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U.S. universities have met artificial intelligence with policy – revised honor codes, AI use guidelines, and detection tools to
enforce them – but the procedural infrastructure that would let affected parties understand, contest, and seek redress for AI-
related decisions has not kept pace. We present ACAI-US79, an institutional audit of AI governance across 79 U.S. universities
spanning R1, R2, and teaching-focused institutions, and ACAI, the Academic AI Capacity Index: an interpretable measure
of the public legibility of governance structures that allocate authority and accountability. Unlike prior audits focused on
pedagogical guidance at elite or R1-only samples, ACAI shifts the analytic frame to procedural accountability, evaluating four
domains — policy clarity, faculty support, feedback mechanisms, and AI detection tool governance — through time-bounded
review of institutionally authoritative materials. We find that governance capacity is systematically concentrated in rule
articulation while mechanisms for participation, feedback, and procedural constraint are underdeveloped, and that AI research
intensity is largely uncorrelated with AI governance capacity – i.e., we find that technical leadership does not translate into
procedural accountability. We further show that LLM-based audits produce unstable institutional rankings, demonstrating
the continued necessity of human judgment in high-stakes audit contexts. We release the dataset, audit instrument, and
public website at http://acai-us79.org/ to support transparency, critique, and institutional self-reflection, laying empirical
groundwork for accountable AI governance in higher education.
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1 Introduction
U.S. universities have met Artificial Intelligence (AI) with policy: revised honor codes, AI use guidelines, and
detection tools to enforce them. What has not kept pace is the infrastructure needed to ensure that affected parties
can understand, contest, and seek redress for decisions made about them. This is a failure of procedural justice
[39, 42]. A student flagged for academic misconduct by an AI detection tool [70] – with no published guidance
on who can review the determination, what recourse exists, or whether any human is required to weigh in – has
policy applied to them but no governance protecting them. When institutions do not provide this fundamental
protection, they risk their own legitimacy [11, 39, 42].

Universities exercise significant power over students and faculty,1 and AI-related governance decisions carry
material consequences. A student accused of academic misconduct on the basis of an AI detection tool faces
potential sanctions that can end a career [62]. Yet, as shown by our results, most institutions publish no guidance
on how such determinations are made, whether human review is required, or what recourse is available. Faculty,
meanwhile, are frequently expected to make consequential decisions about AI use – whether and how to permit
it, how to detect misuse, how to adjudicate ambiguous cases – without adequate institutional support, resources,
or training. And the policies that govern both students and faculty are rarely shaped by structured input from
either group: mechanisms for participation, feedback, and revision are among the least developed components
of institutional AI governance. Due process guarantees are legally protected for public universities under the
Fourteenth Amendment, and both public and private institutions are bound by their own published procedures
[62] – but published procedures must exist before they can be followed, enforced, or contested.

Public legibility, as we use the term, refers to the extent to which governance mechanisms – policies, procedures,
feedback loops, and recourse pathways – are findable, interpretable, and actionable by affected parties operating
under realistic time and access constraints. Legibility is not sufficient for justice, but it is necessary [4, 12]. The
following example illustrates why:

Consider two students enrolled in the same course: Student A attends office hours regularly, has informal
access to faculty, and learns through this interpersonal network that the instructor permits the use of
generative AI for brainstorming. Student A therefore uses AI with confidence. Student B works full-time,
attends class remotely, and relies primarily on the syllabus and university-level policies to determine
acceptable practice. In the absence of clear, publicly articulated guidance, Student B either avoids AI use
entirely or uses it cautiously while facing the perceived risk of academic integrity sanctions.

Although both students are subject to the same formal rules, they encounter materially different guidance in
practice. This failure is not neutral: it systematically advantages students and faculty with greater institutional
access, while disadvantaging those who rely on official documentation and published policy. Informal governance
is therefore a structural source of inequity, independent of institutional intent. The consequences are compounding:
students report fear of being falsely accused of AI-assisted cheating [25, 30, 33], yet those who avoid AI entirely
risk falling behind in the competencies their fields increasingly demand [13, 28]. Each of the failures Student
B encounters – unclear policy, unsupported faculty, absent feedback mechanisms, and ungoverned detection
practices – represents a distinct dimension of governance capacity. Together, they illustrate core dimensions of
procedural accountability.

1We use faculty as an umbrella term for all instructional staff. We note that this label encompasses roles with differing levels of authority, job
security, and participation in institutional governance, which vary across universities.
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Prior empirical audits of university AI governance have focused on policy presence among elite or research-
intensive samples [47, 50, 75, 79] (Table 2, Appendix B), examining primarily the pedagogical dimension: how
universities communicate expectations about AI use in coursework. We extend this work by auditing a structurally
diverse sample of 79 U.S. universities spanning R1, R2, and teaching-focused institutions, and by shifting the
analytic frame from pedagogy to procedural accountability [11, 12] — asking not whether universities have AI
policies, but whether those policies constitute legible, contestable structures through which affected parties can
understand the rules, participate in their revision, and seek recourse when things go wrong.

We present ACAI-US79, an institutional audit dataset capturing publicly articulated AI governance practices
across 79 diverse U.S. universities, and ACAI, the Academic AI Capacity Index—an interpretable measure of
governance capacity grounded in the public legibility of formal policies, resources, feedback mechanisms, and
procedural safeguards. The audit evaluates four governance domains: A. Policy Clarity, B. Faculty Support, C.
Feedback Loops, and D. Detection Tools. These domains are organized around procedural logics: Can affected
parties identify the rules? Do faculty have the institutional support to apply them consistently? Are there structured
mechanisms for participation and revision? And are the uses of AI detection technology – among the highest-stakes
procedural interventions universities deploy – governed by explicit safeguards against error and abuse?

Our findings reveal that governance capacity is consistently concentrated in rule articulation – policy documents
and faculty-facing guidance – while the mechanisms that enable participation, feedback, and procedural constraint
are systematically underdeveloped. This pattern holds even among institutions with high aggregate governance
capacity. The gap is not primarily explained by resource constraints or institutional type: AI research intensity is
largely uncorrelated with AI governance capacity, indicating that technical leadership does not translate into
procedural accountability (Appendix E.2). The structural problem is one of institutional design.
We make the following contributions, which together constitute the first large-scale, reproducible audit of

procedural accountability in U.S. university AI governance:

(1) A Structurally Diverse Institutional Audit: Unlike prior audits restricted to elite or R1-only samples
[47, 50, 75, 79] (Table 2, Appendix B), we audit 79 U.S. universities spanning R1, R2, and teaching-focused
institutions, surfacing accountability gaps that top-N sampling systematically obscures. We release ACAI-US79
– the dataset, annotation schema, audit toolkit, and public website – to support transparency, replication, and
institutional self-assessment (available at https://anonymous.4open.science/r/ACAI-3D27 and https://acai-us79.
org/).
(2) A Legal and Institutional Analytic Frame: We introduce ACAI, an interpretable audit index grounded in
procedural accountability rather than pedagogical guidance – measuring whether authority, review, and recourse
mechanisms are publicly legible to affected parties, and operationalizing due process as an empirically auditable
property of institutional governance.
(3) Governance Capacity Is Largely Uncorrelated with Research Activity: We compare AI governance
capacity (ACAI) against AI research output (CSRankings), finding that technical leadership does not translate into
publicly articulated accountability – a result with direct implications for how the FAccT community understands
the relationship between AI investment and institutional responsibility.
(4) A Critical Evaluation of Automated Governance Auditing: We evaluate whether LLMs can approximate
human governance judgments, finding that automated approaches produce unstable and systematically misleading
institutional rankings – underscoring the continued necessity of human judgment in high-stakes audit contexts.
(5) ActionableRecommendations forUniversities:We translate audit findings into concrete recommendations
for strengthening institutional AI governance, with particular attention to feedback mechanisms, human review
requirements, and procedural safeguards around AI detection tools.

https://anonymous.4open.science/r/ACAI-3D27
https://acai-us79.org/
https://acai-us79.org/
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2 Related Work

2.1 AI in Higher Education
AI has achieved rapid, widespread adoption in higher education. Within two years of ChatGPT’s release, over
80% of students were using AI academically [21], and a 2025 survey found that 85% had used AI for coursework
in the past year [28]. Adoption extends to instructors as well: 65% of STEM academic scientists report using
generative AI in teaching or research activities [5]. Yet institutional preparedness has not kept pace. AAC&U
notes that 68% percent of faculty respondents indicated their institutions had not prepared them for AI-related
teaching challenges, while 78% reported increased cheating since generative AI tools became widely available
[61]. Students themselves recognize the gap: more than half want education on ethical AI use, and more than
half want clearer, standardized policies governing when and how AI tools can be used [28].

Calls for participatory governance in higher education have emerged from educators, professional organizations,
and policy bodies alike. The EngageAI Task Force’s “AI Bill of Rights for Educators” [24] frames participatory
governance as a matter of professional rights, calling for faculty agency, advocacy, and institutional support.
The 2025 AAUP report [58] documents widespread faculty concern over exclusion from AI-related decision-
making, and goes further by recommending the formation of standing or ad hoc committees composed of faculty,
staff, and students—“elected by their constituencies and charged with monitoring, evaluating, and reviewing
[AI] procurement processes and policy.” A recent EDUCAUSE working paper [32] similarly calls for increased
stakeholder engagement, arguing that governance frameworks informed by diverse stakeholder voices are
essential to realizing AI’s potential while protecting against harm. Several institutions have convened formal
advisory structures — Cornell through a cross-unit Administrative AI Task Force [22], Stanford through a provost-
commissioned advisory committee [1], and Michigan through a high-level AI Research Committee [72] — to
evaluate risks and develop institutional recommendations. Yet student involvement is rarely built into these
structures [36]. Further, systematic evidence of the effectiveness or durability of such participatory mechanisms
remains limited, and we find that structured pathways for student and faculty input into AI governance are
among the least developed components of institutional practice.

Despite widespread faculty concern about AI-assisted plagiarism [58], the detection tools deployed in response
are neither accurate nor reliable – further discussed in Appendix C. False positive rates vary widely across tools,
and detection systems disproportionately misclassify the work of non-native English speakers and neurodivergent
writers [43, 76]. At institutional scale, even a 1% false positive rate translates into thousands of wrongful
misconduct accusations [70], as shown in Figure 4. Yet institutional guidance on how detection outputs should be
interpreted, weighted, or contested remains largely absent [47, 75].

2.2 Auditing Institutional AI Governance: Ethics and Accountability
Bommasani et al. [10] offers the closest precedent: the Foundation Model Transparency Index (FMTI) audits
the publicly legible properties of AI systems themselves, producing a structured, comparative ranking across
developers. Just as the FMTI asks whether AI developers make their systems legible enough to support external
accountability, ACAI asks whether universities make their governance structures legible that affected parties can
invoke due process protections.

Prior work has examined how universities articulate responses to generative AI, primarily through analyses of
publicly available policies and guidelines. Previous studies analyze AI governance across only elite universities
(Table 2, Appendix B) – “Big 10” [79], “Top 100” [75], “Top 50” [50], or the 116 R1 universities in the U.S. [47]
– focusing only on the pedagogical dimension: how universities communicate expectations about AI use in
coursework. We extend this line of work in two directions: first, we audit a structurally diverse sample of 79 U.S.
universities spanning R1, R2, and teaching/liberal arts institutions; and second, by shifting the analytic frame
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from pedagogy to procedural accountability [11, 12], asking whether authority, review, and recourse mechanisms
are publicly legible to affected parties.
This framing is grounded in a sociotechnical understanding of accountability [38, 66, 78] (Appendix E.1):

evaluating whether AI use in universities is accountable requires evaluating the institutional arrangements
through which AI is authorized, constrained, and contested – not just the technical properties of the systems
deployed. Algorithmic impact assessment scholarship reinforces this point. Metcalf et al. [49] and Selbst [65]
document how opacity in algorithmic systems enables harm to go unaddressed. Ananny and Crawford [4] argue
that “transparency alone cannot create accountable systems” – legibility is necessary but insufficient without
mechanisms for participation and contestation.

