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Executive Summary

Across the 4,400 sources this week, the most-studied intervention
in AI-and-education—automated detection of AI-generated student
work—rests on a documented empirical failure that the field keeps
treating as a deployment detail rather than a research object. AI
detection tools are unreliable, and teachers use them anyway [1]. [1] AI detection tools are unreliable.

Teachers are using them anywayThat gap—between validated tool performance and actual classroom
adoption—is where the learning-sciences literature is thinnest.

The undertheorized problem. The discourse frames detection as
a measurement question (can we classify text correctly?) when the op-
erative question is institutional: what happens to assessment validity,
academic-integrity adjudication, and student trust when a known-
unreliable instrument is embedded in due-process decisions? Resolving
this requires a research design most current work avoids—one that
treats the false-positive as a consequential event with a downstream,
on the student, rather than as a confusion-matrix cell. We have adop-
tion studies and accuracy studies. We have almost nothing linking the
two through the adjudication mechanism.

The population-level perception data compounds the gap. Mex-
ico’s ENIAG 2025 survey documents wide variation in how users
understand and trust these systems [11], yet perception rarely en- [11] Usos y percepciones sobre la

Inteligencia Artificialters detection-efficacy studies as a moderating variable. Québec’s
responsible-integration guidance for higher education [5] codifies prac- [5] Intégration responsable de

l’intelligence artificielle dans les
établissements

tices ahead of the evidence base that would justify them—a policy-
runs-ahead-of-research pattern worth studying in its own right.

What this briefing provides: a mapping of the unstudied ques-
tions around detection-in-adjudication, an analysis of why accuracy
studies and adoption studies rarely speak to each other, and identifi-
cation of high-impact designs—particularly false-positive consequence
tracking and IRB-navigable protocols for studying integrity cases with-
out re-harming the students inside them. The field is building theory
on the measurable and ignoring the consequential.
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Critical Tension

The Theoretical Problem

The sharpest unresolved problem for anyone studying AI in education
this week is not whether the tools work. It is that adoption has de-
coupled from validation, and the field has no theory that names the
decoupling. The clearest artifact: detection systems are documented
as unreliable, yet teachers deploy them against students anyway [1]. [1] AI detection tools are unreliable.

Teachers are using them anyway :
NPR

That is not a bug in a product. It is a stable institutional behavior
— instruments whose error rates are known are used because they are
available, not because they are accurate. A research program that
treats this as a UX problem or a training gap has already misread it.

The same decoupling runs in the other direction. Vendors frame
AI as pedagogical personalization — Microsoft markets tailored in-
struction for students with disabilities as a solved capability [9], and [9] Personalización del aprendizaje

para estudiantes con discapacidades ...OpenAI positions ChatGPT as research infrastructure [3]. In both
[3] ChatGPT for Academic Re-
searchers | OpenAI Help Centerdirections — punitive detection and generative assistance — the evi-

dentiary claim is supplied by the party selling the tool. The genuine
theoretical tension is this: the field lacks a framework that con-
nects a pedagogical claim to the standard of evidence that
would license acting on it. We have accuracy metrics and we have
adoption curves, and no theory of the gap between them. That gap is
where students get accused, misplaced, or ”personalized” into narrower
tracks.

Paradigm Limitations

The dominant metaphor doing the damage is AI-as-tool — the neu-
tral instrument a competent professional either wields well or wields
badly. That framing forecloses the questions that matter. If AI is a
tool, unreliable detection is a user-error story: train the faculty, tune
the threshold. If AI is instead an evidentiary regime — a machine
that manufactures a probability and hands it authority — then the
research question becomes who bears the cost of its false positives, and
why the burden of proof inverts onto the student. The tool metaphor
also naturalizes the vendor’s own accuracy claims as the baseline,
which is exactly the move [2] warns against: the assumption that a [2] Artificial Unintelligence - How

Computers Misunderstandcomputational output is a measurement rather than a modeled guess.

Watch how agency gets assigned. Quebec’s responsible-integration
guidance locates the decision with the institution [5], which is more [5] Intégration responsable de

l’intelligence artificielle dans les
...

honest than the tool frame — but it still treats the model as a fixed
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object the institution merely governs. Neither framing centers the
party with no agency at all: the student who cannot contest the score.
An alternative research program would treat the detection encounter
as a power relation and ask what evidentiary rights the accused hold
— a question the tool metaphor cannot even pose.

Whose Knowledge Is Missing?

