfer skills,
poor concept retention, and diminished metacogni-
tive awareness (Goodier, 2025).

This reflects cognitive automation bias—the
tendency to over-rely on algorithmic systems pro-
ducing fluent outputs. The educational contract
breaks down: teachers assign tasks to build skills
while students delegate them to machines, creating
an “epistemic void”—a gap between appearance and
understanding.

The challenge intensifies as Al systems evolve.
Newer tools such as Gemini and Claude can emu-
late stylistic nuances and even grammatical errors
to simulate authentic student writing, rendering tra-
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Al Adoption Timeline and Usage Patterns in Education
A. Al Adoption Timeline (2022-2025)
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Fig. 2. Al Adoption Timeline and Usage Patterns in Education

ditional detection methods increasingly ineffective
(Bordalejo et al., 2025).

Yet some students are discovering produc-
tive Al engagement—using it for Socratic dialogue,
practice problems, or feedback on their ideas. The
critical factor is not AT’s presence but how it inte-
grates into learning.

The future of homework lies not in eliminat-
ing AI but in designing assignments that encour-
age productive rather than passive engagement. Ef-
fective homework must resist automation through
complexity—requiring original synthesis, local con-
text, or multi-modal expression that AI alone can-
not replicate.

If homework becomes merely a performance
for Al to execute, education loses a crucial mech-
anism for developing independent thinking. How-
ever, if homework evolves to incorporate Al as a
thinking partner, it could become more power-
ful than traditional approaches. The choice is not
whether AT will participate—students have decided
that—but whether educators will shape that integra-
tion to serve learning rather than replace it.

3.3 Ethical, Legal, and Policy Implications

The rapid emergence of Al in education has
triggered a global regulatory awakening, with gov-
ernments and institutions scrambling to govern a
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phenomenon that evolved faster than policy frame-
works could adapt. Three distinct governance par-
adigms have emerged: reactive regulation focused
on detection and prohibition, proactive integration
emphasizing Al literacy and pedagogical innova-
tion, and human-rights-based governance prioritiz-
ing transparency and equity protection (see Fig. 3).

The European Union has positioned itself as
the global leader through its AI Act (European Par-
liament and the Council of the European Union,
2024), which classifies educational Al systems as
“high-risk” technologies requiring stringent over-
sight, data transparency, human supervision, and
algorithmic explainability (Havinga et al., 2024).
This regulatory framework reflects the EU’s broad-
er commitment to digital sovereignty and rejection
of purely market-driven approaches to educational
technology. The Council of Europe has further de-

veloped this rights-based approach through its 2022
policy report “Artificial Intelligence and Education:
A Critical View Through the Lens of Human Rights,
Democracy and the Rule of Law”, arguing that Al
integration must include robust safeguards against
surveillance, bias reinforcement, and learner com-
modification (Holmes et al., 2022).

The 2024 survey report “The State of Artificial
Intelligence and Education Across Europe”, based
on responses from national education ministries, re-
veals a fragmented but rapidly evolving policy land-
scape where more than 70% of EU member states
are integrating Al into education systems through
national strategies or pilot programs (Chounta et al.,
2024).

In contrast, the United States has adopted a
more decentralized approach through its America’s
AT Action Plan (The White House, 2025), empha-

Governing Al in Education: From Reactive to Proactive and Equitable

Implement adaptive,
principles-based Al
governance
frameworks.

'1::"/_/

Policies lag behind
Al advancements.

Ethical, equitable, and
transparent Al integration.

Fig. 3. Governing Al in Education: From Reactive to Proactive and Equitable
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sizing public-private partnerships and institutional
discretion rather than comprehensive federal over-
sight. However, recent controversies involving Al
detection tools withdrawn due to false positives and
algorithmic bias have sparked calls for greater ac-
countability (Hallikaar, 2025; University of Pitts-
burgh, University Center for Teaching and Learn-
ing, 2025).