These concerns are not merely theoretical: when governance structures lack public legibility, affected parties
have no structured means of shaping or challenging the policies that govern AI use against them [68, 81]. This
leads directly to ethical concerns (stemming from power imbalances), which are exacerbated when considering the
compounding disproportionate harms to marginalized groups of students and faculty who hold less power within
the university ecosystem. Our audit aims to ameliorate these potential harms through transparent, systemic
measurements of university AI governance, which can in turn facilitate regulatory oversight or community-
based advisory committees to mitigate the disparate impacts potentially arising from status quo, black-box AI
governance.

2.3 Legal Grounding
ACAI is grounded in the legal tradition of algorithmic due process audits [41]. Universities are a setting where
the due process deficit risk is acute: AI detection tools carry material consequences for students — including
“financial loss and a stigma that may preclude admission to another university or access to a career” [62] — under
governance frameworks that often lack the procedural specificity needed to support meaningful review. Public
universities bear constitutional obligations under the Fourteenth Amendment; both public and private institutions
are bound by their own published procedures and subject to judicial review [62]. Publicly legible governance is
the precondition for these protections to function in practice. Kinchin [42] identifies the theoretical gap ACAI
addresses: while algorithmic fairness has focused on distributive justice, a procedural gap persists in consent,
transparency, and the right to be heard. Meaningful accountability requires information, explanation, and the
possibility of consequences [11, 12]; contestation requires institutional infrastructure that affected parties can
locate and invoke [39]. ACAI measures whether that infrastructure exists – a requirement for any meaningful
right to contest.

3 An Audit of Institutional Capacity
We first clarify what we mean by institutional capacity and why public legibility provides an appropriate object
of empirical audit. This section conceptualizes AI governance in higher education as a question of institutional
capacity and accountability, not technical sophistication or ethical aspiration. We treat universities as powerful
organizational actors that structure how AI systems are authorized, constrained, and contested through policies,
procedures, and oversight mechanisms. Adopting an audit perspective, we examine the public legibility of these
governance arrangements: what is made visible, enforceable, and contestable to students, faculty, and other
affected parties. This framing motivates our audit design and ACAI as a tool for evaluating how governance
capacity is institutionalized across universities.

3.1 ACAI-US79: A Benchmarking Dataset
Our annotation protocol – shown in Figure 6 – operationalizes institutional capacity as publicly legible, time-
bounded, and normatively specific governance, rather than as the mere presence of AI-related content. Capacity is
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You will review publicly available web pages for <UNIVERSITY> to determine whether specific AI-related policy statements are addressed by
the institution.
Use ONLY the links provided below and any pages, sections, PDFs, or subpages that are directly reachable by clicking links on those pages
(e.g., menus, internal links, or document links). Do NOT use external search engines or sources found from outside this list: <LINKS>.
Evaluate each statement independently. Spend no more than 5 minutes per statement.

For each statement:
1. Select exactly one classification:

• Present/Yes — A clear statement directly addressing the item is found on an institutional page within 5 minutes.
• Partial/Implicit/Somewhat — The item is mentioned or implied, but key details are missing.
• Absent/No — You reasonably searched the allowed sources and did not find relevant content.
• Unclear or Took Longer Than 5 Minutes — Navigation difficulty, vague language, or time limits prevented a confident decision.
• Conflicting Information — Different institutional sources provide contradictory guidance for the same item.

2. Provide the most relevant URL(s) from the allowed sources that support your selection. If you selected Absent or Unclear, provide the
main page(s) you checked.

Statements Organized by Governance Domain:
A. Policy Clarity — Policies defining institutional expectations, terminology, and academic integrity adaptations.
A1. The university defines “AI use,” “AI assistance,” or “AI-generated content.”
A2. The university defines standards for citing AI-generated material.
B. Faculty Support — Resources that enable faculty to integrate, regulate, or teach with AI.
B1. The university provides guidance, training, or resources for faculty on AI-related teaching practices.
B2. Official examples of appropriate and/or prohibited AI use are provided (e.g. example AI use cases, example prompts).
B3. A faculty committee or group focused on teaching and learning about AI exists.
B4. Faculty are offered syllabus language examples (e.g. use AI/don’t use AI/selectively use AI).
C. Feedback Loops — Mechanisms through which universities gather input, revise policies, and communicate decisions.
C1. A faculty committee or advisory group focused on university AI policy or governance exists.
C2. A student committee or advisory group focused on university AI policy or governance exists.
C3. The university publishes AI policy update logs or explains revisions.
D. Detection Tools — Institutional stance toward AI detection technologies.
D1. The university restricts, discourages, or warns against the use of AI detection tools.
D2. Student misconduct determinations require human review and cannot be based solely on AI detection tools.

Fig. 1. Annotation Instructions for ACAI Calculation, Organized By Governance Domain: ACAI calculation details
are provided in §3.2, governance domains are detailed in §3.2.1, and additional annotation details are in Appendix F.3.

understood as what institutions make visible and actionable to affected stakeholders within reasonable time and
effort constraints. The empirical focus on 79 U.S. universities is motivated by the country’s prominent position in
global AI capacity indices [26, 48, 51, 55], detailed in Appendix E.2.

University Selection. The universities selected for the ACAI-US79 dataset and their corresponding attributes are
shown in Table 1. The dataset was constructed using a purposive, diversity-oriented selection strategy designed to
surface variation in how AI governance is institutionalized across U.S. higher education. The selection emphasizes
institutional heterogeneity along dimensions that shape authority, accountability, and public legibility.
Within each U.S. Census region [73] — South , West , Midwest , and Northeast – we sought to include

institutions spanning research intensity and institutional organization. Specifically, for each region we targeted
approximately four institutions in each of the following categories: Public Research universities ( R1 or R2 ),
Private Research universities ( R1 or R2 ), and Teaching/Liberal Arts colleges, categorized according to the
Carnegie Classifications [3]. Candidate institutions within each cell were identified using ChatGPT-assisted
search (e.g., “R1 universities South region”) followed by manual verification against Carnegie Classification
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records. The choice of four institutions per category per region was a pragmatic design decision. Institution
size was not used as an explicit stratification variable, thus the size distribution in ACAI-US79 emerges from
the selection process and size is therefore treated analytically as a contextual attribute. We split size by tertiles
into Small , Medium , and Large for comparison. Overall, this structure was intended to capture differences in
organizational incentives that plausibly affect how AI governance is articulated.

Link Retrieval. For each university included in the audit, we systematically collected institutionally authoritative
documents and official web links2 across seven recall-oriented categories, with examples shown in Appendix F.2.
These categories correspond to distinct organizational surfaces through which governance is commonly articu-
lated [79], initialized by a manual author review of a small set of university policies, and then iterated on during
our search process which is detailed in Appendix F.
Hence, the following categories serve as search lenses: (1) University Policies or Guidelines: University-level

policies addressing technology use, data governance, research ethics, or academic administration; (2) Center for
Teaching & Learning: Centrally maintained guidance for faculty on pedagogical use of AI, syllabus adaptation,
and instructional support; (3) AI Institute/Initiative/Center: Institutionally recognized units focused on AI, digital
ethics, or related governance-relevant coordination; (4) Library Guide: Public-facing library resources addressing
generative AI, citation practices, or responsible research use; (5) Academic Integrity: Policies or guidance govern-
ing the relationship between AI, authorship, plagiarism, and assessment; (6) AI Committee: Formal committees or
task forces charged with evaluating or coordinating institutional responses to AI; and (7) Other Relevant Links:
Additional institutionally authoritative materials relevant to AI governance.

The audit does not assume that governance capacity is limited to legally binding rules. Instead, we operationalize
capacity as institutionalization: the presence of standing reference points – such as policies, offices, committees,
or officially maintained resources – that persist over time and orient behavior by establishing expectations
about authority, coordination, and acceptable practice. They represent ongoing points of reference that a student,
instructor, administrator, member of the press, or member of the public could reasonably consult to understand how
AI is governed at the institution. In contrast, transient communications such as news articles, announcements, or
blog posts were excluded.3 While such materials may signal institutional intent or activity, they do not establish
durable roles, procedures, or accountability structures. Including them would collapse institutionalization into
communication and systematically overstate governance capacity. Importantly, the links collected through this
process (detailed in Appendix F) are treated as candidate surfaces of governance, not as governance determinations
themselves. As shown in Figure 1, annotators were instructed to use these materials as evidence when evaluating
whether specific governance statements were present, partial, or absent.

Human Annotation via Prolific. All annotation was conducted by paid human annotators recruited via the
Prolific4 platform, following the annotation instructions shown in Figure 1. Annotators labeled only publicly
available institutional materials under standard compensated microtask conditions, and no PII or sensitive data
were collected.5 Tasks were estimated to take approximately 30 minutes and were compensated at $12.00/hour,
consistent with Prolific’s recommended compensation for U.S.-based participants. Each university was indepen-
dently annotated by three annotators, administered via an external survey instrument. Participation was restricted
to U.S.-based, English-fluent annotators using desktop or laptop devices, enforced through Prolific’s prescreening
tools. To preserve the audit’s focus on public legibility, annotators were instructed not to use external search
engines or prior knowledge, and each item was evaluated under a strict time limit. To support data quality,

2Collection of links and annotation occurred from 12/8-12/30/25.
3Prior studies [47, 75, 79] can be referenced for details on these communication types.
4Prolific is a crowdworker platform commonly used for academic research and data annotation tasks: https://www.prolific.com/data-annotation
5We provide the privacy policy in Figure 9.

https://www.prolific.com/data-annotation
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we enabled Prolific’s “reject exceptionally fast submissions” safeguard, which automatically flags submissions
completed at implausibly short durations relative to the estimated task time, helping to filter inattentive or
agent-driven responses. To assess alignment between expert and Prolific annotations, two computational PhD
students independently annotated a subset of 10 universities using the same audit protocol. Aggregate agreement
between the expert and Prolific annotations was moderate to strong (Pearson 𝑟 = 0.56, Spearman 𝜌 = 0.57,
Kendall 𝜏 = 0.49; all 𝑝 < 0.05), with Prolific scores exhibiting a small positive bias towards higher ratings (+0.10
on a 0–1 scale). Further, we compare our human annotated results to an LLM-driven audit, detailed in §3.4.

3.2 ACAI: The Academic AI Capacity Index
To enable systematic comparison of governance capacity across institutions, we constructACAI, theAcademicAI
Capacity Index. While the index necessarily collapses nuances present in more detailed datasets, ACAI serves as
a first step toward understanding the AI governance landscape of U.S. universities. ACAI aggregates governance
indicators across four domains (Figure 1) into a single interpretable score for university 𝑢:

ACAI𝑢 = 100 ·

∑
𝑑∈{𝐴,𝐵,𝐶,𝐷 } 𝑤𝑑

(
1
𝐽𝑑

∑𝐽𝑑
𝑗=1

1
𝑘

∑𝑘
𝑖=1 𝐼𝑑,𝑢,𝑖, 𝑗

)∑
𝑑∈{𝐴,𝐵,𝐶,𝐷 } 𝑤𝑑

where 𝐼𝑑,𝑢,𝑖, 𝑗 ∈ {0, 0.5, 1} is the score assigned by annotator 𝑖 to indicator item 𝑗 within governance domain
𝑑 – where 𝑑 ∈{A,B,C,D}: A. Policy Clarity, B. Faculty Support, C. Feedback Loops, D. Detection Tools,
and 𝐽𝑑 is the number of indicators in governance domain 𝑑 . Indicator scores are coded as 1.0 (Present/Yes), 0.5
(Partial/Implicit/Somewhat), and 0.0 (Absent/No, Unclear or Took Longer Than 5 Minutes, or Conflicting Information).
Domain scores are computed as the mean across indicators and annotators, and then aggregated via a weighted
sum and scaled to [0, 100]. Higher values indicate greater publicly articulated AI governance capacity. Weighting
coefficients,𝑤𝑑 , encode normative priorities about which governance functions matter most. To ensure findings
are not artifacts of these choices, we assess robustness under alternative weighting schemes, varying 1 ≤ 𝑤𝑑 ≤ 4
(see Finding 5 and Appendix H for details).

