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ABSTRACT

Since 2022, generative AI has become deeply embedded in educational contexts. This prompts universities and
schools to deploy AI detection tools in the name of academic integrity. This paper accentuates that the dependence
on AI detection tools reflects a broader tendency toward procedural outsourcing, whereby complex evaluative
responsibilities are delegated to algorithms rather than addressed through pedagogical judgment and institutional
governance. When deified as an instrument in academic integrity processes, AI detectors generate recurring harms:
they misclassify legitimate student work, fail to reliably identify misconduct, and disproportionately disadvantage
non-native English speakers and other linguistically marginalized learners. Their opacity compounds these issues,
producing probabilistic scores without interpretable evidence and undermining procedural fairness. This paper also
explains that AI detection tools flag non-native writing at higher rates, effectively penalizing linguistic variation
and reinforcing dominant language norms. At the same time, while some bad-faith users can evade detection, high-
achieving, original, and neurodivergent students are disproportionately accused. Routine reliance on these AI
detection tools also normalizes surveillance which shifts the educational relationship toward suspicion rather than
trust. Framed within the United Nations' Sustainable Development Goals, particularly SDG 4 (Quality Education)
and SDG 10 (Reduced Inequalities), this dependence on AI detection tools threatens both educational quality and
equity. This paper contributes to scholarship on AI in education by demonstrating that detection-centered
approaches to academic integrity are structurally flawed, and to discussions on student rights by showing how
these tools erode procedural fairness and disproportionately harm marginalized learners.
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Introduction
In education, student-written coursework is increasingly evaluated by AI detection tools that assign
probabilistic judgments of AI authorship. When such tools label an assignment as AI-generated, instructors
may initiate academic integrity procedures on the basis of these outputs alone. In many cases, however, the
resulting determinations cannot be meaningfully examined or contested, as AI detection tools typically
provide only numerical scores without methodological transparency or evidentiary explanation.
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AI detection tools are algorithmic systems designed to estimate whether a text was produced by a human
author or generated using AI. In educational contexts, they are commonly deployed to identify AI-generated
content, plagiarism, or other forms of academic dishonesty. Prominent examples currently used in academic
settings include GPTZero, Originality.AI, Winston AI, Copyleaks, TextGuard AI, JustDone, and ZeroGPT.
These tools are typically marketed as accurate, objective, and scalable solutions to integrity challenges, often
emphasizing institutional trust and ease of integration.
Table 1. Examples of AI Detectors in the Market

Title Slogan Website

GPTZero The most precise and reliable AI detection on the market gptzero.me

Originality.AI The most accurate AI detector originality.ai

Winston AI The most trusted AI detection solution gowinston.ai

Copyleaks AI and plagiarism detection that integrates seamlessly with your existing
workflow copyleaks.com

TextGuard AI Smart AI detection you can rely on textguard.ai
JustDone Safely detect AI-generated text justdone.com

ZeroGPT The most advanced and reliable ChatGPT, GPT-5, and AI content detector zerogpt.com

The adoption of AI detection tools in educational settings accelerated markedly following the public release
of large language models in 2022 and 2023. Faced with legitimate concerns about academic integrity, many
institutions turned to readily available technological interventions. However, accumulating evidence now
indicates that these solutions carry substantial, and in some cases severe, risks. A systematic review of 25
peer-reviewed studies conducted in educational contexts demonstrates that AI detection tools exhibit
significant variability in accuracy across genres, disciplines, and linguistic backgrounds. They are also highly
vulnerable to simple evasion strategies, including paraphrasing and translation. Critically, these tools
generate probabilistic outputs without transparent explanations, making their results difficult to interpret,
contest, or justify in assessment and disciplinary settings (Caner, 2025).
As Begum et al. (2025) argue in their analysis of algorithmic bias in AI-mediated learning environments,
students from the Global South, non-native English speakers, neurodivergent learners, and members of
linguistic minority communities bear disproportionate risks from tools developed and deployed primarily
within Western, English-dominant contexts. Männiste and Siibak (2025) characterize this phenomenon as AI-
magnified inequality, wherein existing educational disparities are intensified rather than mitigated by
technological interventions. The divergence between what AI detection tools promise and what they deliver
thus constitutes an ethical problem with tangible consequences for students.
Research Questions

1. To what extent do AI detection tools produce false positives, and what are their consequences for
wrongly flagged students?

