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Executive Summary

The Measurement Gap Behind the ”Brain Mush” Discourse

The field’s most-circulated claim this spring — that generative AI is
eroding student cognition — rests almost entirely on faculty percep-
tion surveys and journalistic framings, not on learning measurements.
The Forbes write-up of the [1] survey and the BBC’s [19] feature are [1] 90% Of Faculty Say AI Is Weaken-

ing Student Learning
[19] ’Think outside the bots’: How to
stop AI from turning your brain to
mush

now driving policy conversations across institutions drawing on this
week’s pool of 6135 indexed sources — but neither operationalizes cog-
nitive offloading as a measurable construct. The NPR-reported [16]

[16] risks of AI in schools outweigh
the benefits

framing inherits the same gap.

The core theoretical challenge. We have a self-efficacy instru-
ment for generative AI literacy — the [17] — and we have institu- [17] A theory-driven scale for assessing

text-based generative AI literacy from
a self-efficacy perspective (T-GASE)

tional baseline data on what [12]. What we do not have is a validated

[12] incoming students actually know
about AI

construct linking tool use to durable change in transferable reasoning.
Resolving this requires longitudinal designs that distinguish substitu-
tion from augmentation at the task level, and that survive the model-
version churn making any 2024 baseline rapidly obsolete. The [2] essay [2] AAUP’s What Does AI Do?
reframes the question productively: ask not whether AI ”helps learn-
ing” but what specific cognitive labor is being reassigned, to whom,
and with what residual.

What this briefing provides. A mapping of unstudied ques-
tions — assessment validity under agentic browsers, construct validity
across competing AI-literacy scales, and the emerging treatment of AI
as a [15]; an analysis of methodological limitations in current detection [15] Risk, Retention, and the Algo-

rithmic Institution: Artificial Intelli-
gence as a Policy Response to Higher
Education in Crisis

and perception research; and identification of high-impact research
opportunities sitting between learning sciences and institutional gover-
nance.
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Critical Tension

The Theoretical Problem

The field is producing a strange asymptote. A Forbes summary of re-
cent faculty surveys reports that [1], while simultaneously the same [1] 90% Of Faculty Say AI Is Weaken-

ing Student Learninginstitutions are deploying AI as an instrument of student success —
adopting it as a retention technology, an advising layer, an early-
warning system. The Canadian Public Policy piece on [15] names this [15] Risk, Retention, and the Algo-

rithmic Institutiondirectly: AI is being positioned as a policy response to the enrollment
crisis precisely while it is being indicted as a cause of the learning
crisis. That is not a practical trade-off resolvable by better implemen-
tation. It is a contradiction in what the technology is taken to do.

The field lacks a theoretical apparatus for adjudicating it. The
dominant constructs — self-efficacy in AI use, as operationalized in
the new [17], or skill-based literacy frameworks — measure individual [17] A theory-driven scale for assessing

text-based generative AI literacy from
a self-efficacy perspective (T-GASE)

capacity. They cannot speak to the institutional level at which the
same system simultaneously degrades cognition and stabilizes enroll-
ment. What is missing is a multi-level theory that treats AI as con-
stitutive of the learning environment rather than as an input variable
within it. The AAUP’s [2] gestures at this question without resolving [2] What Does AI Do?
it; the field has not produced a model in which the answer can differ
across the student, the classroom, and the institutional balance sheet
simultaneously, which is what the evidence demands.

Paradigm Limitations

The unmarked metaphor across the empirical corpus is AI-as-tool,
inherited wholesale from vendor framing — see the [6] and the [9] gov- [6] Cloud Adoption Framework

[9] Create your AI strategyernance documents that have become de facto reference architecture
for campus IT. Tools are adopted, governed, and audited; their effects
are attributed to user proficiency. This framing forecloses two ques-
tions that the evidence is forcing open: what happens to cognition
when the ”tool” answers the question the assignment was designed to
ask ([19]), and what happens to authorship when the system is trained [19] ’Think outside the bots’: How to

stop AI from turning your brain to
mush

to imitate the user’s voice ([20]). Neither fits an instrument metaphor.
[20] What does it mean to train an AI
to speak like you?