The absences are structural, and they are quantifiable. Student per-
spectives constitute 3.76% of the discourse; critical perspectives
0.29%; parent and community perspectives 0.29%. A field theo-
rizing a technology whose primary target is students, built almost
entirely from the accounts of vendors, administrators, and faculty, is
not neutral — it is systematically deaf to the people bearing the risk.

Student-centered research would not just add satisfaction surveys.
It would ask what a false accusation does to enrollment persistence, to
a first-generation student’s willingness to use office hours, to the affec-
tive cost of being presumed a cheater by a machine the instructor also
does not understand. The Mexican ENIAG survey shows perception of
AI is unevenly distributed across the population [11], and the AI Index [11] Usos y percepciones sobre la

Inteligencia Artificial ...has documented that optimism itself splits sharply by demographic [2]
[2] HAI_AI-Index-Report-2024— meaning the students most likely to be flagged may also be those

with the least standing to object. That is a testable hypothesis the
field has not centered.

The 0.29% critical share is the more consequential silence. Without
it, no one asks who profits from an unreliable instrument that insti-
tutions adopt anyway, or why the accuracy claim never has to clear
an IRB-grade standard before it shapes an academic-integrity hearing.
Center those 0.29% of voices and the research object stops being ”AI
in education” and becomes the political economy of automated suspi-
cion — a theory the field has, so far, declined to build. Across 4,400
sources this week, that theory is still missing.

Actionable Recommendations

Research directions: where the AI-education literature
is thin, and what would actually move it

The publishing volume around AI in education is enormous—4,400
sources cross the desk in a single week ending . The scholarship un-
derneath it is lopsided. Vendor documentation and adoption guides

https://www.gob.mx/cms/uploads/attachment/file/1071411/Dossier_Resultados_ENIAG2025_SEP_.pdf
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proliferate; independent, student-centered, longitudinal work does not.
Below are five directions where the gap is real and the questions are
answerable.

1. The missing student account of AI-mediated learning
Current gap: student voice accounts for roughly 3.76% of the dis-

course this week. Faculty, administrators, and vendors narrate what
AI does to and for students; students rarely narrate it themselves.
When perception data does exist, it is national-survey aggregate—
Mexico’s ENIAG instrument, for example, measures usage and atti-
tudes at population scale [11] but tells us little about how a specific [11] Usos y percepciones sobre la

Inteligencia Artificialcohort reasons through a specific assignment.

The field has largely approached student experience through sat-
isfaction surveys and self-reported usage frequency, which miss the
texture of decision-making under ambiguity—when a student uses a
model and doesn’t, and why.

Research questions:

• How do undergraduates decide which tasks to delegate to genera-
tive systems, and does that boundary track disciplinary norms or
grade pressure?

• Do students perceive AI use as academically risky, and how does
that perception vary by first-generation status, discipline, and insti-
tutional selectivity?

• What do students believe faculty cannot detect, and how does that
belief shape behavior?

Methodological considerations: diary studies and think-aloud
protocols recover reasoning that surveys flatten. The challenge is
candor—students will not disclose norm-violating behavior to graders.
Decoupling data collection from evaluation (external interview-
ers, IRB-protected anonymity) is the design constraint, not an af-
terthought. The demographic split matters: the [2] documents that [2] HAI_AI-Index-Report-2024
younger cohorts are systematically more optimistic about AI, so age-
homogeneous student samples may overstate enthusiasm relative to
how the same students behave under assessment stakes.

Potential contribution: replaces the managed, aggregate student
with an account of situated judgment—the empirical basis any honest
academic-integrity policy needs.

https://www.gob.mx/cms/uploads/attachment/file/1071411/Dossier_Resultados_ENIAG2025_SEP_.pdf
https://www.gob.mx/cms/uploads/attachment/file/1071411/Dossier_Resultados_ENIAG2025_SEP_.pdf
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2. Detection tools as an accountability displacement,
not a solution

Current gap: institutions deploy AI-detection tools that do not
work. NPR documents that these tools are demonstrably unreliable
and that teachers use them anyway [1]. The scholarship treats this [1] AI detection tools are unreliable.

Teachers are using them anywayas a technical accuracy problem. It is better read as an institutional
one: a false-positive machine converts a pedagogical judgment into an
automated accusation, and shifts the burden of proof onto the student.

Research questions:

• What is the false-positive rate distribution by student subgroup—
do non-native English writers and neurodivergent students absorb
disproportionate flagging?

• When a detector flags, how often does the faculty member override
versus defer, and what predicts deference?