At the institutional level, universities have be-
come inadvertent laboratories for Al governance.
The University of Missouri treats undisclosed Al use
as academic misconduct equivalent to plagiarism
(University of Missouri, Office of Academic Integ-
rity, n.d.), while the Universities of Sheffield and To-
ronto require explicit Al disclosure in all submitted
work (University of Sheflield, n.d.; University of To-
ronto, School of Graduate Studies, 2025). More in-
novative approaches emerge from institutions, like
the University of New South Wales, which are ex-
ploring innovative approaches to assessment de-
sign, emphasizing higher-order cognitive skills and
incorporating oral defenses as part of Al-resilient
strategies (Lucas, 2025).

The governance challenge extends beyond ac-
ademic integrity to fundamental questions of edu-
cational equity and algorithmic justice. Al tools re-
main unevenly distributed, potentially creating ad-
vantages for students in well-resourced institutions
while exacerbating existing educational inequalities.
The Council of Europe’s legal framework empha-
sizes “algorithmic due process”—ensuring learn-
ers have rights to understand, challenge, and appeal
machine-made decisions affecting their education
(Havinga et al., 2024).

The emerging consensus suggests that an ef-
fective Al governance requires adaptive frameworks
capable of evolving with technological change while
preserving core educational values (Hirsch, 2024).
This approach emphasizes principles-based regu-
lation over prescriptive rules, institutional experi-
mentation over uniform mandates, and stakeholder
engagement over top-down control.

3.4 Strategies for Educators and Institutions

Faced with the AI challenge, educators world-
wide are seeking strategies that uphold learning out-
comes and integrity without simply playing “AI po-
lice” A consensus is emerging that pedagogical in-
novation, assessment redesign, and student en-
gagement are needed to constructively manage AT’s
classroom presence (Hirsch, 2024).

The UK Quality Assurance Agency (QAA) in
2023 advised universities to “reconsider assessment
for the ChatGPT era’, recommending reduced reli-
ance on rote written exams and increased use of var-
ied assessment modes encouraging original student
thought (Quality Assurance Agency for Higher Ed-
ucation, 2023). UNESCO’s Guidance for Generative
Al in Education and Research emphasizes Al litera-
cy and adaptive assessment design rather than pro-
hibition-based approaches (North, 2023).

Assessment Redesign Strategies

Leading institutions have developed several
effective approaches to Al-resistant assessment. Au-
thentic assessments ground tasks in real-world sce-
narios, personalized contexts, or recent events re-
quiring creative knowledge application or personal
reflection—making generic Al responses less via-
ble. Oral defenses and presentations verify under-
standing while making it harder to submit unorigi-
nal work (Hirsch, 2024).

In-class writing provides baseline samples
of authentic student writing, while scaffolding ap-
proaches require multiple drafts and process work
with feedback, making AT use for entire assignments
more laborious (Hirsch, 2024). Breaking large pro-
jects into components with checkpoints dissuades
last-minute AI submissions while emphasizing iter-
ative learning.

The Stoplight Model Framework

A powerful framework for classroom policy
is the “Stoplight Model”, dividing AI use into three
categories: Red zones prohibit AI use (closed-book
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exams, personal essays); Yellow zones allow limited
AT functions like brainstorming with required doc-
umentation; Green zones encourage Al as a learning
partner with critical evaluation and ethical use (see
Fig. 4) (Mormando, 2023).

Explicitly communicating these expectations
in syllabi sets clear boundaries while encouraging
ethical tool usage. This framework accommodates
flexibility across subjects, acknowledging that as-
signments serve different cognitive functions.

Institutional Implementation

Universities implementing these strategies re-
port varying success. The University of New South
Wales redesigned assessments around higher-order

cognitive taxonomies with viva-style defenses for
Al-assisted work. European municipalities created
“Al sandboxes” where stakeholders co-design Al-
driven learning experiences under ethical supervi-
sion.

Emerging best practice emphasizes moving
from detection toward structural redesign, recog-
nizing that policy alone cannot contain AI's cogni-
tive and cultural force (Hirsch, 2024). Instead, insti-
tutions ask: What learners are we cultivating? How
can Al reinforce rather than replace growth?