Causal attribution in the literature reproduces the tool frame: when
AI fails students, the field blames prompts, literacy, or policy gaps
([11]); when it succeeds, it credits the system. An infrastructural fram- [11] Here’s How College Leaders Can

Close The AI Governance Gaping — drawing on [18] — would treat the model, the curriculum, the
[18] The Atlas of AIlabor market signal, and the assessment regime as a single co-produced

environment, and would ask different questions: not ”does AI help
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learning?” but ”what kind of student does this infrastructure produce,
and for whose downstream use?” The [21] suggests the downstream [21] Yale insight on job destruction at

career entryanswer is already arriving before the upstream theory has been writ-
ten.

Whose Knowledge Is Missing?

Student voice constitutes 3.76% of the corpus this week. The Ad-
vance HE piece on [12] is the rare artifact in which students are sub- [12] what incoming students actually

know about AIjects rather than objects of measurement. Student-centered research
would not ask whether AI use correlates with grade decline; it would
ask what students believe they are trading when they delegate, and
whether that trade looks rational from inside their actual labor-market
horizon. The Yale evidence suggests it may.

Critical perspectives — work that interrogates the political econ-
omy of campus AI adoption — sit at 0.29%. Parent and community
perspectives at the same 0.29%. The absence is methodologically
consequential: without critical framing, the [13] reads as pedagogical [13] MDPI piece on authentic assess-

mentinnovation rather than as a labor-shifting response to vendor capture
of the detection market ([8]). Without community perspective, the [4] [8] Colleges pay millions for AI detec-

tors that are flawed
[4] ARL Quick Poll

on library adoption appears as a professional question rather than a
question about who pays — in tuition and in privacy — for institu-
tional efficiency. A research program that centered these voices would
not produce gentler conclusions. It would produce different objects of
study: the EULA, the procurement contract, the [14] as a market doc- [14] PDF Global AI Adoption in 2025

- A Widening Digital Divideument. Until the field treats those as primary data, the contradiction
at the top of this brief will continue to widen.

Actionable Recommendations

Research Briefing: Where the Evidence Base Is Thin

Across 6135 sources surveyed this week, the AI-and-higher-education
literature is accreting fast but unevenly. Faculty surveys proliferate;
student voice is thin. Cross-sectional snapshots dominate; longitudi-
nal designs are scarce. Detection tools generate lawsuits faster than
scholarship. Institutional adoption is studied as deployment, rarely
as governance. Below are five directions where a well-designed study
could move the field rather than restock the shelf.
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1. Student epistemics as primary data, not afterthought
Current gap: Faculty perception studies dominate. Forbes reports

[1], but the symmetrical student-side instrument — what students [1] 90% of faculty say AI is weakening
student learningactually know, do, and believe — remains underdeveloped. Advance

HE’s survey of [12] is one of the few that treats learners as informants [12] what incoming students actually
know about AIrather than objects of concern.

The field has largely approached AI literacy through faculty-facing
or vendor-facing instruments. The new [17] is a step toward psychome- [17] A theory-driven scale for assessing

text-based generative AI literacy from
a self-efficacy perspective (T-GASE)

trically defensible measurement, but self-efficacy is not knowledge and
confidence is not competence.

Research questions:

• Where do student self-reports of AI use diverge from log data of
actual use, and in which directions?

• Do students who report high AI self-efficacy demonstrate better
calibration about model limitations, or worse?

• How does prior secondary-school AI exposure structure first-year
academic behavior across institutional types?

Methodological considerations: Pair validated scales with behavioral
traces (LMS data, browser telemetry obtained under IRB-approved
consent) and cognitive interviews. The dominant survey mode under-
samples community college and adjunct-taught populations; oversam-
pling is required, not optional.

Potential contribution: A student-centered evidence base that lets
faculty stop arguing from anecdote and lets policy stop being written
about a population it has not heard from.

2. Longitudinal labor-market tracking of the ”no-entry-
level” cohort

Current gap: Yale’s analysis that [21] is among the clearest empir- [21] the real job destruction from AI
is hitting before careers can startical signals in the labor literature this year, but it is a snapshot. We

do not have panel data following graduates from disrupted entry-level
pipelines through year five.

Research questions:

• For 2024–2027 graduates in fields with documented entry-level con-
traction (paralegal, junior software, editorial assistant), what are
five-year wage and occupation trajectories versus pre-2023 compari-
son cohorts?
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• Does graduate-program enrollment function as a labor-market
shock absorber, and at what debt cost?

• Do institutional career-services interventions measurably alter
trajectories, or do they redistribute the same placements?

Methodological considerations: Requires institutional cooperation
across cohorts, ideally federated. National Student Clearinghouse
linkages, state UI wage records where available, and consortium agree-
ments between research universities. The methodological hazard is
selection: students who consent to long-term tracking are not repre-
sentative.