• Does the presence of a detection tool change what faculty assign,
narrowing toward surveillance-friendly formats?

Methodological considerations: audit-style testing against known-
provenance writing samples, paired with faculty decision logs. The
equity analysis requires subgroup data that institutions are reluctant
to release for Title IX and FERPA reasons—negotiating that access is
the hard part. This is squarely a power question: whose word counts
when the machine and the student disagree.

Potential contribution: reframes detection from an efficacy debate
to a due-process and equity analysis, giving academic-integrity boards
evidence about the harms of the tools they are buying.

3. Longitudinal effects across curriculum cycles, not
semesters

Current gap: almost every AI-education finding is single-term. But
the systems change faster than the studies. A model updates quar-
terly; a curriculum revises across two semesters or a full accreditation
cycle. That temporal asymmetry means most ”findings” describe a
tool that no longer exists in the form studied—a mismatch [2] named [2] Future Shock
decades before it became an assessment problem.

Research questions:

• Do students who learn foundational skills with generative assis-
tance retain them at 18 and 36 months relative to matched cohorts

https://www.npr.org/2025/12/16/nx-s1-5492397/ai-schools-teachers-students
https://www.npr.org/2025/12/16/nx-s1-5492397/ai-schools-teachers-students
https://www.npr.org/2025/12/16/nx-s1-5492397/ai-schools-teachers-students
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who did not?

• How do learning outcomes drift as underlying models change mid-
program, holding the syllabus constant?

• What happens to writing and quantitative reasoning across a full
degree when AI use is normalized in year one?

Methodological considerations: multi-year panel designs with
matched cohorts, pre-registered to resist post-hoc narrative fitting.
The confound is the moving target—version drift in the tools them-
selves. One partial fix: instrument the model version as a covariate
rather than pretending ”AI” is a stable treatment. Attrition and the
impossibility of a clean no-AI control group are real limits worth stat-
ing up front.

Potential contribution: the only credible basis for claims about skill
formation versus skill atrophy—claims currently made on anecdote.

4. Beyond ”tool”: AI as infrastructure and as opaque
co-author

Current gap: the dominant frame treats AI as a tool a user picks
up. But the systems are increasingly infrastructural—embedded in
the research workflow itself, as OpenAI’s positioning of ChatGPT for
scholarly work makes explicit [3]. A tool you choose; infrastructure [3] ChatGPT for Academic Re-

searchersyou inhabit. And the infrastructure is opaque: how these models are
built and what they encode is disclosed only in vendor-controlled
terms [4]. [4] Cómo se desarrollan ChatGPT y

nuestros modelos fundacionales
Research questions:

• When AI is embedded in accessibility tooling—say, personalized
learning for students with disabilities [9]—who audits the adapta- [9] Personalización del aprendizaje

para estudiantes con discapacidadestion logic the student never sees?

• How should authorship and methodological transparency norms
adapt when the analytic instrument is a black box?

• What counts as reproducible when the model is proprietary and
versioned outside the researcher’s control?

Methodological considerations: this is partly conceptual—science-
and-technology-studies methods, infrastructure analysis—and partly
empirical: provenance audits of AI-assisted findings. [2] supplies the [2] The Atlas of AI

https://help.openai.com/en/articles/20001406
https://help.openai.com/en/articles/20001406
https://help.openai.com/en/articles/20001406
https://help.openai.com/es-419/articles/7842364-c%C3%B3mo-se-desarrollan-chatgpt-y-nuestros-modelos-fundacionales
https://help.openai.com/es-419/articles/7842364-c%C3%B3mo-se-desarrollan-chatgpt-y-nuestros-modelos-fundacionales
https://help.openai.com/es-419/articles/7842364-c%C3%B3mo-se-desarrollan-chatgpt-y-nuestros-modelos-fundacionales
https://learn.microsoft.com/es-es/training/modules/personalize-learning-students-disabilities-using-ai/
https://learn.microsoft.com/es-es/training/modules/personalize-learning-students-disabilities-using-ai/
https://learn.microsoft.com/es-es/training/modules/personalize-learning-students-disabilities-using-ai/
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frame for treating opacity as a methodological cost rather than a
convenience.

Potential contribution: moves the field past the tool metaphor
toward norms that fit systems researchers cannot inspect.

5. Governance navigation: what ”responsible integra-
tion” actually decides

Current gap: governance frameworks proliferate faster than evi-
dence they work. Québec’s responsible-integration guide for higher
education is a serious artifact [5]—but no one has tested whether such [5] Intégration responsable de

l’intelligence artificielle dans les
établissements

guides change institutional behavior or merely document intentions.