A note on aggregation:We intentionally aggregate indicator scores by averaging across annotators rather
than resolving disagreement through expert adjudication or majority vote. This audit principle reflects the
audit’s focus on public legibility rather than institutional intent, internal consistency, or expert interpretation.
ACAI is explicitly not designed to capture how governance materials might be interpreted by legal counsel,
administrators, or domain experts, but how they are encountered by external readers operating under realistic
time and access constraints. When multiple annotators reviewing the same publicly available materials arrive at
different judgments about whether a governance mechanism is present, partial, or absent, that variation is treated
as an empirical signal of ambiguity in the underlying institutional artifacts. Hence, annotator disagreement is
evidence about how clearly governance is articulated [2]. Averaging across multiple annotations aligns with
the audit framing of ACAI as a measure of publicly articulated governance capacity: governance that requires
expert interpretation or insider knowledge to interpret functions as weaker governance in practice, regardless of
internal deliberation or intent. ACAI thus measures how governance is encountered by external readers under
realistic constraints, not how it might be interpreted by insiders. Because the index relies on publicly available
materials, it should be interpreted as a lower bound on institutional capacity.

3.2.1 Governance Domains. We now turn to the four governance domains covered in our study; specific examples
are provided in Table 6 (Appendix G):
A. Policy Clarity. This domain captures the extent to which universities publicly articulate clear, institution-

level expectations regarding AI use in academic contexts, following a long legal tradition establishing the
importance of clear definitions to support stable legal interpretation [31, 44]. Policy clarity includes the definition
of key terms (e.g., “AI use,” “AI assistance,” or “AI-generated content”), guidance on attribution or citation of
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AI-generated material, and the adaptation of existing academic integrity frameworks to account for AI-mediated
authorship (see Table 6 for examples). Prior work has shown heterogeneity in how universities define and
communicate AI-related expectations, with many institutions relying on vague or decentralized guidance [47, 75].
In the absence of clear, publicly legible policy language, responsibility for interpreting acceptable AI use is
often shifted to individual faculty or students, increasing the risk of inconsistent enforcement and inequitable
outcomes [58]. Policy clarity therefore functions as a foundational component of institutional governance capacity,
establishing shared reference points for authority, compliance, and contestation.
B. Faculty Support. This domain reflects the extent to which universities provide institutionally maintained

resources that enable faculty to engage with AI in teaching and assessment in informed and supported ways
– ultimately to support student learning [46]. Faculty support includes guidance on pedagogical uses of AI,
training opportunities, example use cases or prohibitions, model syllabus language, AI professional development
opportunities, and the presence of faculty-focused committees or working groups concerned with AI and
teaching [47, 58, 75] (see Table 6 for an example). Faculty are frequently expected to make consequential decisions
about AI use – such as whether and how to permit AI in coursework – without adequate institutional support
or coordination [47, 58]. The presence of formal faculty support mechanisms signals that responsibility for
AI governance is not delegated entirely to individual faculty, but is instead recognized also as an institutional
obligation requiring shared infrastructure and expertise. Importantly, faculty support directly impacts students:
clear guidance helps faculty communicate consistent expectations to students, while faculty committees and
resources provide the foundation for student-facing policies articulated in the other domains.
C. Feedback Loops. This domain reflects concerns articulated in prior survey research and aligns with rec-

ommendations from the July 2025 AAUP report Artificial Intelligence and Academic Professions [58]. The report
draws on approximately 500 survey responses from AAUP members regarding their experiences with AI and
other educational technologies. A central finding was a widespread concern (reported by 71% of respondents)
about the disconnect between administrative decision-making on AI policy and meaningful faculty and student
input. In response, the report recommends the adoption of “meaningful shared governance policies and practices,”
including committees composed of faculty, staff, and/or students, as well as increased transparency around
AI-related decisions and policy changes. More broadly, scholarship on algorithmic governance emphasizes that
accountability requires institutionalized mechanisms for participation, feedback, and revision over time. Absent
such mechanisms, governance frameworks risk functioning as static or symbolic commitments rather than
durable, contestable structures of authority [49, 65]. In Table 6, we show an example of such a committee. For an
extended discussion on this subdomain, see Appendix E.1.
D. Detection Tools. This domain captures institutional stances toward AI detection technologies used in

academic integrity enforcement [70, 80]. Indicators in this domain assess whether universities restrict, discourage,
or explicitly govern the use of AI detection tools, and whether procedural safeguards – such as requirements
for human review – are articulated [42]. Prior research – shown in Table 4 – has documented significant
technical limitations and bias in AI detection systems, as well as their potential to produce false positives with
serious consequences for students [43, 75]. Despite these risks, institutional guidance on detection tools is often
limited, ambiguous, or silent on procedural constraints [47] – as shown in Table 6 – potentially algorithmically
shortcutting due process6 protections [41, 62], and with little-to-no contestability [45]. Publicly articulated
governance in this domain is therefore critical for clarifying the role of detection tools in decision-making,

6Khattak [41] on the U.S. context: “As artificial intelligence systems increasingly assist decisionmaking in judicial and administrative processes,
courts and administrative agencies face mounting pressure to merge innovation with legal tradition. These technologies are often praised for their
efficiency. However, when the mechanisms by which they operate are impenetrable, they threaten to infringe upon core due process protections. The
Constitution guarantees that individuals be informed of decisions affecting their rights, and to have a fair opportunity to contest those decisions in
a meaningful way. When unclear algorithms replace human judgment, those guarantees are at risk of becoming procedural only by name.”
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ACAI
Rank

CSRankings𝐴𝐼
Rank

Institution Type Research Activity Region Size ACAI Score

1 105 University of New Hampshire Public Research R1 Northeast Medium 81.82
2 96 Portland State University Public Research R2 West Large 80.30
3 8 Stanford University Private Research R1 West Medium 80.30
4 14 University of Texas at Austin Public Research R1 South Large 77.27
5 42 University of Notre Dame Private Research R1 Midwest Medium 75.76
6 137 Baylor University Private Research R1 South Large 74.24
7 44 University at Buffalo Public Research R1 Northeast Large 74.24
8 79 University of Florida Public Research R1 South Large 71.21
9 9 University of Michigan at Ann Arbor Public Research R1 Midwest Large 71.21
10 un. Rowan University Public Research R2 Northeast Large 71.21
11 29 Stony Brook University Public Research R1 Northeast Large 71.21
12 un. Lewis & Clark College Teaching/Liberal Arts – West Small 69.70
13 7 University of California, Berkeley Public Research R1 West Large 69.70
14 27 Texas A&M University Public Research R1 South Large 69.70
15 91 Case Western Reserve University Private Research R1 Midwest Medium 69.70
16 un. Lafayette College Teaching/Liberal Arts – Northeast Small 69.70
17 un. California State University, Long Beach Public Research R2 West Large 68.18
18 25 University of North Carolina at Chapel Hill Public Research R1 South Large 68.18
19 6 Cornell University Private Research R1 Northeast Medium 68.18
20 117 Brandeis University Private Research R1 Northeast Small 68.18
21 169 Southern Methodist University Private Research R1 South Medium 68.18
22 un. Chapman University Private Research R2 West Medium 68.18
23 un. Howard University Private Research R1 South Medium 68.18
24 81 University of South Florida Public Research R1 South Large 66.67
25 100 Syracuse University Private Research R1 Northeast Large 66.67
26 un. University of Wyoming Public Research R1 West Medium 65.15
27 37 The Ohio State University Public Research R1 Midwest Large 65.15
28 15 University of Southern California Private Research R1 West Large 65.15
29 un. Mercer University 9 Private Research R2 South Medium 63.64
30 142 DePaul University Private Research R2 Midwest Large 63.64
31 29 Arizona State University Public Research R1 West Large 63.64
32 un. Northern Illinois University Public Research R2 Midwest Medium 63.64
33 un. University of South Alabama Public Research R2 South Medium 63.64
34 un. Fordham University Private Research R2 Northeast Medium 63.64
35 169 Florida Institute of Technology Private Research R2 South Small 63.64
36 un. Illinois State University Public Research R2 Midwest Large 62.12
37 un. Pepperdine University Private Research R2 West Medium 60.61
38 46 University of Chicago Private Research R1 Midwest Large 60.61
39 un. Montclair State University Public Research R2 Northeast Medium 60.61
40 100 Binghamton University Public Research R1 Northeast Medium 60.61
41 un. Lake Forest College Teaching/Liberal Arts – Midwest Small 60.61
42 79 Iowa State University Public Research R1 Midwest Large 57.58
43 un. Carleton College Teaching/Liberal Arts – Midwest Small 57.58
44 16 University of Washington-Seattle Public Research R1 West Large 57.58
45 un. San José State University Public Research R2 West Large 57.58
46 un. Southern University and A & M College Public Research R2 South Small 56.06
47 un. Colby College Teaching/Liberal Arts – Northeast Small 56.06
48 un. Skidmore College Teaching/Liberal Arts – Northeast Small 56.06
49 un. Saint Louis University Private Research R1 Midwest Medium 56.06
50 un. Reed College Teaching/Liberal Arts – West Small 56.06
51 un. Southern Wesleyan University Teaching/Liberal Arts – South Small 54.55
52 un. Davidson College Teaching/Liberal Arts – South Small 54.55
53 un. University of Colorado Colorado Springs Public Research R2 West Medium 54.55
54 2 University of Illinois Urbana-Champaign Public Research R1 Midwest Large 54.55
55 142 Wichita State University Public Research R2 Midwest Medium 53.03
56 un. Wofford College Teaching/Liberal Arts – South Small 51.52
57 un. Georgia Southern University Public Research R2 South Large 51.52
58 un. University of Denver Private Research R1 West Medium 51.52
59 un. Westminster University Teaching/Liberal Arts – West Small 50.00
60 un. Ball State University Public Research R2 Midwest Large 48.48
61 un. Rhodes College Teaching/Liberal Arts – South Small 48.48
62 49 Brown University Private Research R1 Northeast Medium 48.48
63 un. Clark University Private Research R2 Northeast Small 48.48
64 un. Abilene Christian University Private Research R2 South Small 48.48
65 un. Wesleyan University Teaching/Liberal Arts – Northeast Small 46.97
66 100 Illinois Institute of Technology Private Research R2 Midwest Small 46.97
67 142 Nova Southeastern University Private Research R1 South Large 46.97
68 un. Kean University Public Research R2 Northeast Medium 45.45
69 un. Occidental College Teaching/Liberal Arts – West Small 43.94
70 61 Stevens Institute of Technology Private Research R2 Northeast Small 43.94
71 71 California Institute of Technology Private Research R1 West Small 43.94
72 un. Long Island University Private Research R2 Northeast Medium 42.42
73 un. Marquette University Private Research R2 Midwest Medium 40.91
74 un. Beloit College Teaching/Liberal Arts – Midwest Small 39.39
75 un. Grinnell College Teaching/Liberal Arts – Midwest Small 34.85
76 un. Jackson State University Public Research R2 South Small 31.82
77 un. Clark Atlanta University Private Research R2 South Small 28.79
78 un. Creighton University Private Research R2 Midwest Medium 27.27
79 un. University of Massachusetts at Dartmouth Public Research R2 Northeast Small 27.27

Table 1. Institutional Rankings for ACAI-US79 with ACAI and CSRankings𝐴𝐼 indicator-weighted variant, detailed
in Finding F5 and Appendix H): Details for ACAI calculations in §3; Region is classified based on the U.S. Census [73];
Type and Research Activity are classified based on the Carnegie Classifications [3]; Size is split based on tertile buckets.



The Due Process Deficit: Auditing AI Governance in U.S. Higher Education FAccT ’26, June 25–28, 2026, Montreal, Canada

Fig. 2. AI governance capacity scales with institutional type, research activity, and size, but its composition is
skewed at every level: Policy Clarity (A) and Faculty Support (B) outscore Feedback Loops (C) and Detection
Tools (D), leaving participation and due process systematically undersupported. (▷F1, F2).

delineating authority between automated systems and human judgment, and protecting due process in academic
misconduct determinations. For an extended discussion on this subdomain, see Appendix C.