Potential contribution: Moves the AI-and-work conversation from
labor-economist abstraction to institution-actionable evidence. Cur-
riculum committees making program-closure decisions in 2027 deserve
better than 2024 vendor white papers.

3. The detection regime as a governance failure case
study

Current gap: AI detection has generated a litigation record before
it has generated a research literature. [8]; [10] catalogues student cases [8] CalMatters has documented col-

leges paying millions for AI detectors
that are flawed
[10] AI Detection Lawsuits: Every
Student Case, Outcome, and What
the Data ...

where Title IX-adjacent due-process arguments are succeeding against
institutions. Meanwhile, [13] and Forbes’s argument that [7] propose

[13] Beyond Detection: Redesigning
Authentic Assessment in an AI ... -
MDPI
[7] colleges must block agentic AI
browsers

redesigning assessment instead — but the policy adoption curve is
uneven.

Research questions:

• What is the false-positive distribution of widely deployed detec-
tors across L1 vs. L2 English writers, and how does this map onto
demographic disparate-impact thresholds?

• In institutions that have shifted from detection to authentic assess-
ment redesign, what are faculty workload, grade distribution, and
academic-integrity-case-volume changes across one full assessment
cycle?

• How are procurement decisions for detection tools made — which
offices, what evidence standard, what vendor relationship?

Methodological considerations: Mixed-methods. Audit studies for
the disparate-impact question (ethically fraught, but tractable). Doc-
ument analysis and procurement-office interviews for the governance

https://calmatters.org/education/higher-education/2025/06/ai-detector/
https://detectiondrama.com/ai-detection-lawsuits/
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question. Researchers will face vendor NDAs and institutional defen-
siveness; pre-registered designs and consortium IRB approvals help.

Potential contribution: Treats the detection apparatus as the policy
object it is — a procurement-and-discipline system — rather than as a
neutral technical question.

4. The algorithmic institution: AI as administrative
apparatus, not pedagogical tool

Current gap: The pedagogical literature is large; the administrative-
AI literature is small. The University of Toronto Press piece on [15] [15] risk, retention, and the algorith-

mic institutionnames a phenomenon — predictive analytics deployed as a policy
response to enrollment and retention crises — that most faculty-facing
AI scholarship ignores. AAUP’s [2] similarly pushes past the classroom [2] What Does AI Do?
frame.

Research questions:

• In institutions deploying retention-risk models, what is the rela-
tionship between flag rates, advisor caseloads, and actual six-year
completion outcomes by race, Pell status, and first-generation sta-
tus?

• Do early-alert systems improve outcomes or relocate attrition ear-
lier in the academic timeline?

• How are model thresholds set, by whom, and with what shared-
governance involvement?

Methodological considerations: Quasi-experimental designs around
staggered adoption are feasible. The harder problem is access: in-
stitutional research offices control the data and often the framing.
Independent replication requires either FOIA-equivalent state-system
access or partnerships negotiated with explicit publication rights.

Potential contribution: Establishes whether the ”algorithmic in-
stitution” is doing what it claims, and whose interests its threshold-
setting serves.

5. Reframing the unit of analysis: AI as infrastructure,
not application

Current gap: Most studies frame AI as a discrete tool a user en-

https://utppublishing.com/doi/abs/10.3138/cpp.2025-030
https://utppublishing.com/doi/abs/10.3138/cpp.2025-030
https://utppublishing.com/doi/abs/10.3138/cpp.2025-030
https://www.aaup.org/issue/spring-2026/what-does-ai-do
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counters. [19] and [20] gesture at something deeper — AI as ambient [19] ’Think outside the bots’: How to
stop AI from turning your brain to
mush
[20] What does it mean to train an AI
to speak like you?

writing infrastructure — but the methodological apparatus to study
infrastructure rather than interaction is underdeveloped. The [14] doc-

[14] PDF Global AI Adoption in 2025
- A Widening Digital Divide

uments a widening cross-national divide that the tool-framing cannot
explain.

Research questions:

• When AI is embedded in default writing surfaces (email, docs,
IDEs), what is the meaningful distinction between ”using AI” and
”writing”?

• How do infrastructure-level affordances differentially shape disci-
plines whose epistemic norms differ on authorship?

• What does the [18]’s account of planetary material costs imply for [18] Atlas of AI
institutional sustainability reporting now that AI compute is a line
item?