2. How do evasion strategies undermine AI detection reliability, and what ethical and equity issues arise
when AI-generated content escapes detection while authentic work is flagged?

3. How do AI detection tools disadvantage non-native English speakers and non-Western learners, and
how does this reinforce assessment inequities?

4. How does the use of AI detection tools affect student autonomy, well-being, and trust in educational
environments?

5. What privacy risks and transparency gaps exist in AI detection tools, and how adequate are current
regulations in ensuring data protection and accountability?

Methodology
This paper employs a narrative review methodology, drawing on academic literature published from 2023 to
2026 on various scholarly databases. Sources were selected not through exhaustive systematic search
protocols, but based on their appropriateness to the research questions and thematic relevance to the topic of
AI detection tools in education. Narrative reviews are particularly well-suited for exploratory and 
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conceptually rich topics such as this one, where the goal is not to aggregate uniform quantitative findings but
to synthesize diverse perspectives, theoretical frameworks, and empirical cases into a coherent critical
analysis.
This approach allows for the inclusion of studies spanning multiple disciplines (e.g., educational technology,
linguistics, data privacy law, and ethics) that would otherwise be excluded by the narrow inclusion criteria
typical of systematic reviews. The literature selected reflects a deliberate effort to represent a range of
methodological traditions, geographic contexts, and stakeholder perspectives, from empirical benchmarking
studies and experimental evaluations of detection accuracy to qualitative investigations of student experience
and critical theoretical analyses of surveillance and algorithmic bias.
Results and Discussion
This narrative review details five thematic categories central to the ethical risks of AI detection tools in
education (see Table 2). 67 citation instances are recorded in total, yet the number of unique sources is fewer,
reflecting the interdisciplinary and overlapping nature of the concerns this review addresses. Scholars such as
Caner (2025), Giray et al. (2025), Kundu and Bej (2025), Begum et al. (2025), and Casal & Kessler (2023),
among others, contribute insights relevant to more than one thematic dimension, which itself signals how
deeply entangled these issues are in practice.