Research questions:

• Do institutions with formal AI-governance frameworks make dif-
ferent procurement and academic-integrity decisions than those
without?

• Where does shared governance actually adjudicate AI policy, versus
where is it settled by vendor EULA before any faculty senate votes?

• Which framework provisions survive contact with an assessment
cycle, and which are dead letters?

Methodological considerations: comparative institutional case stud-
ies, tracing a policy from adoption to a concrete decision. The limit
is selection bias—institutions that write frameworks differ from those
that don’t. Process-tracing within institutions partly controls for it. A
more balanced empirical picture of AI’s institutional role is emerging
in exactly this kind of grounded work [2]. [2] Artificial Unintelligence - How

Computers Misunderstand
Potential contribution: distinguishes governance that binds from

governance that performs—the difference between a policy and a press
release.

Supporting Evidence

Evidence Base Characteristics

The corpus this week runs to 4,400 sources, and the first honest ob-
servation a researcher should make is that most of it is not scholar-
ship. The highest-scoring exemplars our system surfaced are not peer-
reviewed studies but vendor and platform documentation: Microsoft’s

https://cdn-contenu.quebec.ca/cdn-contenu/education/Numerique/enseignement-superieur/integration-responsable-ia-etablissements-es-guide.pdf
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https://cdn-contenu.quebec.ca/cdn-contenu/education/Numerique/enseignement-superieur/integration-responsable-ia-etablissements-es-guide.pdf
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material on AI-driven data-security investigations [8], OpenAI’s [8] Más información sobre el análisis
de inteligencia artificial ...research-user guidance [3], and Microsoft’s disability-personalization
[3] ChatGPT for Academic Re-
searchers | OpenAI Help Centertraining module [9]. These are product artifacts wearing the register of
[9] Personalización del aprendizaje
para estudiantes con discapacidades ...

evidence. They describe capability and intended use; they do not test
outcomes.

That distribution matters. When the top-scoring material in a cat-
egory is documentation authored by the firms whose tools are under
discussion, the ”evidence base” is heavily weighted toward supply-side
description. Empirical outcome studies, theoretical work, and inde-
pendent commentary exist in the corpus, but they are outnumbered
by adoption guides and billing references — GitHub Copilot’s model-
and-pricing pages [7], Microsoft’s rollout playbooks [10]. This is a [7] Modelos y precios para GitHub

Copilot
[10] Rollout Microsoft 365 Copilot to
your organization

literature about deployment, not about learning.

Perspective Distribution Analysis

The instrumentation returned zero mapped contradictions and zero
catalogued missing-perspective gaps for this week’s pull. That is not
a clean bill of health — it is a measurement absence, and researchers
should read it as such. A corpus dominated by vendor documentation
produces few internal contradictions precisely because promotional
material does not argue with itself. The absence of contradiction is an
artifact of source type, not evidence of consensus.

The perspectives that are structurally underweighted are the
ones that rarely appear in product docs: the learner’s own account,
the contingent instructor’s, the accessibility researcher who studies
whether ”personalized learning for students with disabilities” [9] ac- [9] Personalización del aprendizaje

para estudiantes con discapacidades ...tually improves measured outcomes rather than merely offering a
feature. Independent journalism does surface here — NPR’s report-
ing that AI-detection tools remain unreliable while teachers use them
anyway [1] — and it is precisely the kind of counter-evidence the ven- [1] AI detection tools are unreliable.

Teachers are using them anyway :
NPR

dor layer omits. When the field’s most-visible sources are those with
a commercial stake, knowledge production drifts toward what can be
sold rather than what can be substantiated.

Failure Pattern Analysis

Our failure-pattern instrumentation logged no categorized failures
this week — no ethical, implementation, or technical counts to re-
port. Treat that null as a coverage gap, not a safety record. The one
documented failure that surfaces in the citable set is a detection fail-
ure: AI-writing detectors are unreliable and used anyway [1]. That [1] AI detection tools are unreliable.