3.3 Approximating AI Research Activity with CSRankings𝐴𝐼
To contextualize institutional AI governance capacity relative to AI research activity, we used the rankings
provided by CSRankings, a widely used, publicly available ranking of computer science research output shown in
Figure 11. CSRankings aggregates publication counts across major computer science venues and allows filtering
by research area and time period; for details on the specific configuration used in this study, see Appendix I. As
shown in Table 1, we report the CSRankings𝐴𝐼 rank of each ACAI-US79 university to facilitate our comparison of
AI governance capacity and AI research activity, and examine correlations between these two rankings as shown
in Figure 10. Notably, CSRankings only ranks research-active institutions by publication output; Teaching/Liberal
Arts colleges and institutions without substantial computer science research activity do not appear in CSRankings
and are therefore excluded from the correlation analysis in Figure 10.

3.4 LLM Study
Because universities increasingly rely on AI systems to assess, classify, and enforce academic norms [16, 27, 37, 63],
we conducted an LLM study to examine whether similar systems can meaningfully evaluate institutional AI
governance: we conducted an LLM study aligned with the ACAI-US79 audit framework. The prompt used is
shown in Figure 12; we perform three independent runs for each sampling temperature 𝜏 ∈ {0.5, 1.0, 1.5}. For
each university-statement pair, the model was required to return a single categorical score and supporting URLs
in a strictly validated JSON schema.
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4 Findings
We use exploratory subgroup comparisons7 to examine how AI governance capacity is differentially institutional-
ized across higher-education contexts. Contrasts in ACAI scores across institutional type, research activity, region,
and size are used as a descriptive lens on organizational variation, with effect sizes and confidence intervals
reported to convey the magnitude and uncertainty of observed differences.

▷ F1: AI governance capacity varies with organizational structure. As shown in Figure 2, Public Research
universities tend to occupy higher positions in theACAI distribution than Private Research or Teaching/Liberal Arts
universities; larger institutions ( Large and Medium ) tend to exhibit higher ACAI scores than Small ones; R1
schools tend to show higher ACAI scores than R2 and unclassified ( – ) schools; and schools in the Western
region tend to show slightly higher ACAI scores. These differences align with known variation in institutional
oversight arrangements and coordination demands: public universities commonly operate under statutory or
regulatory accountability frameworks and maintain centralized administrative infrastructures, which are visible
in the form of institution-level policies, guidance pages, and standing committees [8, 62, 77]. In contrast, insti-
tutions characterized by more decentralized organizational structures often rely on localized practices, which
may be less consistently reflected in publicly accessible governance artifacts. Additionally, large institutions
typically coordinate governance across a greater number of academic units, faculty, and students, which is
reflected in the presence of centrally maintained and publicly legible reference points. Overall, even among the
highest-capacity institutions, ACAI scores reveal substantial room for improvement. For example, UC Berkeley –
the highest-scoring institution among Large, Public Research, R1 universities in the West – achieves an ACAI
score of 69.70, indicating approximately 30% of audited governance indicators were absent, partial, or unclear
across the four domains.

Importantly, ACAI does not assess research quality, ethical commitments, or internal decision-making processes.
It captures whether AI-related governance mechanisms are publicly articulated and institutionally maintained.
From this perspective, lower ACAI scores should not be interpreted as evidence of weaker concern or expertise,
but as indicative of different approaches to organizing and communicating governance. These findings highlight
a structural tension: institutional arrangements that emphasize decentralization or flexibility may be less visible
in public-facing governance artifacts, even when substantive internal practices are present. However, this lack
of public legibility introduces a specific accountability risk: reliance on informal guidance or word-of-mouth
governance differentially advantages actors with greater institutional access, while disadvantaging students and
faculty who must rely on publicly accessible rules and procedures. Publicly articulated governance capacity thus
functions as a necessary condition for procedural accountability, establishing a minimally equitable baseline that
does not depend on insider knowledge.

▷ F2: AI governance capacity is concentrated in policy articulation rather than participation or process.
Figure 2 reveals that across institutional types, sizes, research intensities, and regions, scores in A. Policy Clarity
and B. Faculty Support are systematically higher than those in C. Feedback Loops and D. Detection Tools.
This consistent structural pattern indicates that publicly articulated AI governance capacity is concentrated in
domains oriented toward rule articulation and instructional guidance, rather than in mechanisms that enable
participation, feedback, or procedural constraint.
Notably, this gap persists even among institutions with otherwise high aggregate ACAI scores. Large ,

Public Research , and R1 universities – while exhibiting higher overall governance capacity – still show
pronounced deficits in feedback and detection tool governance relative to policy articulation. This pattern
suggests that differences are primarily quantitative rather than qualitative: AI governance capacity scales with

7These subgroup comparisons are not treated as confirmatory evidence: the audit sample is purposive rather than probabilistic, subgroup
categories are administratively defined and analytically coarse, and multiple overlapping contrasts are examined without correction.
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Fig. 3. Directional rank gap betweenhuman andLLM-generatedACAI rankings (▷F4, 𝜏 = 1.0). We report 𝑟𝑎𝑛𝑘𝐻𝑢𝑚𝑎𝑛−
𝑟𝑎𝑛𝑘𝐿𝐿𝑀 for each institution, with positive values indicating the LLM assigned a higher rank than human annotators (e.g.,
Marquette: 𝑟𝑎𝑛𝑘𝐻𝑢𝑚𝑎𝑛 = 73, 𝑟𝑎𝑛𝑘𝐿𝐿𝑀 = 17 ⇒ +56; the LLM overestimated governance capacity) and negative values
indicating the LLM assigned a lower rank (e.g., Notre Dame: 𝑟𝑎𝑛𝑘𝐻𝑢𝑚𝑎𝑛 = 5, 𝑟𝑎𝑛𝑘𝐿𝐿𝑀 = 77 ⇒ −72; the LLM underestimated
governance capacity). Institutions are sorted by descending signed gap and labeled as ‘Name (ACAI Rank)’. Color indicates
quartile of the absolute gap distribution: institutions in the top 25% (|Δ| ≥ 24, red) are misranked by more than a quarter of the
full 79-institution range – large enough to shift an institution across quartiles; gaps approaching 72 represent near-complete
inversions of relative standing. Those in the bottom 25% (|Δ| ≤ 6, green) show closer agreement. The prevalence of large
errors across both directions demonstrates that LLM-based audits are structurally unstable and unsuitable as replacements
for human annotation. Full correlation statistics across temperatures are reported in Table 10.

organizational resources, but its internal composition remains skewed toward static guidance rather than durable
procedural safeguards. In this sense, higher-capacity institutions often extend the same governance model rather
than adopting qualitatively different forms of participatory or process-oriented governance.
As shown in Figure 2, although AI detection tools are frequently referenced in academic integrity materials,

explicit procedural guidance governing their use is rare. This aligns with the findings of Wang et al. [75], who
found that while 57% of universities in their dataset mentioned common tools, none explicitly recommended
their use. Institutions often fail to specify whether detection tools are advisory or determinative, how results
should be interpreted, what safeguards exist against error, or what recourse is available to affected students. This
gap creates ambiguity around authority and enforcement, and risks inconsistent or discretionary application in
practice, as expanded upon in Appendix C, directly harming students, and creating the potential for an adversarial
relationship between students and faculty which is counterproductive to a healthy learning environment.

▷ F3: AI governance capacity is largely uncorrelated with AI research output. As shown in Figure 10,
AI governance capacity (ACAI) does not strongly correlate with AI-specific research output (CSRankings𝐴𝐼 ),
falling in the gray range; this dispersion indicates that AI technical leadership alone does not reliably translate
into strong, visible governance practices. This is further demonstrated in Table 1: The highest ACAI score is
achieved by the University of New Hampshire, followed by Portland State University and Stanford University.
Two of the top three institutions are Public Research universities, including one classified as R2 , and three
within the top 20 are Small institutions, two of which are solely Teaching/Liberal Arts colleges, illustrat-
ing that high levels of publicly articulated governance capacity are observed across a range of institutional
types and research classifications. Across the full sample, several Public Research / R2 universities – such
as Rowan University and California State University, Long Beach – appear in higher positions in the ACAI
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distribution than many Private Research / R1 universities with substantial AI research activity. Conversely,
multiple Private Research / R1 universities – such as Brown University and the California Institute of Tech-
nology – appear in the lower half of the ACAI distribution despite significant contributions to AI scholarship.
These contrasts indicate that AI research intensity and AI governance capacity are orthogonal dimensions of
institutional capability.

▷ F4: LLMs only partially reproduce human governance judgments. Table 10 (Appendix J) reports full
correlation statistics between LLM-generated rankings and human rankings across temperatures; Figure 3
visualizes the per-institution rank gap at 𝜏 = 1.0. Across all temperatures, LLM-generated rankings exhibit
moderate to strong ordinal agreement with human judgments (𝜌 = 0.55 − 0.61), but individual institutions are
frequently and severely misranked, with mean absolute rank errors of 15–17 positions out of 79. The errors
are not symmetric: institutions in the top quartile of the rank-gap distribution experience misrankings of up
to 63–71 positions — nearly inverting their relative ordering — while the bottom quartile shows nontrivial but
modest discrepancies of 0–7 positions. Taken together, these results suggest that while LLMs may approximate
coarse aggregate patterns, they fail to reliably reproduce the fine-grained, interpretive distinctions required for
institutional governance audits. Governance evaluation depends on contextual reading, procedural inference,
and judgment under ambiguity – capacities that are not robustly captured by current LLM-based approaches.
This shows the continued necessity of human judgment in governance evaluation – particularly as universities
begin deploying AI systems for this purpose [60].

▷ F5: ACAI rankings are robust to weighting choices and individual annotators. To assess whether ACAI
rankings are artifacts of either normative aggregation choices or variation in annotator judgments, we conducted
a series of robustness analyses varying both domain weights and annotator inclusion. We first evaluated four
weighting schemes: an indicator-weighted baseline (𝑤𝐴=2,𝑤𝐵=4,𝑤𝐶=3,𝑤𝐷=2), equal (𝑤𝐴=1,𝑤𝐵=1,𝑤𝐶=1,𝑤𝐷=1),
policy-heavy (𝑤𝐴=1,𝑤𝐵=1,𝑤𝐶=2,𝑤𝐷=2), and teaching-heavy (𝑤𝐴=1,𝑤𝐵=2,𝑤𝐶=1,𝑤𝐷=1), using percentile ranks.
Rankings were highly stable across weighting schemes (Spearman 𝜌 = 0.93–0.99, Pearson 𝑟 = 0.93–0.99). Mean
maximum rank shifts were modest 16.28 ranks, with an interquartile range of 14.5-22.5 ranks and a maximum
of 46 ranks; details in Appendix H. We compute inter-annotator agreement: at the level of individual items,
agreement is modest and variable (Krippendorff’s 𝛼 = 0.26), reflecting the interpretive and normative nature
of governance assessment and the heterogeneity of institutional documentation. Average pairwise agreement
shows a similar pattern (mean = 0.48), indicating systematic but incomplete convergence among annotators.
When indicators are aggregated at the governance domain-level, agreement improves (𝛼 = 0.30), suggesting that
higher-level governance constructs are more consistently interpretable than individual policy statements. We also
evaluated robustness to individual annotators using leave-one-annotator-out recomputation of ACAI scores under
the indicator-weighted scheme. Across all three exclusions, recomputed scores remained strongly correlated with
the full-annotator index (𝑟 = 0.83–0.87, 𝜌 = 0.75–0.87), indicating that no single annotator systematically altered
the relative ordering of high- or low-capacity institutions.

4.1 University Policy Recommendations
Based on the audit findings, we outline a set of policy recommendations aimed at strengthening institutional AI
governance capacity in higher education.

▷ R1: Establish a centralized institution-level AI governance reference point (following ▷F1, F3).
Universities should maintain clearly identifiable, centrally managed points of reference – such as policies,
standing guidance pages, or designated offices – that articulate how AI use is governed. Reliance on informal
norms or dispersed documentation makes governance difficult to locate and unevenly accessible to students and
faculty.
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▷ R2: Provide procedural clarity around academic integrity and AI detection tools (following ▷F1,
F2). Where AI detection tools or integrity enforcement mechanisms are referenced, institutions should articulate
clear procedures governing their use, limits, appeal processes, and responsible parties. Absent such guidance,
detection practices risk being experienced as opaque, discretionary, or punitive.