The Stoplight Model Framework for Al Use in Education
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+ Rersonal reflection essay
+ Individual'skill assessments

ED ZONE: Al USE PROHIBITED
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Fig. 4. The Stoplight Model Framework for Al Use in Education
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4. Results

4.1 AI Text Detection Tools:
State of the Art and Limitations

The comparative evaluation of six widely used
AT text detection platforms reveals significant var-
iations in performance, accessibility, and practi-
cal utility for educational contexts. Our analysis of
Turnitin, GPTZero, Originality.ai, ZeroGPT, Copyl-
eaks, and Scribbr/QuillBot demonstrates that while
detection technology has advanced rapidly, funda-
mental limitations persist in accuracy, fairness, and
reliability (Hallikaar, 2025).

Performance Metrics and Platform Comparison

Table 1 presents the comprehensive evalua-
tion results across key performance indicators. Tur-
nitin emerged as the most accurate platform, achiev-
ing 95-98% accuracy with exceptionally low false
positive rates (<1%), though its high cost and lack
of free access limit widespread adoption. GPTZero
demonstrated strong performance with 87% accura-
cy and zero false positives, offering an attractive bal-
ance through its freemium model that enables regu-
lar use at $8.33/month for 10,000 words.

Accuracy vs. Cost Analysis

Fig. 5 illustrates the correlation between plat-
form accuracy and pricing models, revealing dis-

tinct market segments. Premium platforms like
Turnitin and Originality.ai command higher pric-
es while delivering superior accuracy, making them
suitable for high-stakes academic assessment. Mid-
tier options such as GPTZero and Copyleaks offer
competitive performance at accessible price points,
ideal for regular institutional use. Free platforms
such as ZeroGPT provide basic detection capabili-
ties but with variable reliability.

Key Findings and Limitations

The evaluation reveals several critical limita-
tions that challenge the reliability of the detection-
based approaches. False positive rates, while gener-
ally low, pose significant risks in academic contexts
where incorrect accusations can have serious conse-
quences for students. Multilingual and neurodiver-
gent students face particular vulnerability to false
positives, raising concerns about algorithmic bias
and educational equity (Hallikaar, 2025; Universi-
ty of Pittsburgh, University Center for Teaching and
Learning, 2025).

Detection accuracy varies significantly based
on text complexity and AI model sophistication.
Newer generative models like GPT-4, Gemini, and
Claude increasingly evade detection through im-
proved human-like writing patterns, creating an on-
going technological arms race. Students have devel-
oped evasion techniques, including Al output par-

Table 1. Comparative analysis of Al text detection platforms

Accuracy False

Language

Platform (%) Positive Support Plan Price Recommendation
Turnitin 95-98% <1% Engh§ B, No >$50 Higher education
Spanish

GPTZero 87% 0% EN, FR, ES Yes $8.33/month  Versatile, education

Originality.ai 97% 1-5% S0+ No $30 one-time Blogging, SEO,
languages research

ZeroGPT 84-98% 0% Alllanguages  Yes Free Acce§ §1ble,

multilingual

Copyleaks 80-100% 0-2% 30+ Yes from $9 Publishing, education
languages

QuillBot/Scribbr 78-84% 0% English Partial  $9.95/month  Students, freelancers
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Al Detection Tools - Accuracy vs. Cost Analysis
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aphrasing and prompt engineering, further under-
mining detection reliability (Goodier, 2025).

Platform-Specific Insights

GPTZero stands out as optimal for accessi-
ble AI detection and educational feedback, combin-
ing reasonable accuracy with cost-effectiveness and
multilingual support. For rigorous final verifica-
tion in academic contexts, supplementing GPTZero
with premium platforms like Originality.ai or Turni-
tin proves advisable. ZeroGPT serves effectively for
preliminary screening, though it demonstrates limi-
tations with sophisticated texts.

The analysis confirms that no single detection
platform provides a complete solution to Al-gener-
ated content identification. Institutional approaches
requiring multiple verification methods and human
oversight appear most effective, though this increas-
es complexity and cost. The persistent limitations in
detection reliability highlight the need for pedagogi-
cal rather than purely technological responses to Al

integration in education (University of Pittsburgh,
University Center for Teaching and Learning, 2025).

