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Executive Summary

Research Briefing: The Detection-Harm Evidence Gap

Across the 4,785 sources surveyed this week, the AI-education liter-
ature exhibits a structural asymmetry: detection tools are studied
for accuracy far more than for distributional harm, and the popula-
tion most systematically misclassified—non-native English writers—
remains empirically underdocumented at the point of consequence. A
recent analysis of UK universities finds AI detectors disproportionately
flag international students [3], yet the field has few validation studies [3] Catching the wrong students: AI

detection, international students, and
the fairness crisis in UK universities

that treat false-positive rates as a stratified variable rather than an
aggregate.

The undertheorized problem is this: detection deployment functions
as evidence in adjudicative proceedings, but the evidentiary standard
has never been established. Opaque probability scores are entering
academic-integrity cases as if they were dispositive [1], and reporting [1] AI Detection Tools and Academic

Punishment: How Opaque Evidence
Threatens Due Process

documents false accusations propagating through under-specified in-
stitutional processes [7]. Resolving this requires research that models [7] Inside college AI cheating wars:

extreme surveillance, false accusa-
tions, jarring confusion

detection not as a classifier problem but as a due-process problem:
what error rate is compatible with an accusation? No one has an-
swered that.

A second gap sits in student behavior. Learners now route work
through ”humanizers” to preempt suspicion [10], and a norm of silence [10] To avoid accusations of AI cheat-

ing, college students turn to AIsurrounds actual use [5]. This is a measurement crisis: self-report
[5] Everyone’s using it, but no one is
allowed to talk about itinstruments are contaminated by the very surveillance regime they

attempt to study.

This briefing offers a mapping of unstudied questions, an analysis
of the methodological limits in current detection and proctoring re-
search [8], and identification of high-impact opportunities where tools [8] Remote Proctoring Through an

Ethical Lens: The Case Against
Surveillance

misunderstand the writers they measure [2].
[2] Artificial Unintelligence - How
Computers Misunderstand
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Critical Tension

The Theoretical Problem

The cluster of evidence this week points to a contradiction the field
keeps describing operationally but has not theorized: institutions de-
ploy AI detection to preserve the human/machine authorship bound-
ary, while the same probabilistic systems dissolve that boundary in
the act of policing it. UK universities are ”catching the wrong stu-
dents,” with detection flags falling disproportionately on international
and non-native English writers [3]. The rational student response is [3] Catching the wrong students: AI

detection, international ...to route their own prose through AI ”humanizers” to preempt accusa-
tion [10]. Detection, in other words, manufactures the very behavior it [10] To avoid accusations of AI cheat-

ing, college students turn to AIclaims to measure.

This is not merely a practical trade-off between accuracy and cost.
It is a genuine theoretical tension because the field lacks a theory of
authorship that survives ubiquitous AI mediation. Detection presumes
a stable, recoverable line between ”human-written” and ”machine-
generated.” Under conditions where students use models defensively,
that line is performative — produced by the assessment apparatus
rather than found by it. The missing conceptual work is a model
of authorship-under-mediation: what does ”originality” mean as a
construct once every writing environment has a model embedded in
it? Assessment theory has frameworks for validity and reliability; it
does not yet have a construct for authorship that treats AI use as a
continuum rather than a binary offense. Until that construct exists,
every detection study measures a variable the field cannot define.

Paradigm Limitations

The dominant metaphor doing the damage is AI-detection-as-evidence
— the detector output treated as a forensic finding rather than a
probability estimate. That framing forecloses the due-process ques-
tions that ought to be central: opaque scores become disciplinary
facts, and students carry the burden of disproving a proprietary num-
ber [1]. Notice where the field assigns agency: to the detector’s con- [1] AI Detection Tools and Academic

Punishment: How Opaque Evidence
Threatens Due Process

fidence score, not to the institution that chose to act on it, nor to
the vendor whose EULA sets the terms of what counts as proof. The
passive construction — ”the student was flagged” — launders an insti-
tutional decision into a technical event.

An alternative framing treats detection as governance infrastructure
rather than pedagogical tool, which opens research questions the tool
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metaphor closes: Who audits false-positive rates by student national-
ity? What is the appeal architecture? What proctoring surveillance
is bundled with detection, and at what cost to trust [8]? A more bal- [8] Remote Proctoring Through an

Ethical Lens: The Case Against
Surveillance

anced empirical program — the kind [2] argues is emerging in jour-
[2] Artificial Unintelligence - How
Computers Misunderstand

nalism and the academy — would treat the detector as an object of
study, not an instrument of it.