▷ R3: Formalize feedback and revision mechanisms (following ▷F2). Governance capacity is strengthened
when institutions specify how AI-related policies are reviewed, updated, and contested over time. Standing
committees, task forces, or revision timelines signal that governance is ongoing rather than static or symbolic.

5 Discussion
Conclusion. We present a large-scale institutional audit of publicly articulated AI governance in U.S. higher
education, shifting attention from technical systems to the organizational infrastructures throughwhich AI-related
authority is exercised. Our comparative ranking, ACAI, reveals substantial unevenness: governance capacity
concentrates in rule articulation over mechanisms for participation, feedback, or procedural safeguards. Higher
ACAI rankings do not consistently align with AI research intensity, indicating that institutional accountability is
shaped more by organizational design and incentives than by technical leadership. We publicly release ACAI-US79,
the audit instrument, and an accompanying website at http://acai-us79.org/ that makes governance artifacts
directly inspectable and enables future re-audits. By rendering AI governance structures visible and comparable,
this work provides an empirical foundation for advancing accountable AI governance in higher education.

Scope & Limitations. First, our sample is limited to 79 universities, which, although diverse in size and mission,
cannot capture the full range of institutional practices globally. Second, the analysis is predominantly USA-
centric, reflecting the regulatory, cultural, and policy context of U.S. higher education. Third, our reliance on
publicly available institutional data may omit informal practices or internal decision-making processes that shape
outcomes but are not externally visible. Fourth, our audit design treats governance as either publicly legible
or informal, but does not capture a middle ground: formal, institutionally maintained materials accessible to
enrolled students and staff — such as intranet pages, learning management systems, or password-protected policy
portals — that are not publicly available to external observers. Such materials may constitute genuine governance
infrastructure, and their exclusion means ACAI should be interpreted as a lower bound on governance capacity.

Future Directions. Future work should audit how emerging forms of AI-mediated surveillance and labor
automation jointly erode institutional governance capacity in higher education. Universities are rapidly deploying
AI-based monitoring systems under the language of integrity and efficiency – from AI detection tools (see §3.2.1,
Appendix C) to fully automated proctoring based on behavioral analytics like eye- and click-tracking [63]. Yet these
systems operate within asymmetrical power relations that render consent effectively coercive [17, 20, 64]: students
cannot meaningfully opt out without material penalty, and governance mechanisms lag behind technological
adoption. Compounding this, universities are automating AI-mediated instruction and auditing while reducing
human interpretive labor [18, 60], displacing the very actors – TAs, faculty, and staff – who translate policy
into practice and provide critical feedback on institutional decisions. Fully automated verbal exams using voice
AI [37] and LLM-as-a-judge grading [16, 27] extend these dynamics into new domains, raising further questions
for the governance frameworks we have outlined.

6 Generative AI Usage Statement
We responsibly used AI technologies (ChatGPT, v5) in this paper to assist with search, and the styling and
language of the writing, as well as code assistance.

http://acai-us79.org/
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A Positionality Considerations
Our interdisciplinary team spans computer science, engineering, humanities, and information science. This
collaboration has been central to shaping this work, bringing in both the computational and humanistic ways of
knowing.

B Prior Work on Institutional AI Governance
Prior efforts to examine how universities respond to AI take two forms. The first consists of empirical audits:
studies that systematically analyze institutional governance practices across a defined sample of universities,
shown in Table 2. The second consists of community-maintained collections: curated inventories of AI policies,
syllabus statements, and guidelines aggregated by universities or individuals, shown in Table 3. These collections
serve as valuable reference points but do not apply a systematic audit framework, annotation protocol, or
comparative scoring. ACAI-US79 bridges both categories — contributing an audited dataset, a reproducible index,
and public infrastructure for ongoing comparison.

C AI Detection Tools
Independent evaluations of AI detection tools consistently find them unreliable. As summarized in Table 4,
accuracy across tools rarely exceeds 80%, degrades substantially against newer language models, and drops
further still when students employ adversarial techniques like paraphrasing or adding spelling errors [23, 59, 76].
Even the most widely adopted commercial tools show significant limitations: Hadra et al. [34] evaluated Turnitin
and Originality across 192 texts — including authentic writing by English as a Foreign Language (EFL) students
produced before the generative AI storm — and found overall accuracy of just 0.61 and 0.69, respectively, with
both tools performing especially poorly on hybrid human-AI texts.
Beyond overall accuracy, a growing body of evidence documents systematic demographic disparities in

false positive rates. Liang et al. [43] found that seven widely used detectors misclassified over 47% of essays
by non-native English speakers as AI-generated, while maintaining less than 12% misclassifications rates for
native English speakers. The mechanism is perplexity-based: limited lexical diversity and syntactic complexity —
common features of second-language writing — overlap with the statistical signatures these tools use to flag
AI-generated text. Hadra et al. [34] conclude that “their limitations make them unsuitable as the sole basis for
decisions regarding academic misconduct,” emphasizing that “for [EFL]-focused institutions in particular, over-
reliance on machine-based identification risks misclassifying legitimate student work” and calling for “continued
development of equitable detection methods that account for linguistic diversity.” These disparities extend beyond
language background: Black teens are approximately twice as likely as their peers to report that teachers flagged
their schoolwork as AI-generated when it was not [19].
Despite this evidence, universities continue to embed these tools into their governance infrastructure with

less-than-adequate acknowledgment of their limitations. As shown in Table 6, Nova Southeastern University
specifically directs faculty to ZeroGPT, describing it as a tool where “[y]ou can easily detect whether text is
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Wu et al. [79] Moorhouse et
al. [50]

Wang et al. [75] McDonald et al.
[47]

ACAI (Ours)

Sample 14 R1 (U.S.) Top 50 (global) Top 100 (U.S.) 116 R1 (U.S.) 79 U.S. universi-
ties

Institutional
Diversity

Major R1 only Elite only Elite only R1 only R1, R2, Teach-
ing/ Liberal Arts

Analytic
Frame

Pedagogical
guidance

Assessment
guidelines

Policy & re-
source presence

Policy & guide-
line content

Procedural
accountability

Governance
Domains

AI use guidance Academic In-
tegrity, Advice
on Assessment
Design, Commu-
nication with
Students

Policy, re-
sources, de-
tection tool
mention

Policy, guide-
lines, faculty
resources

Policy Clarity,
Faculty Support,
Feedback Loops,
Detection Tool
Safeguards

Feedback &
Participation

✗ ✗ ✗ ✗ ✓

Detection
Tool Gover-
nance

Mention only ✓ ✓ ✓ Procedural safe-
guards

Scoring / In-
dex

✗ ✗ ✗ Spectrum-based
placement

ACAI (0–100)

Annotation Authors Authors Authors Authors Paid annotators
(Prolific) + ex-
pert validation
(authors)

Public Dataset ✗ ✗ ✗ ✗ ✓

Public Web-
site

✗ ✗ ✗ ✗ ✓

Table 2. Comparison of Prior Audits of AI Governance in Higher Education. ACAI extends prior work by auditing a
structurally diverse institutional sample and shifting the analytic frame from pedagogical guidance to procedural account-
ability.

human-written or AI/GPT generated” and noting that the “company claims 99% and higher accuracy rate.” When
institutions surface vendor accuracy claims without reference to independent evaluations or known demographic
disparities, they risk translating tool-level unreliability into policy-level harm for linguistically diverse and racially
marginalized students.

Prior work has documented the unreliability of AI detection tools and called for caution in their deployment in
educational settings [34, 43, 76]. Our audit of 79 university AI policies extends this line of work by examining
whether these calls have been reflected in institutional practice. The evidence from ACAI-US79 suggests they
largely have not. This shifts the conversation from whether detection tools are flawed — a point the literature
has established — to how institutions are governing their adoption, and what safeguards are absent.
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University or Organization Resource Comments Link

University of La Verne List of institutions with
AI guidelines

“We found that most universities that we
surveyed have some kind of statement or
set of guidelines for genAI in the class-
room. This list is far from exhaustive.”

Link

Western University of Health Sciences University Policies on
Generative AI

“Collection of university policies
and websites. Questions? Contact
CETL@westernu.edu.”

Link

Northeastern University A moderated list of AI
syllabus statements

“If you would like to submit your course
guidelines/policy or revise your submis-
sion, please submit it in this form.”

Link

Northeastern University A moderated list of AI
institutional policies

“This document is maintained by Lance
Eaton. You are welcome to share it with
other individuals, groups, and organiza-
tions. To view the policies, please select
the “Policies” tab in this spreadsheet. If
you would like to submit your policy,
please complete this form (https://bit.ly/
AI-Institutional-Policies) and it will show
up here within 24-48 hours.”

Link

Gradpilot The State of AI in Col-
lege Admissions

“Navigate AI usage rules across 150+
American universities”

Link

Table 3. Community-maintained collections of institutional AI policies and guidelines. These resources aggregate
policy documents, syllabus statements, and administrative guidance, but do not apply a systematic audit framework,
annotation protocol, or comparative scoring. ACAI complements these collections by providing a structured, reproducible
audit with paid annotation and a public index.

Concerns about plagiarism and unauthorized use of generative AI tools are often treated as isolated classroom
management issues. In reality, they reveal deeper failures of governance capacity – specifically, the lack of clear
institutional policies, interpretive frameworks, and governance mechanisms capable of addressing AI use in
equitable, accountable, and pedagogically meaningful ways. Universities have frequently responded to the rise
of generative tools with restrictive policies or punitive enforcement regimes, but these approaches are often
built on vague or inconsistent definitions of permissible use. The result is widespread uncertainty among both
students and faculty [74], inconsistent application of standards, and in some cases, false accusations of academic
misconduct.

While it is true that many faculty are concerned with academic dishonesty with the rise of generative AI, it is
also the case that for at least some faculty, the concern goes beyond the (dis)honesty question and is rooted in a
worry that students will fail to learn; as the AAUP Report puts it:

“The distinction between honesty and failure to learn is critical because it highlights one of the core goals
of higher education: to develop a well-informed and thoughtful citizenry. This finding suggests that there
is a need for higher education to refocus on the relational aspects of education and learning, as opposed
to punitive measures...” – Paris et al. [58]

Such outcomes erode trust, undermine institutional legitimacy, and highlight the urgent need for governance
structures that are transparent, participatory, and aligned with civic values.

https://laverne.libguides.com/c.php?g=1390420&p=10336863
https://padlet.com/cetl6/university-policies-on-generative-ai-m9n7wf05r7rdc6pe
https://docs.google.com/document/d/1RMVwzjc1o0Mi8Blw_-JUTcXv02b2WRH86vw7mi16W3U/edit?tab=t.0
https://bit.ly/AI-Institutional-Policies
https://bit.ly/AI-Institutional-Policies
https://docs.google.com/spreadsheets/d/1RE26GolTTu1KLMaaCXfYNHiCxLG3gyDsT_9yURpkYlQ/edit?gid=0#gid=0
https://gradpilot.com/ai-policies
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Table 4. Selected evaluations of AI detection tool accuracy and documented demographic disparities in false positive rates.

Detection Tool Accuracy

Study Scope Key Finding Details

Weber-Wulff et al. [76] 14 tools tested All tools <80% accuracy Turnitin and then Compila-
tio scored highest. Adversarial
techniques like machine trans-
lation, paraphrasing reduced ac-
curacy.

Perkins et al. [59] 6 tools tested All tools <75% accuracy Adversarial techniques like
adding spelling errors, in-
creasing complexity reduced
accuracy.

Elkhatat et al. [23] 5 tools tested More accurate for GPT-3.5 than
GPT-4

Authors discuss that models
change quickly, and detectors
struggle to keep up.

Hadra et al. [34] 2 tools (Turnitin,
Originality)

Both tools <70% accuracy Dataset of 192 texts which in-
clude EFL student writing.