Table 2. Number of References per Theme

# Category Count

1 False Positives and Documented Harms 15

2 False Negatives and the Cat-and-Mouse Problem 13

3 Linguistic and Cultural Bias 15

4 Surveillance, Autonomy, and Punitive Educational Cultures 12

5 Privacy, Transparency, and the Regulatory Gap 12

TOTAL 67

False Positives and Documented Harms

One of the most pressing ethical concerns surrounding the use of AI detection tools in educational contexts is
their documented tendency to produce false positives, in which human-authored work is incorrectly flagged
as AI-generated. This issue is, in part, attributable to the limited and uneven datasets used to train many
detection systems. An illustrative example highlights the structural limitations of these tools. ZeroGPT, a
widely used AI detector, was applied to the 1987 Constitution of the Republic of the Philippines, a document
written and ratified decades before the development of large language models. The tool flagged the text as
98.5% AI-generated. This occurs because legal and constitutional texts follow highly structured and
repetitive linguistic patterns, which AI detectors interpret as indicative of machine authorship. Additionally,
training data overlap and the system's inability to recognize historical context illustrate the "black-box"
problem, where probabilistic scores are presented as definitive judgments regardless of real-world facts.
These misclassifications are further influenced by the concepts of perplexity and burstiness. Perplexity
measures how predictable text is: highly simple or repetitive sentence structures can paradoxically increase
the likelihood of being flagged as AI-generated, while extremely complex sentences may also trigger
detection. Burstiness captures the "surprise factor" in text, so sentences written in a tone or style unusual for
the dataset may be flagged as well. As a result, students, particularly international students using AI for
ethical purposes such as grammar correction or translation, may be unfairly flagged simply because their
writing patterns differ from the normative training data.
Complementing this perspective, Giray (2024) documents real-world instances in which false positives have
led to unwarranted academic scrutiny, highlighting broader implications for student well-being and
institutional trust. Waked et al. (2024) further demonstrate that students falsely flagged may face grade
reductions, formal disciplinary procedures, and even expulsion, often triggered by a single algorithmic output
rather than careful human evaluation. Fisk (2025) emphasizes that many institutions have yet to establish
protocols for handling contested results, leaving educators without adequate guidance when making high-
stakes decisions about student work.
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Furthermore, Bassett et al. (2026) illustrate a paradoxical effect: high-performing students, those writing with
clarity and syntactical simplicity, are more likely to be flagged because their writing aligns with linguistic
patterns detectors associate with AI. Empirical benchmarking studies reveal that detection accuracy varies
widely across systems and contexts, with some tools performing only marginally better than chance. Thus,
false positives are structural features of current detection architectures (Caner, 2025; Elkhatat et al., 2023;
Walters, 2023).
The consequences extend into multiple dimensions of student experience. Angeles et al. (2024) report
heightened anxiety and distrust when work is flagged before human review. Kundu and Bej (2025) find this
anxiety reduces engagement, discourages creative risk-taking, and in some cases prompts withdrawal from
assessed tasks. Khalkho et al. (2024) highlight broader classroom effects, including adversarial study habits
where students prioritize avoiding detection over meaningful learning. These dynamics directly undermine
the quality of teaching and learning: when students write to evade algorithms rather than to develop ideas,
and when instructors adjudicate flags rather than engage with student thinking, the pedagogical relationship
is degraded.
Some institutions have pursued constructive responses. Fisk (2025) describes revision opportunities, guided
discussions, and portfolio-based assessments, treating flags as starting points for inquiry rather than final
judgments. This approach recenters instructor judgment as the primary evaluative mechanism, restoring the
pedagogical relationship that detection-driven processes tend to displace. Hyatt et al. (2025) show
aggregating multiple detectors can reduce false positive rates, while Prajapati et al. (2026) demonstrate that
hybrid models combining RoBERTa with CNN classifiers improve accuracy. Nevertheless, Kangwa et al.
(2025) observe that most institutions still rely heavily on AI outputs for high-stakes decisions without
sufficient human review, appeals processes, or faculty training. Studies also indicate that adding human
judgment does not fully resolve reliability issues; both humans and detectors struggle to distinguish AI-
generated from human-authored texts, with hybrid approaches offering only modest improvements (Caner,
2025; Casal & Kessler, 2023; Fleckenstein et al., 2024).

False Negatives and the Cat-and-Mouse Problem

While AI detection tools are frequently utilized to uphold academic integrity, they have a significant
limitation in the form of false negatives, in which AI-generated content remains undetected. These results in
a structural asymmetry: students who utilize AI-assisted writing may evade scrutiny, whereas those who
produce original work are susceptible to misclassification. Research indicates that this is a persistent
limitation of current systems. Weber-Wulff et al. (2023) demonstrated that widely used detection tools often
fail to identify AI-generated text, particularly when it has been revised through paraphrasing or minor
stylistic modifications. These findings suggest that even relatively simple transformations can substantially
reduce detection rates, facilitating strategic evasion.
Deep et al. (2025) further highlight the ethical implications of this dynamic, contending that AI detection
tools, when employed as primary indicators of authorship, may inadvertently reward those who learn to
circumvent them while disadvantaging students who engage in authentic scholarly work. In this context, AI
detection results in not only technical inaccuracies but also distributive inequities. Collectively, these
illustrate the cat-and-mouse dynamic inherent in current AI detection practices: as generative models and
evasion strategies evolve, AI detection tools struggle to maintain reliability. This calls into question the
viability of detection-centered approaches to academic integrity, suggesting the necessity for a broader shift
toward pedagogically grounded and process-oriented assessment practices.
False negatives (i.e., cases where AI-generated content passes undetected) create the opposite problem:
students who do commit academic dishonesty are not caught, while those who write originally remain at risk
of being flagged. Pariyanti et al. (2025) document the ethical dilemmas created by this asymmetry in digital
learning environments, finding that students who learn to evade detection, through paraphrasing tools,
prompt engineering, deliberate stylistic variation, or AI humanizer software, gain an advantage over students
who write their own work but happen to write in ways that detectors flag. The system, in this configuration,
punishes authenticity and rewards evasion (Giray, 2026).
Studies further illustrate that even minor textual alterations, such as synonym replacement, sentence
reconfiguration, or translation cycles, can markedly diminish detection accuracy. This vulnerability
underscores a fundamental limitation: detection systems are unable to keep pace with the swift advancement
of generative models and user strategies, resulting in a moving-target problem in which reliability declines
under realistic usage conditions (Caner, 2025; Fishchuk & Braun, 2024; Perkins et al., 2024).
Sangka et al. (2025) describe specific evasion strategies used by students: submitting AI drafts through
paraphrasing tools before submission using multiple AI tools in sequence to reduce detectability and
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deliberately introducing grammatical errors or stylistic inconsistencies to mimic human writing patterns.
Stillman (2025) proposed AI-trap questions (i.e., assignment prompts designed to expose generic AI
responses by requiring specific local, contextual, or personal knowledge that AI tools cannot credibly
fabricate) as a pedagogical intervention. This approach is instructive precisely because it shifts responsibility
back to the instructor: rather than outsourcing integrity verification to an algorithm, it embeds integrity into
the design of teaching and assessment itself.
Mustapha et al. (2025), taking a human-centered design approach to AI misuse mitigation, argue that the
detection paradigm is structurally flawed as a primary integrity strategy because it frames integrity as a
technological problem rather than an educational one. Detection fosters a cat-and-mouse dynamic, where
tool capabilities and evasion strategies evolve in parallel, preventing any stable equilibrium. More durable
integrity mechanisms include ethical education, assessment redesign, and fostering a genuine scholarly
identity; however, these approaches demand investment in relationships and pedagogy rather than in
software licenses.
Similarly, Giray et al. (2025) note that overemphasizing detection shifts institutional focus away from the
root conditions making academic dishonesty appealing, such as excessive assessment, misaligned incentives,
low student engagement, and the lack of authentic intellectual stakes, all of which require systemic reform
rather than improved algorithms. Studies further challenge the assumption that human oversight can mitigate
detection limitations: educators, linguists, and subject matter experts achieve accuracy rates akin to chance,
roughly 40–55%, with confidence poorly correlated with correctness (Caner, 2025; Casal & Kessler, 2023;
Isaeva et al. 2026; Fleckenstein et al., 2024).