Whose Knowledge Is Missing?

Across the 4785 sources surveyed this week, the coverage composi-
tion is itself a methodological finding. Student perspectives account
for roughly 3.76% of the discourse; critical perspectives, 0.29%; par-
ent and community perspectives, 0.29%. Research designed around
those absent voices would ask different questions. Student-centered
work would not begin from ”how do we catch cheating” but from the
documented condition that ”everyone’s using it, but no one is allowed
to talk about it” [5] — a disclosure-suppression dynamic that makes [5] Everyone’s using it, but no one is

allowed to talk about itvalid measurement impossible, because the population under study is
structurally incentivized to conceal its actual practice.

The near-total absence of critical perspectives (0.29%) is where
the theoretical cost concentrates. Surveillance proctoring, facial-
recognition testing that has already drawn regulatory fines [4], and [4] Esta universidad usó re-

conocimiento facial y acabó multadaenforcement regimes documented in the ”college AI cheating wars” [7]
[7] Inside college AI cheating warsare all power arrangements — yet the field studies their accuracy, not

their politics. When the people surveilled, the families paying tuition,
and the critical scholars naming the asymmetry together compose un-
der one percent of the literature, the resulting theory is not neutral; it
is written from the enforcer’s chair. A research agenda that centered
these excluded standpoints would reframe the detection problem from
a measurement question into a legitimacy question — and legitimacy,
not accuracy, is what the false-positive crisis is actually about.

Actionable Recommendations

The Evidence Problem: Research Directions When AI Detec-
tion Becomes Disciplinary Infrastructure

Across the 4,785 sources surveyed this week, the sharpest cluster is
not about generative capability — it is about what happens when in-
stitutions deploy AI to police their own students, and the detection
apparatus turns out to be less reliable than the disciplinary weight
placed on it. For researchers deciding where scholarship can actually
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move the field, the following directions target gaps the current litera-
ture has left conspicuously open.

1. The lived experience of the falsely accused — center-
ing the population that cannot speak

Current gap: Detection research is dominated by accuracy bench-
marks — false-positive rates reported in the aggregate — while the
students on the receiving end appear only as error percentages. The
disparate impact is already documented: AI detectors disproportion-
ately flag international students and non-native English writers [3]. [3] Catching the wrong students: AI

detection, international students and
the fairness crisis in UK universities

Yet the qualitative experience of accusation is nearly absent, partly
because the topic is socially frozen — students report that ”everyone’s
using it, but no one is allowed to talk about it” [5]. [5] Ëveryone’s using it, but no one

is allowed to talk about it:̈ College
studentsThe field has largely approached this through detector-validation

studies, which miss the asymmetry of harm: a 1% false-positive rate is
a statistic to a vendor and a transcript notation to a student.

Research questions:

• How do accused students — disaggregated by visa status, first
language, and disability accommodation — describe the burden
of proof they face, and what evidentiary counter-moves do they
attempt?

• What is the attrition or withdrawal signal following a contested
integrity case, and does it vary by international enrollment status?

• How do students who were correctly cleared describe the process
cost of clearing themselves?

Methodological considerations: The sampling problem is severe —
stigma and pending sanctions suppress participation, and IRB protec-
tions must be unusually robust to recruit at all. Retrospective inter-
views with graduated students, ombudsperson case records, and part-
nership with student legal-aid clinics offer entry points. Anonymized
case-file analysis avoids re-exposing subjects.

Potential contribution: Reframes detection from a measurement
problem to a due-process problem, giving accreditation reviewers and
faculty senates an evidence base that current vendor literature cannot
supply.

2. The detection–humanizer arms race as a coproduced
system — beyond ”AI as tool”

Current gap: The dominant framing treats detection and evasion
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as opposing forces. The evidence shows a single feedback loop: to
avoid being flagged, students now run their own writing through AI
”humanizers,” meaning students deploy AI defensively against AI
accusers [10]. Scholarship that studies ”AI use” as a discrete behavior [10] To avoid accusations of AI cheat-

ing, college students turn to AIcannot see this dynamic.

Research questions:

• What behavioral logics drive humanizer adoption among students
who did not use AI to generate their original work?