Liang et al. [43] 7 tools tested All tools misclassify (at >47%)
non-native english speaker
essays as AI-generated, in con-
trast to < 12% for native english
speakers

Used adversarial prompting (En-
hance the word choices to sound
more like that of a native
speaker.) to probe.

The stakes of false accusations extend far beyond individual classroom incidents. Let us consider Blackstone’s
Ratio [9]:

“It is better that ten guilty persons escape than one innocent suffer.”

This principle remains instructive in the context of AI governance. Institutions that tolerate high rates of
false positives in AI detection – for example, by punishing students based on unreliable systems – risk
delegitimizing their authority and weakening the educational contract itself. Even a 1% false positive
rate can result in thousands of wrongful accusations across large institutions, eroding trust in both faculty and
administrative oversight, as illustrated in Figure 4. Protecting the innocent is foundational to sustaining the
legitimacy of the educational institution as a whole.

Moreover, reliance on flawed detection technologies [80] introduces new forms of procedural injustice. Many
detection systems disproportionately misclassify the work of multilingual students or those who write in
nonstandard styles, compounding existing inequities [14, 43]. At the same time, the usefulness in certain contexts
and ubiquity of generative AI virtually guarantee its continued presence in certain academic and professional
contexts [6]. Attempts to suppress use via detection technologies are both impractical and counterproductive.
Instead, educators should focus on equipping students with the critical skills needed to evaluate, contextualize,
and responsibly integrate (or not integrate) AI-generated content into their work.

These challenges highlight that preventingmisuse is not simply a question of enforcement but one of governance
design. Effective institutional responses will require clear and consistently applied definitions of acceptable
AI use, transparent policies with built-in safeguards such as appeal and review mechanisms, and curriculum
that teaches students how to engage with generative AI ethically and productively. By shifting from a reactive,
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Fig. 4. False Positive Rate of 1%: As an example, a false positive rate of only 1% [29, 70] indicates that 1 in every 100
cases will be flagged for cheating incorrectly. It falls on the instructor to evaluate use – faculty who are ill-equip to assess
state-of-the-art AI systems. At scale in a university setting, for every 100,000 submissions, 1000 false accusations could occur,
jeopardizing student careers and significantly de-legitimizing educational institutions.

punitive stance to a proactive governance model, universities can both uphold academic integrity and prepare
students for meaningful participation in society increasingly pervaded by AI.

D Public Website
To support transparency, inspection, and reuse of the ACAI-US79 audit, we provide a public, interactive website
at acai-us79.org. The site is designed to make both the audit results and the audit instrument accessible beyond
the paper, enabling readers to explore institutional AI governance capacity and to trace aggregate scores back to
the underlying publicly available materials.

As shown in Figure 5, the primary interface is an interactive map-based visualization of the 79 U.S. universities
included in the audit. Each institution is represented as a clickable marker, and a synchronized sidebar lists
universities ranked by ACAI score. Users can filter institutions by research activity, institutional type, geographic
region, and student size, and can select either a map marker or a list entry to reveal institution-specific details. For
each university, the interface displays its ACAI score alongside direct links to the institutional policies, teaching
resources, governance committees, and academic integrity materials reviewed during the audit. This design
explicitly supports traceability, allowing users to inspect how scores are grounded in publicly legible governance
artifacts rather than treating the index as an opaque ranking.

The website also includes a self-scoring interface for institutions not included in the ACAI-US79 dataset. This
tool implements the same annotation schema and scoring criteria used in the audit, enabling users to assess their
own institution using publicly available materials under comparable constraints. Self-scoring results are returned
solely for informational and reflective purposes and are not incorporated into the released dataset.

The application is implemented in React with TypeScript, using react-simple-maps for geographic visualiza-
tion and Material-UI for interface components. Institutional metadata—including location coordinates, research
classification, institutional type, and associated governance resources—is stored in a structured JSON format

acai-us79.org
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Fig. 5. Interactive map of ACAI-US79 at https://acai-us79.org/, visualizing the 79 U.S. universities and describing their
publicly articulated governance capacity. Institutions are shown as clickable markers and ranked by ACAI score, with filters
enabling comparison across research activity, institutional type, region, and size. Selecting an institution reveals its score and
links to the publicly available policies, guidance, and governance materials reviewed in the audit, supporting traceability and
independent inspection of how governance capacity is publicly articulated.

derived from the original audit datasets. The interface supports interactive filtering, zooming, and state-level
annotations to facilitate exploration and comparison across institutions.

Overall, the website is designed to emphasize interpretability and accountability. ACAI scores reflect the public
legibility of institutional governance artifacts at the time of review and should not be interpreted as measures of
internal practice or intent. By making both the audit results and the audit instrument publicly accessible, the site
supports replication, critique, and institutional self-reflection, and positions ACAI as an auditable, contestable
infrastructure rather than a static evaluation.

E Extended Related Work

E.1 Institutional & Socio-Technical Systems Theory, and Algorithmic Accountability
As Winner argued, “What matters is not technology itself, but the social or economic system in which it is embedded”
[78]. This position, described as social determination theory, offers a corrective to naïve technological determinism:
the assumption that technology evolves according to its own internal logic and subsequently shapes society in a
one-directional way. Technological and institutional capacities do not evolve independently, instead co-producing

https://acai-us79.org/
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and mutually constructing each other [38]. This aligns with the argument of Selbst et al. [66], who warn that
abstracting away from social context obscures the structural forces that shape fairness itself.

Algorithmic accountability is usually determined via algorithmic impact assessments, an auditing mechanism
to judge how an algorithm is causing harm. Metcalf et al. [49] highlights the distinctiveness of algorithmic
systems, noting that there is a heightened risk with misunderstanding the inner workings of algorithmic systems,
and therefore being unable to legislate their use or development effectively. Selbst [65] also note this gap between
the inner workings of a computational system and effective governance, demonstrating cases of “algorithmic
harm where existing liability regimes fail to hold the creators of the harm to account, specifically because of a
lack of knowledge about the development process.” Notably, Ananny and Crawford [4] criticize the transparency
ideal in algorithmic assessments, noting that “transparency alone cannot create accountable systems.”

E.2 AI Governance Models
Recently, there have been calls for attention to AI governance [56, 57, 69]. Prior AI governance models formulate
the relationship between governance and computation as unidirectional capacity flows, as shown in Table
5. Across this literature, governance and computation are treated as sequential processes, where one directs,
regulates, or reacts to the other. These frameworks have advanced the field’s understanding of risk and ethics,
but they remain largely reactive and linear, conceptualizing governance as either a top-down constraint or a
downstream response to technical innovation.
Existing models recognize the importance of institutional capacity: The UN System Survey of Institutional

Models [71] emphasizes “capacity-building” but defines it primarily as the technical training of scientists and
regulators; The Responsible AI Systems Roadmap [35] focuses on the role of scientists in shaping policy. While
models recognize the importance of institutional development, they largely equate capacity with technical skill
or regulatory compliance rather than with civic or educational infrastructure.

Governance Capacity → Computational Capacity. The Hourglass Model of Organizational AI Gover-
nance [52] represents an ethics-first pipeline in which governance capacity flows toward computation. Ethical
principles and organizational oversight mechanisms are translated into engineering practice. While there are
feedback mechanisms for communication, the model largely presumes institutions can directly steer technical
behavior. A similar directional logic appears in the Entity-Based Regulation Framework [7], which centers
regulatory oversight of large corporate actors, confined to the level of enforcement and transparency rather than
broader institutional design. Both frameworks view governance as an initiating force, with the Hourglass model
supporting a limited feedback mechanism.

Computational Capacity → Governance Capacity. Other frameworks reverse this flow, positioning tech-
nical development as the driver of governance. The NIST AI Risk Management Framework [54] sequences
accountability as mapping, measuring, and managing risk and emphasizes flexibility, voluntarism, and scalability
across sectors:

“The Framework is intended to be voluntary, rights-preserving, non-sector-specific, and use-case agnostic,
providing flexibility to organizations of all sizes and in all sectors and throughout society to implement
the approaches in the Framework.”

The Three-Layered Framework [82] follows a similar pipeline but extends it globally, envisioning governance
as a set of layered responses to computational markets – drawing from the toolbox categories of market-
invigorating strategies, value-directed rules, and procedural controls. The UN System Survey of Institutional
Models [71] emphasizes “capacity-building” but defines it primarily as the technical training of scientists and
regulators.The Responsible AI Systems Roadmap [35] focuses on the role of scientists in shaping policy. These
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Model Primary Focus Capacity Flow Scope

The Hourglass Model of
Organizational AI Gover-
nance [52]

Focused on AI ethics, risk mitigation;
organized into environmental, organi-
zational, and AI system layers with
some feedback mechanisms (i.e. com-
putational → governance).

Governance→
Computational

EU/Global

NIST AI Risk Manage-
ment Framework [54]

Focused on identifying AI risks, which
governance Maps, Measures, and Man-
ages.

Computational
→ Governance

USA

Entity-Based Regulation
Framework [7]

Focused on transparency and regulat-
ing “the large business entities develop-
ing the most powerful AI models and
systems” with emphasis on preemptive
risk regulation.

Governance→
Computational

USA

Three-Layered Frame-
work [82]

Focused on risk, aims to fix market
failures using a toolbox of regulatory
tools from the three layers: market-
invigorating strategies, value-directed
rules, and procedural controls.

Computational
→ Governance

Global

UN System Survey of In-
stitutional Models [71]

Focused on ethics and risk; highlights
“[national] capacity-building [that] can
support AI development that is grounded
in fairness, gender equality, reliability,
safety, interpretability and accountabil-
ity.”

Computational
→ Governance

UN/Global

Responsible AI Systems
Roadmap [35]

Focused on risk, highly dependent on a
committee of scientists to shape policy.

Computational
→ Governance

UN/Global

AI Ecological Education
Policy Framework [15]

Focused on education; organized into
3 dimensions of educational support:
pedagogical, ethical, and operational.

Computational
→ Governance

Hong
Kong

Table 5. Existing governance frameworks recognize that there is both computational capacity and governance capacity.

models recognize the importance of institutional development yet largely equate capacity with technical skill or
regulatory compliance rather than with civic or educational infrastructure.

E.3 Institutional Capacity
Institutional Capacity extends beyond Governance Capacity to include the civic, educational, industrial, and
governmental infrastructures that make computational work socially legitimate and accountable. It encompasses
the systems and organizations that translate technical advancement into into legal systems, economic sectors,
government, defense, and culture, and therefore requires a wide and interdisciplinary range of expertise:
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“Questions about the impact of AI on American society and culture are fundamentally rooted in such
humanities fields as ethics, law, history, philosophy, anthropology, sociology, media studies, and cultural
studies.” –National Endowment for the Humanities [53]

While computational capacity has been extensively benchmarked, its rapid expansion has outpaced the
institutional systems needed for accountability.

E.4 The Translation Workforce
The translation workforce is professionals who bridge technical and institutional domains. Algorithmic action is
inherently situated – systems can have unintended outcomes when deployed in real social and organizational
contexts [40, 67]. Effective governance therefore requires people and processes capable of translating between
computational reasoning and institutional judgment.
The translation workforce goes beyond AI literacy (understanding how AI operates) or ethics (identifying

harms). It encompasses the practical work of institutional integration: drafting regulations, designing oversight
mechanisms, adjudicating disputes, negotiating standards, and explaining algorithmic decisions to diverse stake-
holders, and/or exercising judgment about when AI implementation is not appropriate. Engineers, policymakers,
educators, artists, cultural critics, and legal professionals all participate in this interpretive process.