5. Discussion

5.1 Implications for Pedagogy and Assessment
Design

The findings from both the literature review
and the comparative evaluation of AI detection
tools underscore a fundamental reality: Al is now
an inseparable part of the educational environment.
The challenge for pedagogy is not whether to engage
with AT, but how to design learning experiences that
preserve intellectual rigor, foster critical thinking,
and maintain academic integrity in an Al-enabled
world.

Traditional assessment models—particular-
ly take-home essays and standard problem sets—
are vulnerable to automation. As generative Al tools
can now produce coherent, relevant, and stylistical-
ly adaptive outputs in seconds, such tasks may no
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longer accurately measure a students independent
knowledge or skills. This calls for pedagogical inno-
vation that goes beyond incremental adjustments
(see Fig. 6).

One key implication is the shift toward au-
thentic, context-rich assessments that require learners
to apply knowledge to unique, real-world scenarios.
Tasks that incorporate local data, current events, or
personal reflection resist generic Al-generated an-
swers. Process-oriented assessment is equally critical:
iterative drafts, annotated bibliographies, and reflec-
tive journals make learning visible and reduce the
feasibility of the last-minute AI substitution.

In addition, oral components—such as viva
voce examinations, peer presentations, or recorded
reflections—offer opportunities to verify understand-
ing while strengthening communication skills. These
approaches also help educators establish a baseline of
each student’s capabilities, making discrepancies in
written work easier to detect (see Fig. 7).

The integration of Al into pedagogy also in-
vites a redefinition of learning objectives. Instead of
focusing solely on producing polished final outputs,
assessments can evaluate a student’s ability to criti-
cally engage with Al tools—interpreting, challeng-
ing, and refining their outputs. This approach re-
frames AI not as a shortcut to avoid thinking, but as
a partner in the cognitive process.

Ultimately, the implication for pedagogy is
transformative: assessment design must evolve to
be Al-aware, emphasizing originality, process, and
higher-order skills that cannot be easily replicated
by machines. Such an evolution preserves the cen-
tral purpose of education—developing independent
thinkers capable of navigating a future where hu-
man and artificial intelligence work in tandem.
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Knowledge Mirages vs. Authentic Learning - Cognitive Implications of Al Use
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Fig. 7. Knowledge Mirages vs. Authentic Learning — Cognitive Implications of AI Use

5.2 Limitations of the Current
Detection Tools in Practice

The comparative evaluation of AI detec-
tion platforms revealed promising capabilities in
controlled environments, but practical application
within educational settings reveals significant lim-
itations. These weaknesses arise not only from the
evolving sophistication of generative Al models, but
also from the inherent constraints of the detection
methodologies themselves.

First, accuracy is highly context-dependent.
While certain platforms—such as Turnitin or Origi-
nality.ai—report detection rates above 95% for long-
er, unaltered Al-generated texts, performance can
drop substantially with shorter passages, techni-
cal writing, or content produced by advanced, fine-
tuned models. In the real-world academic submis-
sions, where texts may combine original student
work with Al-assisted sections, detection reliability
becomes inconsistent.

Second, false positives present a serious ethical
challenge. Instances of human-authored work being
flagged as Al-generated have led to documented cas-
es of wrongful accusations in higher education. The
reputational and psychological harm to students in
such cases underscores the necessity of treating Al
detector output as a screening tool rather than con-
clusive evidence. The risk is particularly acute for
multilingual students, neurodivergent learners, or
those with unconventional writing styles—groups
whose linguistic patterns may inadvertently trigger
false alarms.

Third, generative Al systems are rapidly adapt-
ing to detection criteria. Newer models can emulate
human stylistic variation, insert deliberate gram-
matical imperfections, and adjust vocabulary distri-
bution to mimic human entropy. At the same time,
widely available paraphrasing tools and “AI human-
izers” can rewrite machine-generated content to by-
pass perplexity- and burstiness-based detectors en-
tirely. This adaptability creates a dynamic arms race
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in which detection tools are perpetually chasing a
moving target.

Finally, technical and policy limitations con-
strain institutional use. Some high-accuracy plat-
forms require costly subscriptions, making them in-
accessible for widespread application in resource-
limited contexts. Others lack robust multilingual
support or fail to integrate smoothly into the exist-
ing learning management systems, reducing their
practical utility.