Linguistic and Cultural Bias

The single most documented and consequential form of bias in AI detection tools is their differential
treatment of non-native English speakers. AI detection tools consistently misclassify authentic writing by
non-native English speakers as machine-generated content, raising fundamental concerns about fairness and
the marginalization of non-native speakers in evaluative settings (Liang et al., 2023). This problem extends
beyond simple accuracy: the tools produce disproportionately high false-positive rates specifically targeting
non-native speakers whose linguistic patterns differ systematically from the training data these systems rely
on.
The mechanism is concrete and well-documented. Features common in second-language writing (e.g., lower
syntactic complexity, constrained vocabulary range, repetitive sentence structures, and non-standard
grammatical patterns) overlap substantially with the textual features that detectors associate with AI
generation. A student writing in their third language, carefully constructing sentences within the limits of
their proficiency, produces text that looks, to an algorithm, like machine output. Chaka (2024), evaluating 30
AI detectors across English L1 and English L2 student essays, finds that detection accuracy differs
significantly by language background, with L2 writers consistently facing higher false-positive rates. This
bias is not incidental but structurally embedded in the design and training of these systems (Caner, 2025;
Ibrahim, 2023; Jiang et al., 2024; Liang et al., 2023).
Empirical evaluations across multiple tools substantiate this pattern. When researchers evaluated three
popular detection tools (e.g., GPTZero, ZeroGPT, and DetectGPT) results revealed notable trade-offs in
accuracy and bias, with disparities disproportionately affecting non-native speakers and certain academic
disciplines (Pratama, 2025). Deep et al. (2025) find that detection accuracy for non-native speakers falls
below acceptable thresholds for use in high-stakes academic decisions. Prykhodchenko et al. (2025),
studying AI-generated text detection in Ukrainian, find that tools designed for English perform so poorly on
Ukrainian-language texts that their outputs are effectively meaningless, a finding that points toward the
systematic exclusion of non-English-medium institutions from the reliability guarantees that vendors claim.
Current AI detectors demonstrate significant technical limitations, with particular bias against non-native
English speakers (Giray et al., 2025).
The problem extends beyond language proficiency into cultural and epistemic dimensions. Amjad (2026)
documents how AI tools consistently misinterpret or devalue cultural knowledge, rhetorical traditions, and
linguistic expressions that fall outside Western academic norms. Students from the Global South report
encountering AI feedback that treats their culturally situated arguments as errors, their non-Western citation
practices as deficiencies, and their community-rooted knowledge as inadmissible evidence. Albeihi and Rice
(2025) find that AI tools trained on English-dominant corpora systematically disadvantage multilingual
learners and risk accelerating the erosion of linguistic diversity in academic settings. Jackson et al. (2025),
assessing GPT-4's performance across Caribbean English varieties, find that the model reflects American and
British norms while misclassifying majority-world English as non-standard, meaning detection tools trained 
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on such outputs will misclassify majority-world student writing at even higher rates.
The behavioral consequences are equally serious. Marginalized students, aware of their elevated risk of being
flagged, engage in self-censorship: adopting simplified, Western-normative language styles to reduce
detection risk, at the cost of authentic intellectual expression (Begum et al., 2025). Khari (2026) describes
this as a form of coerced assimilation, students learning not to write as themselves, but to write in ways that
AI detection tools will accept. Empirical evidence confirms that detection-driven environments incentivize
students to simplify their language and avoid stylistic complexity to appear less "AI-like," hindering the
development of advanced academic literacy and promoting conformity to restrictive linguistic norms (Baron,
2024; Caner, 2025). Begum et al. (2025) situate this within a broader analysis of power and algorithmic bias,
arguing that AI detection tools function as instruments of linguistic imperialism when deployed without
attention to the cultural and political dimensions of language difference. The pedagogical implication is that
instructors who rely on AI detection outputs rather than their own contextual knowledge of a student's
writing development are ill-equipped to distinguish genuine linguistic growth from AI-assisted work, and are
more likely to penalize the former while missing the latter. The students who most need support in
developing their academic voice are instead learning to suppress it. For a summary of AI detection
limitations, see Table 3.
Table 3. Summary of AI Detection Limitations and Empirical Findings