Methodological considerations: Borrow from infrastructure stud-
ies and STS — ethnography of the writing surface, breaching ex-
periments, materialist analysis of compute procurement. Requires
researchers willing to leave the survey behind.

Potential contribution: A vocabulary for studying what is becom-
ing ambient rather than what is conspicuous. The conspicuous-AI
literature will date quickly; the infrastructural literature will not.

Supporting Evidence

Evidence Base Characteristics
This week’s corpus draws from 6,135 total sources, with 2,224

falling into the higher-education category. The distribution skews
heavily toward commentary and trade-press reporting over empirical
work — a pattern that should worry anyone trying to build a research
program on AI-in-education. The most cited claims circulating this
week — that 90% of faculty believe AI weakens student learning [1], [1] 90% Of Faculty Say AI Is Weaken-

ing Student Learningthat AI is destroying entry-level jobs [21], that schools face net risk
[21] The Real Job Destruction from
AI Is Hitting Before Careers Can
Start

from classroom AI [16] — arrive as headline percentages, often from

[16] Report: The risks of AI in schools
outweigh the benefits

survey instruments whose construct validity is rarely scrutinized down-
stream.

The genuinely empirical work this week is thinner than the vol-
ume suggests. A new validated scale for generative AI literacy from
a self-efficacy angle [17] is one of the few instruments built with ex- [17] A theory-driven scale for assessing

text-based generative AI literacy from
a self-efficacy perspective (T-GASE)
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https://www.npr.org/2026/01/14/nx-s1-5674741/ai-schools-education
https://www.npr.org/2026/01/14/nx-s1-5674741/ai-schools-education
https://link.springer.com/article/10.1007/s10639-026-14023-y
https://link.springer.com/article/10.1007/s10639-026-14023-y
https://link.springer.com/article/10.1007/s10639-026-14023-y
https://link.springer.com/article/10.1007/s10639-026-14023-y
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plicit theoretical grounding. Survey data on what incoming students
actually know [12] and ARL’s library practitioner poll [4] offer descrip- [12] What incoming students actually

know about AI
[4] Findings from ARL’s 2026 AI
Quick Poll

tive baselines. Most of the remaining corpus is normative argument or
vendor-adjacent guidance.

Perspective Distribution Analysis
The contradiction map and missing-perspectives map this week are

both empty in the evidence architecture — which is itself a finding.
It means the field’s disagreements are not being formally tracked at
the discourse level; they are being absorbed into a managerial register
that treats ”responsible integration” [3] as a settled aim. Student [3] AI in Higher Education: Responsi-

ble Integration and Literacyvoice, contingent-faculty voice, and Global South voice are structurally
underrepresented across the citable set; the dominant institutional
speakers are vendors (Microsoft’s governance documentation appears
multiple times in the citable list), accreditation-adjacent think pieces,
and senior administrators writing in Forbes. The asymmetry shapes
what gets counted as a research question.

Failure Pattern Analysis
With no failure_patterns formally coded this week, the failures

visible in the corpus must be read off the surface of the reporting
itself. Detection-tool failures are the most documented: flawed AI
detectors costing institutions millions [8] and the resulting litigation [8] Colleges pay millions for AI detec-

tors that are flawed[10] constitute a clear implementation-failure cluster. Governance
[10] AI Detection Lawsuits: Every
Student Case, Outcome, and What
the Data Shows

failures appear in the framing of a 90-day governance-gap closure [11]

[11] Here’s How College Leaders Can
Close The AI Governance Gap

and the call to block agentic browsers [7]. Pedagogical-harm research

[7] Colleges And Schools Must Block
And Ban Agentic AI Browsers

— cognitive offloading, deskilling, voice-mimicry effects [20] — is the

[20] What does it mean to train an AI
to speak like you?

understudied category. The field is measuring procurement failures
more rigorously than learning failures.

Discourse Analysis Findings
Two metaphor families dominate. The first is hygienic-defensive:

”block,” ”ban,” ”detect,” ”govern.” The second is therapeutic: brains
turning to ”mush” [19], literacy as inoculation. Both displace the [19] How to stop AI from turning your

brain to mushharder question — what AI systems do to the cognitive and labor
structure of the academy [2] — into the language of individual student [2] What Does AI Do?
behavior. Causal attribution flows almost entirely from ”student mis-
use” to ”institutional response,” with vendor design decisions treated
as exogenous weather. The retention-and-risk framing now appearing
in policy journals [15] is one of the few places the institutional layer is [15] Risk, Retention, and the Algo-

rithmic Institutionitself the object of study.