Taken together, these limitations suggest that
Al detection tools, while valuable, cannot serve as
the sole mechanism for enforcing academic integ-
rity. Effective institutional strategies must combine
detection with pedagogical redesign, Al literacy in-
itiatives, and transparent governance policies. This
integrated approach not only mitigates the risk of
false accusations but also shifts the focus from pu-
nitive enforcement toward cultivating informed and
ethical Al use among students.

5.3 Policy and Governance Considerations

The rapid integration of the generative AI
into education has outpaced traditional policy cy-
cles, creating a fragmented regulatory landscape
where legal, ethical, and pedagogical priorities of-
ten intersect.

At the supranational level, the European Un-
ion’s Artificial Intelligence Act (European Parliament
and the Council of the European Union, 2024) clas-
sifies educational Al as high-risk, mandating trans-
parency, human oversight, explainability, and regu-
lar auditing (Havinga et al., 2024). Complementing
this, Holmes et al. (2022) emphasizes safeguarding
pedagogical autonomy, preventing bias, and ensur-
ing learners can challenge AI-driven decisions.

Yet implementation is uneven. As noted in
the report by Chounta et al. (2024), some countries
have integrated Al literacy into curricula and teach-
er training, while others remain in pilot phases with
minimal institutional guidance. This disparity leaves

many educators navigating unclear or inconsistent
expectations.

Institutional responses range from disclosure
requirements, as at the Universities of Sheffield and
Toronto, to assessment redesigns that incorporate
AT under supervision. In resource-limited contexts,
improvised policies may be difficult to enforce or
align with broader governance goals.

Effective governance must balance innovation
with protection—avoiding both over-restriction,
which may drive AI use underground, and over-
permissiveness, which can erode trust in assessment
validity. The most promising approaches combine
clear institutional policy, transparent communica-
tion, and stakeholder participation to ensure Al in-
tegration supports rather than undermines learning.

5.4 Equity and Access Dimensions

The research findings reveal that AI inte-
gration creates new inequalities while exacerbat-
ing existing disparities. An uneven distribution of
AT tools, digital literacy, and institutional support
transform seemingly democratizing technology into
educational stratification mechanisms (see Fig. 8).

Al Integration Exacerbates Educational Disparities.

Uneven Al Tool Distribution

Digital Literacy Disparities

Institutional Support Gaps

Algorithmic Bias éjg

Educator Al Literacy quj

Policy Discrimination EQ

Fig. 8. AI Integration Exacerbates Education Disparities
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Digital Divide and Access Disparities

While AT tools appear universally accessible,
significant disparities exist in meaningful access.
Students in well-funded institutions benefit from
premium tools, guided instruction, and compre-
hensive literacy programs, while learners in under-
resourced schools encounter Al as unsupervised,
potentially confusing technology. Our detection
tool evaluation demonstrates this: premium plat-
forms like Turnitin (>$50) offer superior accuracy
but remain inaccessible to many institutions, while
free options like ZeroGPT provide variable reliabil-
ity that may disadvantage resource-constrained stu-
dents.

Algorithmic Bias Against Vulnerable
Populations

False positive rates documented in our anal-
ysis disproportionately affect vulnerable students.
Multilingual learners face particular risk, as detec-
tion algorithms trained on native English text may
flag their writing as “non-human” (Hallikaar, 2025).
Neurodivergent students whose cognitive differenc-
es produce atypical linguistic structures encounter
higher false accusation rates, creating algorithmic
discrimination in academic integrity enforcement.

These biases reflect deeper problems in train-
ing data and assumptions rooted in Western aca-
demic norms. Without oversight, Al systems risk
becoming “silent sorting mechanisms” that ampli-
fy disparities while appearing neutral (University
of Pittsburgh, University Center for Teaching and
Learning, 2025).

Educator and Institutional Inequalities

Equity challenges extend to educators lack-
ing Al literacy professional development, creating
epistemic asymmetries affecting knowledge crea-
tion and recognition. Universities with robust train-
ing resources implement sophisticated frameworks
like the Stoplight Model (Hirsch, 2024) [98], while
under-resourced institutions struggle with basic AI
literacy.