F ACAI-US79 Iterative Link Categorization Process
This section describes the iterative link categorization process used to construct ACAI-US79: Figure 7 gives an
overview of the process, and Figure 6 shows the detailed annotator instructions for Phases II and III. Because
institutional AI governance is unevenly distributed and inconsistently labeled across universities, we employ a
recall-oriented, multi-phase procedure that surfaces publicly legible, institutionally authoritative materials while
enforcing a clear boundary between governance capacity and general AI research or outreach.
The seven categories (T1–T7) are neither mutually exclusive nor collectively exhaustive. In practice, AI

governance materials are unevenly distributed across institutional units or consolidated into a small number of
centralized resources. As a result, a single link may be relevant to multiple categories, while other categories
may contain no links for a given institution. Such empty cells reflect genuine variation in how AI governance
is organized and communicated, not missing data or annotation error. Category membership should therefore
be interpreted as evidence of where—and how legibly—governance functions are articulated in public-facing
materials.
Phases I and II are deliberately recall-oriented and surface a wide range of AI-related materials, including

research and outreach content. Phase III enforces the conceptual boundary of the audit by removing links
that are AI-related but governance-irrelevant, such as research labs, grants, or faculty-led initiatives that do not
articulate institutional authority or procedural expectations. This consolidation step prevents research-intensive
institutions from appearing more “governed” simply due to higher volumes of AI-related content and ensures
that institutional capacity is not conflated with research productivity. The resulting link set retains only publicly
legible, institutionally authoritative governance artifacts, such as standing policies, centrally maintained guidance,
and formal committees. By narrowing annotator attention to governance-relevant materials, Phase III also
improves annotation consistency and strengthens the construct validity of the audit.
We do not include the following types of links, because we found in Phases I and II of our iterative link

categorization process that these types of links generally weren’t relevant to our annotation criteria (*) or were
separate from our focus in this work (+):

• Legal / General Counsel*: Especially for risk, compliance, data use, copyright, FERPA, and contracts
involving AI tools. We also think that students have access to a variety of AI tools separate from those
visible by the university.
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Phase II: LLM Cleanup
For each university and each category (T1–T7), apply a conservative cleanup pass, removing links only when they
are clearly out of scope. When determining relevance would require nontrivial investigation beyond initial screening,
we conservatively retain the link and defer judgment to the annotation process, where deeper inspection is already
required. This typically includes links that:

• Are non-authoritative (i.e., not published by the university)
• Are dead, redirecting, or hallucinated
• Are narrowly subject, department, or graduate school specific rather than university-level
• Are strictly research-focused
• Consist solely of news, announcements, or event listings
• Provide application instructions for prospective students
• Are intended for university communications or marketing staff
• Require institutional login for access

Additionally, when verification is straightforward:
• Remove malformed entries (e.g., markdown artifacts instead of valid links)
• Remove excessive sublinks pointing to the same underlying page
• De-duplicate or re-categorize links

Phase III: Link Identification
For each university and each category (T1–T6), if a clear main link has not already been identified:

(1) Identify the Authoritative Institutional Surface and Any Clearly AI-Related Subpages (Skip to Step #2
for T1)

(a) Perform a Google search for “University” + “Category”
(b) Navigate to the primary institutional landing page(s)

(i) Review standard navigation paths (e.g., scrolling the page, examining menu bars)
(ii) Include any subpages that are clearly AI-related
(iii) If additional clearly AI-related subpages are encountered during exploration, include them

(2) Targeted Confirmation Search (If no AI-related content is visible in Step #1; except T3 and T6, which explicitly
reference “AI”)

(a) Perform a Google search for “University” + “Category” + “AI”
(b) Include any institutionally authoritative pages that are clearly relevant

(3) If no suitable links are identified, record “None” for that category.
(4) Mark the university as complete once all categories are reviewed.

Fig. 6. Annotation Instructions for Phases II and III of Iterative Link Categorization Process.

• Research Office / Office of Sponsored Programs+: Research oversight is mediated through specialized
mechanisms (e.g., AI use in grants, data management plans, human subjects, and responsible research
conduct) separate from the present audit, which focuses on governance as enacted through core university
functions shaping teaching, assessment, and student experience.

• Data Governance / Privacy Office*: Sometimes separate from IT; increasingly relevant for AI training
data and student data use.

• Accessibility / Disability Services+: AI accommodations, assistive tech, and equity considerations. While
critically important for AI equity, guidance in this area is often individualized/case-specific.

• Human Resources+: Staff and faculty use of AI for hiring, evaluation, or administrative work.
• Admissions+: Policies on AI-assisted application materials are often separate from academic integrity
rules.

• Graduate School+: Graduate-specific guidance often differs from undergraduate rules.
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Fig. 7. Overview of Iterative Link Categorization Process: See Figure 6 for more details on Phases II and III.

• Department or College-Level Pages+: Many institutions defer AI guidance to colleges (e.g., Engineering,
Business, Law) or even individual departments.

This dataset reflects publicly available, institutionally maintained web resources and therefore has a few key
limitations. First, universities differ substantially in how AI-related guidance is organized, labeled, and distributed
across administrative units, which may lead to uneven coverage across institutions. We aimed to yield equitable
coverage with our iterative link categorization process (Figure 7) as to correctly capture the heterogeneous
ways in which different universities – varying in region, research activity, student population size, and more
as discussed in §3.1 – share and present AI policy. Second, the dataset captures only formal, publicly visible
governance artifacts and does not reflect informal practices, internal guidance, or unpublished decision-making
processes that may substantially shape how AI is used and regulated within institutions. As a result, the dataset
should be interpreted as a representation of officially articulated AI governance rather than a complete account
of institutional practice.

F.1 Phase II vs. III Coverage Comparison
In this section, we provide details on the links retrieved in Phase II vs. III of our iterative link categorization
process, characterizing how human annotators empowered by Google Search in Phase III processed the LLM
output results from Phase II. Specifically, for each institution-category pair, we compare the LLM-retrieved link
set 𝐿 with the human-curated set 𝐻 using set-based metrics. We compute precision (|𝐻 ∩ 𝐿 |/|𝐿 |) and recall
(|𝐻 ∩ 𝐿 |/|𝐻 |), along with the number of added links (|𝐿 \ 𝐻 |) and deleted links (|𝐻 \ 𝐿 |). We interpret recall as a
measure of coverage, indicating whether the LLM retrieves policy evidence aligned with human judgment.

How good is LLM coverage of institutional AI policy? In Figure 8a, we show recall (human coverage) against
precision (LLM correctness) for all institution-category pairs. The distribution shows that LLM retrieval is strongly
recall-oriented: many cases achieve high recall but only moderate precision, indicating that while the LLM often
retrieves at least one relevant policy link, it frequently includes additional links that are later removed by human
annotators. Instances of low recall correspond to true coverage failures, where the LLM fails to retrieve any
human-recognized policy evidence. To further quantify this behavior at the category level, we summarize LLM
coverage using three increasingly strict definitions: raw coverage (the presence of any LLM-retrieved link), aligned
coverage (overlap with human-curated links), and missed coverage (human-curated links not retrieved by the
LLM). The results are shown in Figure 8b. While raw coverage is consistently high across categories, aligned
coverage drops substantially, indicating that apparent LLM coverage overstates effective policy coverage. This
discrepancy is most pronounced in categories involving decentralized or evolving institutional resources, such as
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(a) Precision–recall characteristics of LLM-based AI policy
link retrieval (Phase II) compared to human-curated links
(Phase III). Each point represents one institution–category
pair.

(b) LLM coverage of institutional AI policies under three
definitions: raw coverage, aligned coverage, and missed cov-
erage.

Fig. 8. Comparison of LLM-based and human-curated AI policy link retrieval.

libraries and AI initiatives, where authoritative policy evidence is more difficult to identify automatically. Taken
together, these results suggest that LLMs perform well as a first-stage retrieval mechanism, successfully surfacing
candidate AI policy evidence for most institutions and categories. However, the observed gap between apparent
and aligned coverage underscores the continued necessity of human supervision to filter non-authoritative links,
recover missed policy documents, and ensure that final policy representations accurately reflect institutional
governance.

F.2 Example Links
In Table 11, we provide examples of the types of links retrieved in T1-T7.

F.3 Prolific Privacy Policy
We provide the Privacy Policy in Figure 9.

G ACAI Domains in Practice
Table 6 provides illustrative examples of stronger and weaker institutional responses for each ACAI governance
domain: A. Policy Clarity, B. Faculty Support, C. Feedback Loops, and D. Detection Tools. Each example
is drawn from ACAI-US79 and labeled with the specific ACAI item and average score from the 𝑘 = 3 annotators.
These examples are intended to concretize the scoring criteria and help readers contextualize the types of policy
documents evaluated in our audit.

H ACAI Rank Changes Under Alternate Weighting Schemes
To assess whether ACAI rankings are artifacts of normative weighting choices, we evaluated four weighting
schemes: an indicator-weighted baseline (𝐴 = 2, 𝐵 = 4,𝐶 = 3, 𝐷 = 2), equal (𝐴 = 1, 𝐵 = 1,𝐶 = 1, 𝐷 = 1),
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Table 6. Illustrative examples of institutional responses across governance domains, drawn from ACAI-US79.

Domain Stronger Practice Weaker Practice

A. Policy Clarity “What is generative AI? You have prob-
ably seen or heard of ChatGPT and
Claude... One of the key features of gener-
ative AI is its ability to identify patterns
and structures from input data it receives,
and then apply that input to automati-
cally generate content through the use of
various algorithms and models. ”
– Carleton College (A1, Score: 0.83)

“Scite and Semantic Scholar are two tools
that utilize artificial intelligence to show
how citations are used in context...”
– Stevens Institute of Technology (A2,
Score: 0.17)

B. Faculty Support “Step 2: Choose and Define AI Usage lev-
els. Below is starter language to help you
define and describe your stance on AI
use in your course. You can include and
adapt it for use in your course syllabus...”
– University of North Carolina at
Chapel Hill (B4, Score: 0.83)

“Grinnell’s policy on Honesty in Aca-
demic Work requires students to: cite all
language that is quoted or paraphrased
from a large language model (LLM) or
other generative AI service... When in
doubt, ask your instructor for guidance.
”
– Grinnell College (B2, Score: 0.33)

C. Feedback Loops “PSU’s Office of Academic Affairs formed
a Generative AI Task Force in the Sum-
mer of 2023 that transitioned to a Work-
ing Group in the Spring of 2024. The
cross-functional working group is com-
posed of representatives from across the
university, including faculty, a represen-
tative of the Faculty Senate Educational
Policy Committee, the offices of Aca-
demic Innovation and Information Tech-
nology...”
– Portland State University (C1, Score:
1.00)

“SMU is curating resources for faculty to
explore and share about AI...”
– Southern Methodist University (C1,
Score: 0.33)

D. Detection Tools “AI Detection Tools: Be aware that AI
detection tools carry risks of misidentifi-
cation and have not been widely proven
to detect AI use. Careful consideration
should be given when deciding if the use
of these tools is appropriate for assessing
student work.”
– Saint Louis University (D1, Score: 0.83)

“ZeroGPT. You can easily detect whether
text is human-written or AI/GPT gener-
ated. This AI text detector displays the
percentage of AI/GPT plagiarized text for
an in-depth analysis of content. The com-
pany claims 99% and higher accuracy
rate.”
– Nova Southeastern University (D1,
Score: 0.33)

policy-heavy (𝐴 = 1, 𝐵 = 1,𝐶 = 2, 𝐷 = 2), and teaching-heavy (𝐴 = 1, 𝐵 = 2,𝐶 = 1, 𝐷 = 1), using percentile ranks.
We show the results in Tables 7 and 8.
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Table 7. Pairwise Rank Correlations Across Schemes

Scheme 1 Scheme 2 Spearman Pearson

Baseline Equal 0.98 0.98
Baseline Policy-heavy 0.93 0.93
Baseline Teaching-heavy 0.99 0.99
Equal Policy-heavy 0.97 0.97
Equal Teaching-heavy 0.98 0.98
Policy-heavy Teaching-heavy 0.93 0.93

Table 8. Maximum Absolute Rank Change Statistics

Baseline Equal Policy-heavy Teaching-heavy

Mean 16.28 17.37 16.96 16.54
Median (50%) 14.50 17.00 15.50 13.50
75% 22.50 23.50 22.50 21.75
Max 46.00 46.00 43.50 45.00

I Details on Comparison to CSRankings
To contextualize institutional AI governance capacity relative to AI research activity, we constructed a reference
list of research-active universities using CSRankings, shown in Figure 11, a widely used, publicly available ranking
of computer science research output. CSRankings aggregates publication counts across major computer science
venues and allows filtering by research area and time period.