Type of Failure Primary Cause Key Empirical Evidence Impact on Students

False Positives
Limited/narrow training
datasets; linguistic
"sophistication"

Deep et al. (2025): Optimized
for narrow datasets; Bassett et
al. (2026): High-performers
flagged.

Increased anxiety,
reputational damage, and
loss of institutional trust.

False Negatives
Evasion strategies
(paraphrasing,
"humanizers")

Weber-Wulff et al. (2023): 80%
failure rate after minor stylistic
modifications.

Rewards dishonesty;
creates "cat-and-mouse"
dynamic.

Human
Misjudgment

Confirmation bias; lack
of expertise

Caner (2025): Educators'
accuracy ranges from 40% to
55% (random chance).

False sense of security in
"human-in-the-loop"
systems.

Inconsistency Probabilistic model
outputs

Caner (2025): Significant
variability across genres and
disciplines.

Inability to contest scores
due to lack of
explainability.

Surveillance, Autonomy, and Punitive Educational Cultures

AI detection tools in writing do not exist in isolation. They are increasingly embedded within broader
surveillance infrastructures in educational settings. Yahaya and Muhammad (2025) describe AI-driven
innovations that integrate academic integrity detection with behavioral analytics, attendance tracking, facial
recognition, and real-time activity monitoring, positioning detection as one node in a campus-wide
monitoring ecosystem. Maheshwari et al. (2025) further document that these AI-based systems can track
student activity across digital and physical environments simultaneously, creating unprecedented visibility
into student behaviors. In the context of writing, AI detection tools function as both evaluative and
surveillant instruments. They do not merely flag potential misconduct; their outputs shape how students
approach writing, internalizing the knowledge that every sentence may be algorithmically judged.
Koutropoulos et al. (2026) problematize this trend as technosolutionism, in which technological tools are
marketed as solutions to social and pedagogical challenges they cannot truly resolve. AI tools promise
efficiency and security (Che et al., 2025; Islam et al., 2025), yet the reality is that they, particularly AI
detection tools, generate false certainty, obscure human judgment, and normalize constant monitoring as the
default mode of educational interaction. Dai et al. (2025), drawing on Foucault's panopticon, show how AI
detection and surveillance reshape student behavior, producing internalized compliance even when active
monitoring is absent. Swartz and McElroy (2023) describe this shift as the emergence of the academicon, a
higher education environment structured around algorithmic oversight.
Kundu and Bej (2025) emphasize that the psychological costs of AI-based monitoring fall disproportionately
on already vulnerable students, including those with anxiety disorders, neurodivergent learners, and students
from historically marginalized communities. Begum et al. (2025) document algorithmic biases
thatmisclassify neurodivergent behaviors or non-Western communication styles as suspicious, compounding
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inequities in educational outcomes. Xue et al. (2025) find that cultural context shapes how students perceive
surveillance, with varying degrees of distrust, resignation, or resistance, while Kundu and Bej (2025) show
that policy frameworks differ widely across countries in protecting student autonomy and limiting punitive
applications of detection data.
Importantly, human judgment remains irreplaceable. Alsharefeen (2025) highlights that faculty who treat AI
detection flags as prompts for discussion rather than final verdicts produce fairer and more educationally
meaningful outcomes. This finding has direct implications for classroom practice: instructors trained to use
detection flags as invitations for dialogue, rather than as dispositive evidence, are better positioned to support
genuine student learning while upholding integrity. Chan and Colloton (2024) similarly argue that
institutional responses emphasizing engagement and pedagogical redesign outperform punitive, detection-
driven approaches. The role of instructor judgment, therefore, is not merely corrective but constitutive: it is
through instructor engagement with student work, context, and history that academic integrity can be
evaluated in educationally meaningful ways. Applied to writing, these findings demonstrate that AI detection
tools should supplement instructor discretion, not replace it, and that overreliance risks normalizing
surveillance and eroding trust in the writing process.