The widespread student AI adoption docu-
mented (80% experimentation, 50% undisclosed
use) masks quality variations in Al engagement.
Students with premium tool access can leverage Al
for learning enhancement, while those relying on
basic free tools may experience Al as crude short-
cuts undermining educational development.

Inclusive Integration Imperatives

Addressing equity dimensions requires an
intentional design prioritizing inclusion from the
outset. This includes developing detection tools ac-
counting for linguistic diversity, creating accessi-
ble Al literacy programs, and ensuring institution-
al policies do not discriminate against marginalized
groups. Evidence suggests equity cannot be an af-
terthought—it must be a foundational principle em-
bedded in every technological, pedagogical, and in-
stitutional decision.

6. Conclusion and Future Directions

This study examined the growing integra-
tion of generative Al into academic work, the scope
of its use in student assignments, the cognitive and
pedagogical impacts on homework, and the capa-
bilities and limitations of current Al detection tools.
Through a structured literature review, case evidence
analysis, policy review, and comparative evaluation
of six major detection platforms, the findings reveal
both the inevitability of AT’s presence in education
and the urgency of adapting assessment, governance,
and equity strategies accordingly (see Fig. 9).

Our investigation demonstrates that Al use in
education has become ubiquitous, with over 80% of
students in higher education contexts experiment-
ing with AI tools and nearly 50% using them with-
out disclosure. This widespread adoption reflects
not merely convenience-seeking behavior but gen-
uine educational needs that traditional support sys-
tems may inadequately address. The phenomenon
represents a shift from traditional plagiarism—the
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Integrated Framework for Al in Education - Comprehensive Synthesis
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Fig. 9. Integrated Framework for Al in Education - Comprehensive Synthesis

theft of the existing content—to what we term “cog-
nitive outsourcing’, where students delegate think-
ing processes themselves.

The evidence is clear: attempts to preserve
traditional models of academic integrity through
detection alone are insufficient. While AT detectors
can support preliminary screening, their suscepti-
bility to false positives, context-dependent accuracy,
and vulnerability to evasion tactics make them un-
reliable as sole enforcement tools. More promising
are pedagogical innovations—authentic, process-
oriented assessments, oral defenses, and iterative

feedback—that embed AI use into learning while
preserving the development of independent think-
ing.

Policy and governance frameworks, from the
EU Artificial Intelligence Act to institutional-lev-
el disclosure models, demonstrate the potential for
structured oversight, but uneven implementation
leaves significant gaps. Closing these gaps will re-
quire coordinated action across legal, institutional,
and classroom levels, as well as investment in teach-
er training and Al literacy initiatives for both edu-
cators and students. Addressing equity concerns—
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particularly in multilingual and under-resourced
contexts—will be critical to ensuring that Al en-
hances rather than amplifies educational inequali-
ties.

Future research should focus on longitudi-
nal studies assessing the cognitive effects of the sus-
tained Al use, validation of detection tools across
languages and disciplines, and the design of scala-
ble, Al-aware assessment models. Collaboration be-
tween technologists, educators, and policymakers
will be essential in shaping norms and practices that
safeguard academic values while embracing the pro-
ductive potential of AL

The transformation is inevitable, but its di-
rection is not predetermined. The decisions made

today by educators, institutions, and policymakers
will determine whether Al becomes a tool for edu-
cational equity and human development or a mech-
anism for further stratification and cognitive atro-
phy. The evidence presented in this study suggests
that with thoughtful adaptation and principled im-
plementation, Al can serve as a catalyst for educa-
tional renewal rather than decline.