Teachers are using them anyway :
NPR

https://learn.microsoft.com/es-es/purview/data-security-investigations-ai
https://learn.microsoft.com/es-es/purview/data-security-investigations-ai
https://learn.microsoft.com/es-es/purview/data-security-investigations-ai
https://help.openai.com/en/articles/20001406
https://help.openai.com/en/articles/20001406
https://help.openai.com/en/articles/20001406
https://learn.microsoft.com/es-es/training/modules/personalize-learning-students-disabilities-using-ai/
https://learn.microsoft.com/es-es/training/modules/personalize-learning-students-disabilities-using-ai/
https://learn.microsoft.com/es-es/training/modules/personalize-learning-students-disabilities-using-ai/
https://docs.github.com/es/copilot/reference/copilot-billing/models-and-pricing
https://learn.microsoft.com/en-us/microsoft-365/copilot/microsoft-365-copilot-minimum-requirements-rollout
https://docs.github.com/es/copilot/reference/copilot-billing/models-and-pricing
https://docs.github.com/es/copilot/reference/copilot-billing/models-and-pricing
https://learn.microsoft.com/en-us/microsoft-365/copilot/microsoft-365-copilot-minimum-requirements-rollout
https://learn.microsoft.com/en-us/microsoft-365/copilot/microsoft-365-copilot-minimum-requirements-rollout
https://learn.microsoft.com/es-es/training/modules/personalize-learning-students-disabilities-using-ai/
https://learn.microsoft.com/es-es/training/modules/personalize-learning-students-disabilities-using-ai/
https://learn.microsoft.com/es-es/training/modules/personalize-learning-students-disabilities-using-ai/
https://www.npr.org/2025/12/16/nx-s1-5492397/ai-schools-teachers-students
https://www.npr.org/2025/12/16/nx-s1-5492397/ai-schools-teachers-students
https://www.npr.org/2025/12/16/nx-s1-5492397/ai-schools-teachers-students
https://www.npr.org/2025/12/16/nx-s1-5492397/ai-schools-teachers-students
https://www.npr.org/2025/12/16/nx-s1-5492397/ai-schools-teachers-students
https://www.npr.org/2025/12/16/nx-s1-5492397/ai-schools-teachers-students
https://www.npr.org/2025/12/16/nx-s1-5492397/ai-schools-teachers-students
https://www.npr.org/2025/12/16/nx-s1-5492397/ai-schools-teachers-students


9

single case tells you what is understudied — the gap between a tool’s
claimed accuracy and its classroom consequences, which almost never
appears in the documentation that dominates the corpus.

Discourse Analysis Findings

No metaphor or causal-attribution data was extracted this week, so
the discourse claims must stay grounded in what the sources actually
say. The dominant framing in the vendor layer is enablement: ”adop-
tion,” ”onboarding,” ”rollout” [6]. Causation runs one direction — [6] Microsoft 365 Copilot adoption

guide and overview for IT adminsdeploy the tool, receive the benefit. Absent are the mediating vari-
ables researchers care about: pedagogy, prior knowledge, disciplinary
context. Government survey work such as Mexico’s ENIAG usage-and-
perceptions dossier [11] and Québec’s responsible-integration guide [5] [11] Usos y percepciones sobre la

Inteligencia Artificial ...
[5] Intégration responsable de
l’intelligence artificielle dans les
...

reintroduce those variables — and they read very differently from a
product page, because their authorial purpose is stewardship rather
than sale. As Artificial Unintelligence argues, a more balanced view of
AI tends to emerge precisely from the journalism and academic work
that resists the enablement frame [2]. [2] Artificial Unintelligence - How

Computers Misunderstand

Methodological Observations

The prevailing ”method” in the high-scoring corpus is not a method
at all — it is capability description validated by the vendor’s own
account. Genuine study designs are scarce. What exists skews cross-
sectional and perceptual: survey snapshots like ENIAG [11] rather [11] Usos y percepciones sobre la

Inteligencia Artificial ...than longitudinal designs that track a cohort across an assessment cy-
cle. Randomized or quasi-experimental comparisons of AI-supported
versus conventional instruction are effectively absent from this pull.
Generalizability suffers accordingly: a feature that works in a docu-
mented demo tells you nothing about effect size in a 200-seat gateway
course.

Theoretical Development Needs

The unresolved contradiction the field must theorize is the one NPR
made concrete: institutions adopt tools whose validity they cannot
establish [1]. We lack a shared construct for evidentiary sufficiency in [1] AI detection tools are unreliable.

Teachers are using them anyway :
NPR

ed-tech procurement — the threshold at which a claimed capability
becomes an adoptable one. Responsible-integration frameworks like
Québec’s [5] gesture toward it but stop at principles. The bridging [5] Intégration responsable de

l’intelligence artificielle dans les
...

work — connecting vendor capability claims to measured learning
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outcomes through an explicit evidentiary standard — remains to be
built, and until it is, the scholarship will keep ceding its terms to
documentation written by the sellers.
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