• How does the presence of institutional detection change the com-
position process itself — do students write differently when they
anticipate algorithmic suspicion?

• Can the arms race be modeled as a coevolutionary system, and
what does that predict about detector obsolescence cycles?

Methodological considerations: This demands process-tracing and
think-aloud protocols rather than product analysis. The challenge
is instrumentation reactivity — students behave differently when
observed writing. Design-based research embedded in real courses,
with consent, may capture the loop without staging it.

Potential contribution: Displaces the ”tool” ontology with a re-
lational account of human–system coproduction, connecting AI-
education scholarship to the misclassification literature — computers
do not detect intent, they pattern-match, and that gap is where the
harm lives [2]. [2] Artificial Unintelligence - How

Computers Misunderstand

3. Longitudinal effects of surveillance proctoring on
learning and trust

Current gap: Proctoring studies overwhelmingly measure detection
efficacy within a single exam sitting. What short-term studies miss is
the durable effect on the student–institution relationship — and the
legal exposure institutions are already incurring, as when a university
was fined for its facial-recognition exam system [4]. The ethical case [4] Esta universidad usó re-

conocimiento facial y acabó multadaagainst normalized surveillance is being made [8], but the empirical
[8] Remote Proctoring Through an
Ethical Lens: The Case Against
Surveillance

longitudinal record is thin.

Research questions:

• Do cohorts exposed to biometric proctoring show measurable dif-
ferences in institutional trust, help-seeking, or persistence over
multiple semesters?

• Does surveillance intensity correlate with test anxiety and perfor-
mance decrements that confound the very validity proctoring claims
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to protect?

• How do accommodations for disability interact with surveillance
flags over an assessment cycle?

Methodological considerations: Requires multi-year panel designs
and institutional cooperation to link proctoring exposure to persis-
tence data — a governance hurdle, since the data owners are often the
vendors. Comparative cohort designs across institutions with differing
proctoring policies mitigate single-site confounds.

Potential contribution: Supplies the missing temporal dimension
and gives leadership a validity-and-liability argument that quarterly
vendor reports structurally omit.

4. The political economy of ”borrowed expertise” —
whose labor, whose interests

Current gap: Critical scholarship on AI in education rarely fol-
lows the money and the attribution. The Brookings analysis names
it precisely: generative systems are built on expertise borrowed from
educators and researchers whose work was never compensated or cred-
ited [9]. Usage-mapping efforts like [6] describe adoption without [9] Repaying the inheritance: How

education and research policy can
address AI’s borrowed expertise
[6] Google’s AI & Economy ATLAS
v1.0: Mapping Gemini Usage

addressing extraction.

Research questions:

• What mechanisms — licensing, attribution registries, revenue-
sharing — could return value to the scholarly labor embedded in
training corpora?

• How does uncompensated expertise extraction interact with exist-
ing academic-labor precarity, including adjunct and tenure-track
divides?

• Whose pedagogical judgment is displaced when institutions license
AI curricula built on that borrowed expertise?

Methodological considerations: This is policy and economic anal-
ysis, not lab work — comparative institutional case studies, corpus-
provenance tracing, and legal analysis. The limitation is opacity:
training-data composition is a trade secret, so provenance must of-
ten be inferred.

Potential contribution: Connects AI-education research to labor
economics and IP policy, giving faculty senates and unions a concrete
framework rather than a grievance.
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5. Due-process infrastructure for algorithmic evidence
— a resolution mechanism, not a solution

Current gap: The core tension — institutions treating opaque de-
tector outputs as adjudicable evidence — has no established procedu-
ral answer. Opaque evidence threatens due process directly [1], and [1] AI Detection Tools and Academic

Punishment: How Opaque Evidence
Threatens Due Process

the resulting confusion is already documented in disciplinary practice
[7]. [7] Inside college AI cheating wars:

extreme surveillance, false accusa-
tions, jarring confusionResearch questions:

• What evidentiary standards should govern algorithmic outputs in
academic-integrity hearings, and can they be operationalized within
shared governance?

• Do institutions with explicit ”detector-as-signal-not-proof” policies
produce fewer contested sanctions?

• What appeal architectures give students meaningful contestation
without paralyzing faculty workload?

Methodological considerations: Design-based policy research with
pilot institutions, paired with hearing-outcome analysis. The challenge
is that policy variation is confounded with institutional wealth and
legal capacity.