The future of education lies not in the elimi-
nation of Al but in the cultivation of human capabil-
ities that AI cannot replicate: critical thinking, ethi-
cal reasoning, creative synthesis, and the wisdom to
use powerful tools in service of human flourishing.
This is the educational imperative of our time.
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BEIITAYKA MHTEJINTEHIINJA'Y AKAJEMCKNM TEKCTOBVIMA:
NIEHTNOUNKALIMJA I AHAJTIM3A

Y pagy ce uctapasxcyje mpancopmaiiueHu yiiuyaj ieHepailiueHUX anaiia eewiiiauxe uHiie-
nuienyuje (ChatGPT, Google Gemini, Claude) na akagemcxu uniieipuitieiti u 06pa3oéHy Upaxcy,
y Haciiojarwy ga ce Hahy 0giosopu 3acHOBAHU HA JOKAZUMA HA UUAHA 6e3aHA 34 WUPOKO Pac-
apociparveHo yceajarve sewiiiiauke unilenuienyuje y odpasosarvy. 3Hauaj UCpaisuearea nexu
¥ c6e08yx6ailiHOj aHaAnu3u peHomeHa Koju ce passuja Spie 0 UHCTAUTLYUUOHATHUX 0G1060pa U
3axilesad CUCTeMATCKY e8anyauujy, KaKo WexHONOWKUX peuiervba, Waxko u iegai oumKux agaiinia-
yuja. Teopujcxu Konitiekciti 0dyxeaiia PyHgameHTHANHU HOMAK 0g WPAgUUUOHAnHOT Unaiujapu-
3ma - kotuparea tiociiojehel cagpiaja — go oHoia W0 HA3UBAMO ,,KOTHUTUBHUM Ay TlcopcuHiom”
(eni. cognitive outsourcing), ige ciliygeHiiu geneiupajy mucaoue upoyece CUcileMuma éeusitiauxe
unitienuienyuje. Osa Mipancopmayuja gosogu y iuitiare ocHosHe 00pasosHe Uperliiiociiaske o
yuervy, ouerwusarby U UHILeneKimyanHom pa3eojy u 3axiteéa peKoOHUeuillyanusayujy oKeupa axka-
gemcKol uniieipuitieiiia y epu sewiiliauxe uHiienui eHyuje.

Y ucitipaxcusary je kopuwhena meuiosuitia meiioga koja komSuHyje ueiliupu KominemeH-
imiapHe KomiioHeHilie: cuciiiematticku upeineg nuitiepainiype u3 100 ussopa (2023-2025) u3 dasa
iogaitiaka Scopus, Web of Science, IEEE Xplore u goxymenaitia 0dpasoste tonuitiuke; yiopegHy
esanyayujy wecii unampopmu 3a gemiekyujy eewsitiauke unitienuienyuje (Turnitin, GPTZero,
Originality.ai, ZeroGPT, Copyleaks, Scribbr) ca ananuzom mwauHoCTiu, ClORAMA TAHHO TO3UTHLUB-
HUX pe3yniliailia u jesuuke HOKPUBEHOCIIU; AHANU3Y §OKA3a goOujeHux u3 cillyguja cryuaja ée3a-
Hux 3a odpasosru koniiexciti Benuxe Bpuitianuje, CAZl u EY; u ananusy ionuiiiuke Koja uciuiiyje
3akxon EY o sewiiauxoj unitienuienyuju, okeupe Caseitia Eepoiie, cmepHuye Yuecka u HAUUoHai-
He uHuyujamiuge. Meilipuxka yuuHKka u3ey4yeHa je u3 peueHsupanux cilyguja eanugayuje u Hesa-
sucHux Senumapkuni uzeewiniaja (eui. benchmarking), y3 wmpuaniynayujy eehei dpoja inaitigpop-
MU pagu cmarberba UPUCTUPAcHOCU. AHATUIIUYKY OKBUP OGHOCUO ce HA THPU K/bYHHA UUTAea:
pacipociiparenociti BV u mottiusayuja 3a weny yioipesy, epukacHociii anaiia 3a geiwiekyujy y
aKagemcKum KOHIeKCTumMa, kao u tiegalouike mepe Kojuma ce yCiociiasmpa pasHotiexa usmehy
uHosayuja u unitel puilleiia.

Pesyniiatiiu uciwipaxuearea notmiephyjy wupoko pacipociiparbery unitiel payujy eewiiauxe
untiienuienyuje, 6ygyhu ga suuie og 80% ciliygenaitia y sucokom o6paszosary excilepumeHiiuule ca
anamuma eewitiauke uninenuienyuje, a 50% ciiygenaitia kopuciiu BV de3 oitikpusarba ussopa.
Komuapamiusena esanyayuja iokasyje suauajHe eapujayuje y iiepdopmarcama mehy unaiigpopma-
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ma 3a getiekyujy, ca ciiotiama waqHociiu y pacilony og 78% go 98%, anu ctanHum, LAxHHO to-
SUTHUBHUM PUSULUMA KOjU HecpasmepHo Holahajy euwejesuute u HeypogueepieHitine cillygeHiiie.