https://www.advance-he.ac.uk/news-and-views/what-incoming-students-actually-know-about-ai
https://www.arl.org/blog/tracking-the-ai-evolution-in-research-libraries-findings-from-arls-2026-ai-quick-poll/
https://www.advance-he.ac.uk/news-and-views/what-incoming-students-actually-know-about-ai
https://www.advance-he.ac.uk/news-and-views/what-incoming-students-actually-know-about-ai
https://www.arl.org/blog/tracking-the-ai-evolution-in-research-libraries-findings-from-arls-2026-ai-quick-poll/
https://www.arl.org/blog/tracking-the-ai-evolution-in-research-libraries-findings-from-arls-2026-ai-quick-poll/
https://www.linkedin.com/posts/renataschoeman_aiinhighereducation-highereducation-healthcareleadership-activity-7456987502042574848-JpnG
https://www.linkedin.com/posts/renataschoeman_aiinhighereducation-highereducation-healthcareleadership-activity-7456987502042574848-JpnG
https://www.linkedin.com/posts/renataschoeman_aiinhighereducation-highereducation-healthcareleadership-activity-7456987502042574848-JpnG
https://calmatters.org/education/higher-education/2025/06/ai-detector/
https://calmatters.org/education/higher-education/2025/06/ai-detector/
https://calmatters.org/education/higher-education/2025/06/ai-detector/
https://detectiondrama.com/ai-detection-lawsuits/
https://detectiondrama.com/ai-detection-lawsuits/
https://detectiondrama.com/ai-detection-lawsuits/
https://detectiondrama.com/ai-detection-lawsuits/
https://www.forbes.com/sites/avivalegatt/2026/03/19/heres-how-college-leaders-can-close-the-ai-governance-gap-in-90-days/
https://www.forbes.com/sites/avivalegatt/2026/03/19/heres-how-college-leaders-can-close-the-ai-governance-gap-in-90-days/
https://www.forbes.com/sites/avivalegatt/2026/03/19/heres-how-college-leaders-can-close-the-ai-governance-gap-in-90-days/
https://www.forbes.com/sites/avivalegatt/2025/09/25/colleges-and-schools-must-block-agentic-ai-browsers-now-heres-why/
https://www.forbes.com/sites/avivalegatt/2025/09/25/colleges-and-schools-must-block-agentic-ai-browsers-now-heres-why/
https://www.forbes.com/sites/avivalegatt/2025/09/25/colleges-and-schools-must-block-agentic-ai-browsers-now-heres-why/
https://news.cornell.edu/stories/2026/05/what-does-it-mean-train-ai-speak-you
https://news.cornell.edu/stories/2026/05/what-does-it-mean-train-ai-speak-you
https://news.cornell.edu/stories/2026/05/what-does-it-mean-train-ai-speak-you
https://www.bbc.com/future/article/20260505-how-to-use-ai-without-turning-your-brain-to-mush
https://www.bbc.com/future/article/20260505-how-to-use-ai-without-turning-your-brain-to-mush
https://www.bbc.com/future/article/20260505-how-to-use-ai-without-turning-your-brain-to-mush
https://www.aaup.org/issue/spring-2026/what-does-ai-do
https://www.aaup.org/issue/spring-2026/what-does-ai-do
https://utppublishing.com/doi/abs/10.3138/cpp.2025-030
https://utppublishing.com/doi/abs/10.3138/cpp.2025-030
https://utppublishing.com/doi/abs/10.3138/cpp.2025-030
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Methodological Observations
Cross-sectional surveys dominate. Longitudinal designs tracking the

same cohort across an AI-policy change are nearly absent. Assessment-
redesign work [13] is largely conceptual rather than evaluated. Gener- [13] Beyond Detection: Redesigning

Authentic Assessment in an AI-
Saturated Era

alizability is constrained by a heavy R1 / English-medium / law-and-
business sample — UCL Laws’ work [5] is careful but not portable to [5] Artificial Intelligence, Education

and Assessment at UCL Lawscommunity-college or open-enrollment contexts.

Theoretical Development Needs
The unresolved theoretical work is the relationship between adop-

tion asymmetry across institutions [14] and learning-effect heterogene- [14] Global AI Adoption in 2025 - A
Widening Digital Divideity within them. The field needs a construct that links institutional

capacity, faculty agency, and student outcome without collapsing
into deficit framing. Self-efficacy scales are a start; what’s missing
is a theory of the institution as a unit of analysis under algorithmic
conditions.
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