Potential contribution: Moves the field from diagnosing harm to
specifying governable procedure — the difference between a critique
and a usable standard for provosts writing next year’s integrity policy.

Supporting Evidence

Evidence Base Characteristics

This week’s corpus draws on 4,785 sources across the higher-education
AI category. The distribution is worth naming plainly before anything
else: the empirical center of gravity has shifted almost entirely to-
ward one topic — AI detection, academic integrity enforcement, and
the surveillance apparatus built around them. The most cited, most
datable, most journalistically substantiated material clusters here,
from the HEPI analysis of detection’s disparate impact on interna-
tional students [3] to the ADN reporting on false accusations inside [3] Catching the wrong students: AI

detection, international students, and
the fairness crisis in UK universities

the ”cheating wars” [7].
[7] Inside college AI cheating wars:
extreme surveillance, false accusa-
tions, jarring confusion

The research-type distribution is lopsided. The corpus is heavy on
journalistic commentary and legal-procedural argument — the HULR
piece on opaque evidence and due process is the sharpest of these
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[1] — and thin on peer-reviewed empirical measurement. The one [1] AI Detection Tools and Academic
Punishment: How Opaque Evidence
Threatens Due Process

arXiv entry in the set is itself a qualitative account of the discourse
(”everyone’s using it, but no one is allowed to talk about it”) rather
than a controlled study [5]. [5] Everyone’s using it, but no one

is allowed to talk about it: College
students and generative AI

Perspective Distribution Analysis

The evidence architecture reports zero mapped contradictions and
zero flagged missing perspectives this week — which is not an all-clear,
it is a warning. When the tooling finds no tension, it usually means
the corpus is speaking with one voice, and the absent voice tells you
where the field isn’t looking. Here the absent voice is the measurement
voice: almost every source argues about detection’s harms or defends
its necessity, but very few establish base rates. What is the actual
false-positive rate on non-native English writing? HEPI gestures at
the disparity; the causal mechanism sits under-quantified.

The framings that dominate are legal (due process, evidentiary
standards) and equity (who gets caught). The framing that is marginal-
ized is psychometric — the validity question of whether these instru-
ments measure what they claim to. A field that argues about the
fairness of a test it has not established as valid has skipped a step.

Failure Pattern Analysis

With no failure-pattern counts supplied in the architecture, the
honest move is to read the failures directly off the reporting rather
than invent a taxonomy. The documented failures cluster as ethical-
procedural: false accusations, surveillance overreach, a facial-recognition
deployment that ended in a regulatory fine [4]. Implementation fail- [4] Esta universidad usó re-

conocimiento facial y acabó multadaures — students adopting AI ”humanizers” to preempt accusation —
are visible but treated as student pathology rather than system fail-
ure [10]. Technical failures — the models’ own error characteristics — [10] To avoid accusations of AI cheat-

ing, college students turn to AIare the least studied. That ordering reveals the field’s priority: it is
litigating consequences before it has audited the instrument.

Discourse Analysis Findings

The dominant metaphor is warfare — ”cheating wars,” detection
versus evasion, an arms race between humanizers and detectors. That
frame does real damage, because it casts a pedagogical relationship as
an adversarial one and licenses ”extreme surveillance” as proportionate
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response. The BCcampus ethical-lens critique is one of the few sources
refusing the frame outright [8]. [8] Remote Proctoring Through an

Ethical Lens: The Case Against
SurveillanceCausal attribution runs one direction: student behavior is the

cause, detection the remedy. The Brookings analysis of ”borrowed
expertise” is the rare source that inverts this, locating the causal prob-
lem upstream in how education and research policy priced AI’s inputs
[9]. The power dynamic is plain: vendors set the evidentiary terms, [9] Repaying the inheritance: How

education and research policy can
address AI’s borrowed expertise

institutions adopt them, students absorb the error.

Methodological Observations

The prevailing design is cross-sectional and anecdotal — incident
reporting, case aggregation, opinion. Longitudinal measurement of
detection accuracy across cohorts is essentially absent, which makes
every equity claim provisional and every generalization suspect. There
is no visible IRB-mediated student-outcome study in the set; the sam-
ple that would matter most — accused students, tracked through
appeal — is the sample no one holds.