Ananusa odpasosHux Gonumuka omkpusa gpaimeniupare odnactiu yiupasmwarba. 3aKoH
EY o sewitiauxoj unitienuieHyuju 3acCHOBAH HA bygckum tipasuma pasnuxyje ce og upuciiyiia CALl
ycmepeHol Ha uHosauuje, anu ce 0da cyo4asajy ca usasoeuma y ctiposoherwy peiynaiiuea kaga
ce wiexHonoluje geitiekyuje okaxy Heioysganum. Texnonowika wwipka usmehy BV ienepayuje u
cuciliema 3a gemieKyujy yKkasyje Ha uHxepeHiiHa oipanu4erba y tioinegy exHoIouKux peuierva.

3axkmwy4ax je ga akagemcku umitiel puilieill y epu sewiitiauke uHilienui enyuje 3axiiesa upena-
3aK ca geitiekyuje Ha KonadopailiueHo odpasosatrve Koje omaie ClilygeHiuMa ga passujy upogyx-
wueHe ogHoce ca anamuma sewiiiauke uniienuienyuje. Jloxasu ioxkasyjy ga cy Upuciiyiu 3acHo-
8aHU HA geilieKTlo8ary camu io cedu Hego8owHY U HOTHEHUUJANHO GUCKPUMUHATHOPHU, 3601 uela
je HeotixogHa pyHgameniianna iegaiowka wpancopmayuja.

Iegaiowke umiinukayuje iogpasymesajy upumery agaliiueHux mogena upouexe Koju ce
ogyuupy aymomamu3ayuju ceojom cnoxernowhy, a He majHowhy, 3amum paszeoj c6eodyxeamiHux
upoipama BV tiucmerocitiu 3a ciliygenitie u HACiaéHuke, KAo U yceéajarbe oKeupa ioiyit mogena
»Citiotinajini” (eni. Stoplight Model), xoju tipyxcajy jacne cmepruye 3a ogiosapajyhy yioitpedy seus-
wavke unilienuienyuje y pasnuuuiium KOHIeKCiiuma yueroa.

Wnctauitiyyuje mopajy ga gajy upegrociil Guitiarouma pasHoupasHociiu waxo witio he ga
odesdege ga unitielpayuja eewitiauke uHillenuieHyuje He oiopuia gogamino iociojehe HejegHa-
kocitiu y odpasosarvy. To 3axitiesa paseoj anaiia 3a gemwieKyujy Koju ysumajy y o63up jesuuxy pas-
HOMUKOCTH, cliiéaparve Upucilyiaunux upoipama BV tiucmernociiiu u ciiposoherve tionuitiuka Koje
wiitiuilie parbuee Hotynayuje 0g aniopuiiamcke upucipacHociiu.

Tpancgopmayuja 3axitiesa ga HACHABHUUU U camu HOCTHAHY Uucmenu y odnacitiu BV u ga
pasymejy tpegHoCTU U oipaHuUerba 08UX anailia Kako Ou Kpeupanu 3agaitike Koju ce gouyrwyjy
ca BJ, a ne iwiakmuue ce ca wom. Bygyhu yciiex y odpaszosarvy 3asucu og Heiosarea cilocoSHOCTU
CB0jCTI8EHUX CAMO Y0BeKY — KPUMUUKOL PASMULLbAIGA, eTUYKOl UpOMUMbared, Ciliéapanavke
CuMilie3e — Koje sewliliauka uHilenuieHyuja He moxce ga peunuuyupa, y3 yiouipedy BV kao uapitie-
pa y pasmuiubarey, a He anaila Koju MUcau 3a 8ac.

Kmyune peuu: akagemcxu unitiei puitieini, ienepaiuuena BV, getiexyuja BU, tinaiujapusam,
00paszosHa HonumuKa
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