Privacy, Transparency, and the Regulatory Gap

AI detection tools are not just tools for analyzing text. They are data collection infrastructure. Liang et al.
(2025) document the scope of student data collected by educational AI tools, including writing samples,
submission patterns, revision histories, behavioral metadata, and in some proctoring contexts biometric data.
This data is stored, processed, and in some cases commercially licensed by vendors in ways that existing
educational privacy frameworks were not designed to address. Torrisi-Steele (2026) examines the ethics of
student data privacy specifically in the context of AI tools, finding that students are rarely informed of what
data is collected, how long it is retained, or who has access to it.
Ismail and Aloshi (2025) and Ismail et al. (2025) document specific cases of data vulnerability: the InBloom
initiative, which attempted to centralize student data across US school districts and was shut down following
public outcry over data sharing practices, and AltSchool, where algorithmic profiling of young children
raised fundamental questions about consent, appropriate use, and the long-term consequences of early
behavioral data collection. Jones (2008), in an early analysis of Turnitin's data practices, identified structural
concerns about the retention of student writing in commercial databases, concerns that have only deepened as
AI tools have become more capable of extracting and repurposing textual data.
In the same logic, many AI detection tools are proprietary, which means that the algorithms determining
whether a student's work is flagged cannot be independently audited, explained, or contested. Chaudhary
(2024), in an analysis of algorithmic transparency, describes this as a black box problem with specific legal
and ethical dimensions: students subject to consequential decisions based on opaque algorithmic outputs
have no meaningful right of reply, because neither they nor their educators can examine the reasoning behind
the flag. Olsen et al. (2024) examine the right to transparency in AI-assisted governance decisions, finding
that existing freedom-of-information frameworks do not adequately address the opacity of machine-
generated determinations.
The challenge of interpretability is exacerbated by the inherent characteristics of detection outputs. Empirical
research indicates that probabilistic AI-likelihood scores are often misinterpreted by both educators and
students, who may regard them as definitive indicators rather than as uncertain estimates. In the absence of
clear explanatory frameworks, these scores are at risk of being overinterpreted, thereby increasing their
potential for harm (Caner, 2025; Lieberman, 2024).
Türkmen (2025), reviewing studies on explainable AI in educational research, finds that techniques such as
SHAP and LIME can make detection decisions more interpretable, allowing educators to see which features
of a text drove a particular flag and to assess whether those features reflect genuine AI generation or simply
unconventional human writing. Rai et al. (2023) propose the PEARL framework (Personalized Explanation,
Accountability, and Learner Rights) as a learner-centric approach to AI transparency in education, and
Dakshit et al. (2026) extend this through a human-centered educational AI design framework that places
explainability as a core design requirement rather than an optional feature.