Theoretical Development Needs

The unresolved contradiction requiring theoretical work is this: the
field treats detection as an evidentiary technology and a pedagogical
one simultaneously, and those roles have incompatible validity stan-
dards. A concept that would bridge the tension is procedural validity
— an explicit account of what an AI-detection output is allowed to
license inside a shared-governance disciplinary process. As [2] argues, [2] Artificial Unintelligence - How

Computers Misunderstandthe more balanced view arrives only when journalism and scholar-
ship stop treating model output as fact. That correction has not yet
reached the academic-integrity literature.

References

1. AI Detection Tools and Academic Punishment: How Opaque Evi-
dence Threatens Due Process

2. Artificial Unintelligence - How Computers Misunderstand

3. Catching the wrong students: AI detection, international students,
and the fairness crisis in UK universities

4. Esta universidad usó reconocimiento facial y acabó multada

5. Everyone’s using it, but no one is allowed to talk about it

https://bccampus.ca/2026/02/06/remote-proctoring-through-an-ethical-lens-the-case-against-surveillance/
https://bccampus.ca/2026/02/06/remote-proctoring-through-an-ethical-lens-the-case-against-surveillance/
https://bccampus.ca/2026/02/06/remote-proctoring-through-an-ethical-lens-the-case-against-surveillance/
https://bccampus.ca/2026/02/06/remote-proctoring-through-an-ethical-lens-the-case-against-surveillance/
https://www.brookings.edu/articles/repaying-the-inheritance-how-education-and-research-policy-can-address-ais-borrowed-expertise/
https://www.brookings.edu/articles/repaying-the-inheritance-how-education-and-research-policy-can-address-ais-borrowed-expertise/
https://www.brookings.edu/articles/repaying-the-inheritance-how-education-and-research-policy-can-address-ais-borrowed-expertise/
https://www.brookings.edu/articles/repaying-the-inheritance-how-education-and-research-policy-can-address-ais-borrowed-expertise/
https://hulr.org/spring-2026/ai-detection-tools-and-academic-punishment-how-opaque-evidence-threatens-due-process
https://hulr.org/spring-2026/ai-detection-tools-and-academic-punishment-how-opaque-evidence-threatens-due-process
https://www.hepi.ac.uk/2026/07/20/catching-the-wrong-students-ai-detection-international-students-and-the-fairness-crisis-in-uk-universities/
https://www.hepi.ac.uk/2026/07/20/catching-the-wrong-students-ai-detection-international-students-and-the-fairness-crisis-in-uk-universities/
https://donporque.com/reconocimiento-facial-examenes-online/
https://arxiv.org/html/2602.17720v1


10

6. Google’s AI & Economy ATLAS v1.0: Mapping Gemini Usage

7. Inside college AI cheating wars: extreme surveillance, false accusa-
tions, jarring confusion

8. Remote Proctoring Through an Ethical Lens: The Case Against
Surveillance

9. Repaying the inheritance: How education and research policy can
address AI’s borrowed expertise

10. To avoid accusations of AI cheating, college students turn to AI

https://ai.google/static/documents/GoogleATLASv1.pdf
https://www.adn.com/nation-world/2026/06/21/inside-college-ai-cheating-wars-extreme-surveillance-false-accusations-jarring-confusion/
https://www.adn.com/nation-world/2026/06/21/inside-college-ai-cheating-wars-extreme-surveillance-false-accusations-jarring-confusion/
https://bccampus.ca/2026/02/06/remote-proctoring-through-an-ethical-lens-the-case-against-surveillance/
https://bccampus.ca/2026/02/06/remote-proctoring-through-an-ethical-lens-the-case-against-surveillance/
https://www.brookings.edu/articles/repaying-the-inheritance-how-education-and-research-policy-can-address-ais-borrowed-expertise/
https://www.brookings.edu/articles/repaying-the-inheritance-how-education-and-research-policy-can-address-ais-borrowed-expertise/
https://www.nbcnews.com/tech/internet/college-students-ai-cheating-detectors-humanizers-rcna253878

	Executive Summary
	Research Briefing: The Detection-Harm Evidence Gap
	Critical Tension
	The Theoretical Problem
	Paradigm Limitations
	Whose Knowledge Is Missing?
	Actionable Recommendations
	The Evidence Problem: Research Directions When AI Detection Becomes Disciplinary Infrastructure
	Supporting Evidence
	Evidence Base Characteristics
	Perspective Distribution Analysis
	Failure Pattern Analysis
	Discourse Analysis Findings
	Methodological Observations
	Theoretical Development Needs
	References