Conclusion

The dependence on AI detection tools in educational settings reflects a broader tendency toward procedural
outsourcing, whereby complex evaluative responsibilities are delegated to AI detection tools rather than 
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addressed through pedagogical judgment and institutional governance. When used as sole instrument in
academic integrity processes, these tools produce recurring harms: they misclassify legitimate student work,
fail to consistently identify misconduct, and disproportionately disadvantage non-native English speakers and
linguistically marginalized learners. Their lack of transparency further weakens procedural fairness, while
their routine use contributes to the normalization of surveillance within learning environments.
These consequences are not inherent to educational technology but arise from implementation practices that
prioritize efficiency over deliberation. Treating detection outputs as contextual signals, strengthening
instructor discretion, and ensuring accessible and transparent appeals mechanisms represent more responsible
alternatives. Instructors who engage with student writing as a developmental process, draw on their
contextual knowledge of individual students, and treat detection flags as prompts for dialogue rather than
dispositive verdicts are better equipped to uphold both integrity and equity in their classrooms. Considered in
relation to the United Nations' Sustainable Development Goals, particularly SDG 4 (Quality Education) and
SDG 10 (Reduced Inequalities), AI detection-driven approaches to academic integrity risk undermining both
educational quality and equity. A shift toward inclusive assessment design and trust-centered pedagogical
strategies offers a more sustainable and ethically grounded response to academic integrity in an increasingly
AI-influenced educational landscape.
This paper contributes to research on AI in education by synthesizing evidence across false positives, false
negatives, linguistic bias, and surveillance to argue that detection-centered integrity frameworks are
structurally unsuited to the complexity of learning environments. It contributes to discussions on academic
integrity and student rights by demonstrating that these tools erode procedural fairness, disproportionately
harm non-native speakers and neurodivergent learners, and undermine the conditions necessary for authentic
intellectual development. The findings support a reorientation of institutional policy toward pedagogically
grounded, instructor-led, and rights-respecting approaches to academic integrity in AI-mediated educational
contexts.
Beyond these considerations, the findings indicate the need for a comprehensive reorientation of
international and institutional policies concerning AI detection tools. When such tools are employed, they
should be classified as high-risk systems and subjected to transparency requirements, independent audits,
bias assessments, and stringent limitations on their involvement in high-stakes decisions. The outputs of
detection tools should not serve as the sole evidence of misconduct, and students must be assured due
process protections, including the rights to explanation, contestation, and human review. These directions are
consistent with emerging policy principles advocated by organizations such as UNESCO and OECD, which
emphasize fairness, accountability, and learner rights in AI-integrated education.
Concurrently, the distinctions between academic integrity, plagiarism, and legitimate AI-supported learning
necessitate a clearer reconceptualization. Rather than categorizing all AI involvement as misconduct, policies
should differentiate between deceptive substitutions and ethical AI-supported practices, adopting disclosure-
based approaches to responsible AI use. Additionally, assessment procedures should evolve towards
authentic and process-oriented forms, such as portfolios, iterative drafting, and oral defenses, thereby
aligning integrity and AI integration through pedagogical design rather than relying primarily on surveillance
and detection.
Implications
This paper points to the need to move away from detector-centered enforcement and toward assessment
cultures grounded in transparency, trust, and authentic learning. The findings suggest that AI-generated
output should be treated only as a starting point for discussion, not as evidence of misconduct, while greater
emphasis should be placed on oral defenses, drafting records, reflective writing, and process-based
assessment to better understand student learning. Institutions should also invest in academic integrity
education, digital literacy, and clearer communication about acceptable AI use so that students are guided by
shared expectations rather than monitored through opaque systems. In doing so, universities can better
protect procedural fairness, reduce unnecessary suspicion, and align integrity practices with the goals of
quality education and inclusion.
For policy and assessment design, the paper supports the development of explicit institutional policies that
limit or prohibit sole reliance on AI detection scores in misconduct cases and require human review with
evidence beyond algorithmic output. Policies should also include bias awareness measures, appeal
procedures, and safeguards for multilingual, international, and neurodivergent students who may be
disproportionately affected by detector errors. In assessment design, educators should adopt assignments that
emphasize personalization, in-class explanation, iterative submission, collaborative discussion, and context-
specific application, all of which are harder to fake and more educationally meaningful than punitive
detection regimes. More broadly, institutions should frame AI governance around ethical pedagogy and 
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student rights, ensuring that integrity systems support learning without normalizing surveillance or
reproducing inequity.
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