We first navigated to csrankings.org and restricted the ranking to AI-relevant research areas only, enabling the
categories of Artificial Intelligence, Computer Vision, Machine Learning, Natural Language Processing, and The
Web & Information Retrieval, while disabling all other areas. This filtering step was intended to approximate
institutional engagement with AI-related research rather than overall computer science output.
We then restricted the publication window to 2022–2025, corresponding to the period following the public

release of large-scale generative AI systems (i.e., ChatGPT) and the following rapid expansion of AI use in
educational contexts. This temporal filter was chosen to reflect contemporary AI research activity during the
period in which universities began articulating institutional responses to generative AI.

The resulting ranked list of universities was used as a reference set for identifying institutions with substantial
recent AI research activity. Importantly, this list was not treated as a measure of governance quality or institutional
responsibility. Rather, it served as a comparative baseline to examine whether AI research intensity correlates
with publicly articulated AI governance capacity.

This procedure relies exclusively on publicly accessible filters and settings within CSRankings and is fully
reproducible.

J Details on LLM-Driven Audit Study
Outputs failing schema or completeness checks were automatically retried until a valid response was produced.

Figure 12 shows the prompt used for the study.

csrankings.org
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(a) Exclude unranked CSRankings𝐴𝐼 ; results also visualized in Figure 10

Group 𝑛 Pearson Spearman Kendall 𝜏 Spearman CI𝐿𝑜𝑤 Spearman CI𝐻𝑖𝑔ℎ

South 9 0.51 0.65 0.42 -0.05 0.93
Midwest 10 0.26 0.38 0.27 -0.35 0.85
West 7 0.25 0.18 0.24 -0.76 1.00
Northeast 9 0.05 0.09 -0.03 -0.72 0.66
R1 29 0.14 0.12 0.08 -0.25 0.49
R2 6 -0.31 -0.32 -0.28 -1.00 0.89
Public Research 18 0.05 -0.05 -0.06 -0.65 0.54
Private Research 17 0.20 0.22 0.17 -0.32 0.61
Medium 9 0.32 0.27 0.17 -0.62 0.83
Large 21 0.08 0.02 0.00 -0.49 0.50

(b) Include unranked CSRankings𝐴𝐼 by collapsing into bottom rank

Group 𝑛 Pearson Spearman Kendall 𝜏 Spearman CI𝐿𝑜𝑤 Spearman CI𝐻𝑖𝑔ℎ

South 21 0.63 0.70 0.55 0.32 0.87
Midwest 20 0.49 0.54 0.42 0.14 0.80
Northeast 20 0.35 0.40 0.29 -0.04 0.73
West 18 0.35 0.34 0.26 -0.18 0.70
R1 33 0.24 0.24 0.16 -0.11 0.55
R2 30 0.00 0.11 0.08 -0.27 0.47
Public Research 33 0.44 0.47 0.32 0.16 0.71
Private Research 30 0.35 0.41 0.32 0.06 0.71
Small 27 -0.17 -0.04 -0.02 -0.41 0.43
Medium 25 0.45 0.49 0.37 0.09 0.78
Large 27 0.26 0.25 0.16 -0.18 0.61

Table 9. Agreement between ACAI and CSRankings𝐴𝐼 across institutional groups with 𝑛 > 5. The table reports Pearson,
Spearman, and Kendall correlations. Spearman confidence intervals are based on 1000 bootstrap resamples.

𝜏 Pearson 𝑟 Spearman 𝜌 Kendall 𝜏 Spearman 95% CI Mean Δ ΔBottom 25% ΔTop 25%

0.5 0.58*** 0.61*** 0.45*** [0.45, 0.75] 15.37 [0, 6] [21, 71]
1.0 0.55*** 0.56*** 0.40*** [0.39, 0.72] 16.61 [0, 6] [24, 72]
1.5 0.57*** 0.55*** 0.39*** [0.37, 0.70] 17.27 [1, 7] [25, 63]

Table 10. Correlations between human-labeled indicator-weighted ACAI ranks and LLM-labeled ACAI ranks
indicate that LLMs only partially reproduce human interpretive judgment (▷F4): For institution 𝑖 , the absolute rank
gap is defined as Δ(𝑖) = |𝑟𝑎𝑛𝑘𝐻𝑢𝑚𝑎𝑛 (𝑖) − 𝑟𝑎𝑛𝑘𝐿𝐿𝑀 (𝑖) |. ΔBottom 25% and ΔTop 25% report the minimum and maximum values
of Δ𝑖 among institutions in the lower and upper quartiles of the rank gap distribution. Spearman correlations additionally
report bootstrap 95% confidence intervals.

Table 11. Examples of Pages by Link Type (T1–T7): This table provides illustrative examples of pages classified under
each link type, chosen to help readers understand how link categories are defined and applied in the search framework.

University Quote Link

T1. University Rules/Policies/Regulations

Continued on next page
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University Quote Link

University of
Texas at Austin

With the increasing integration of artificial intelligence (AI) tools—such as ChatGPT, Copilot,
Bard Gemini, Claude and other generative AI applications known as large language models (LLM),
diffusion models, or generative AI applications—into university activities, it’s essential to use these
technologies responsibly. This guidance, developed collaboratively by the Office of Legal Affairs,
University Compliance Services, the Information Security Office, and the Business Contracts Office,
outlines acceptable practices for utilizing generative AI tools while safeguarding institutional,
personal, and proprietary information. Additional guidance may be forthcoming as circumstances
evolve.

Link

Georgia Southern
University

This policy establishes guidance for the responsible, ethical, and transparent use of Artificial
Intelligence (AI) tools at Georgia Southern University (University) including in teaching, learn-
ing, assessment, classroom activities, University community service, research, creative activity,
scholarly communication, and administrative activities, while encouraging innovation, academic
freedom, and appropriate autonomy while maintaining compliance with all data security and
privacy regulations. This policy ensures that the University complies with Board of Regents (BOR)
Policy 6.28 Artificial Intelligence in Academic Context; federal, state, and international laws; and
industry standards and best practices.

Link

Carleton College AI technologies raise novel questions around data security, attribution, and ethics. In many cases,
Carleton’s existing policies still apply to AI, but in some cases this technology requires new
policies or new interpretations of existing policies. This page will provide links to policies that
apply directly to AI use at Carleton and highlight any additions and changes as they’re made.

Link

University of
Southern Califor-
nia

This Research Guide provides information on the use of Generative AI in academic papers and
research, and provides guidance on the ethical use of Generative AI in an academic setting.

Link

T2. Center for Teaching & Learning
Stanford Univer-
sity

AI Meets Education at Stanford (AIMES) is a VPUE effort to catalyze and support critical engage-
ment with generative AI in Stanford teaching and learning contexts, coordinated by the Center
for Teaching and Learning.

Link

Ball State Univer-
sity

Explore a variety of courses designed to meet learners at all levels. Whether you’re looking for
introductory classes or advanced specialization tracks, these courses provide structured, in-depth
instruction in AI topics to build your skills and confidence. A strong grasp of AI terminology is
essential for navigating complex concepts and discussions. This glossary of terms offers definitions
and explanations of key terms, serving as a quick reference to clarify AI language as you advance
in your learning.

Link

University of
Michigan at Ann
Arbor

The release of ChatGPT in late 2022 jump started an ongoing and growing exchange in higher
education about both the promises and significant risks posed by Generative Artificial Intelligence,
particularly to the teaching and learning enterprise. This site is designed to offer links to programs
and resources from U-M and beyond to help you navigate this new landscape. Given how rapidly
the GenAI landscape is shifting, we include links to sources that offer regular posts and updates
on this topic.

Link

Continued on next page

https://security.utexas.edu/ai-tools
https://digitalcommons.georgiasouthern.edu/provost/51/
https://www.carleton.edu/ai/policies/
https://libguides.usc.edu/generative-AI/usc-guidelines
https://ctl.stanford.edu/aimes
https://www.bsu.edu/about/administrativeoffices/information-technology/services/ai-initiatives/ai-courses-and-training
https://crlt.umich.edu/genai
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University Quote Link

University of
Florida

How is Artificial Intelligence (AI) affecting teaching and learning in higher education? Artificial
intelligence (AI) is significantly impacting higher education, revolutionizing various aspects of
the learning experience. AI-powered tools and platforms are transforming how students access
educational content, tailor their learning paths, and receive personalized feedback. Moreover, AI-
driven systems can help educators generate educational content and facilitate research endeavors.
While these advancements bring exciting opportunities, it’s essential to address ethical concerns,
data privacy, and ensure AI complements the education process rather than replacing it entirely.
Embracing AI responsibly can lead to a more accessible, efficient, and effective higher education
landscape. Artificial intelligence has introduced significant challenges to academic integrity in
education. As AI becomes more accessible, educators have expressed concerns about students
using it to generate answers to questions on tests and assignments. Rather than reacting in fearful
ways to new advances in AI, educators can focus on potential benefits, such as providing new
perspectives on a problem and generating content that can be analyzed or critiqued. Undoubtedly,
faculty need to provide guidelines to students about the appropriate and inappropriate uses of AI
tools. However, faculty can also model and encourage productive and positive uses of AI and help
students see its value.

Link

T3. AI Institute/Initiative/Center/Hub/AI@U
University of
Wyoming

The University of Wyoming’s AI Initiative is a bold, people-centered effort to shape the future of
our state, empowering citizens and communities to thrive in an AI-driven world. By addressing
key industries like agriculture, engineering, energy, tourism, wildlife conservation, and rural
healthcare, UW is ensuring that AI enriches lives and drives sustainable growth. This initiative
will enhance the University of Wyoming’s ability to bring advances in AI to disciplines across
the university to advance the state. It will attract investments, build corporate partnerships,
seed entrepreneurship, and equip every student and community to participate in the global AI
transformation, securing a prosperous future for all of Wyoming.

Link

University of Cal-
ifornia, Berkeley

Welcome to the AI Hub – your central resource for artificial intelligence at UC Berkeley. Rooted
in Berkeley’s pioneering spirit, ethos of inclusivity, and culture of excellence, this hub connects
our community with essential AI tools, training, policies, and opportunities. Whether you’re a
student, researcher, faculty, or staff member, you’ll find guidance, collaboration, and innovation
here to help navigate the evolving world of AI and amplify the impact of our collective efforts.

Link

San José State
University

Welcome to the bold new world of Artificial Intelligence (AI), where groundbreaking innovation
meets inclusive leadership in the heart of Silicon Valley. At San José State University, we are a
place of firsts, pioneering advancements in AI and empowering the next generation of leaders to
shape the future of technology. Our interdisciplinary programs blend cutting-edge research with
hands-on learning, equipping students and professionals to solve real-world challenges and explore
ethical solutions in AI. As a proud partner in Silicon Valley’s ecosystem of global innovation,
SJSU connects you to industry leaders, transformational opportunities, and a vibrant community.
Whether you’re forging new paths in AI development, exploring its societal impact or preparing to
lead in this dynamic field we’ll help you unlock your potential and create a future where everyone
can thrive. San José State University leads the way in AI innovation and leadership.

Link

Clark Atlanta
University

The NSF Expand-AI project led by Clark Atlanta University (CAU) in collaboration with AI4OPT
builds an AI Hub at CAU to transform accessibility to AI jobs, AI research, and the AI ecosystem.
AIHub@CAU consists of three key pillars: (1) a Master Program in AI; (2) a PhD program in AI;
and (3) research collaborations between CAU and Georgia Tech. The program is a joint project
by the department of mathematical sciences, the department of Cyber-Physical Systems and the
School of Business Administration, making it truly multidisciplinary.

Link

T4. Library/Library Guides

Continued on next page

https://teach.ufl.edu/artificial-intelligence-in-teaching-and-learning/
https://www.uwyo.edu/president/initiatives/ai4wy/index.html
https://ai.berkeley.edu/
https://sjsu.foleon.com/ai/sjsu-ai/
https://www.ai4opt.org/aihubcau
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University Quote Link

Mercer Univer-
sity

Definitions. Artificial Intelligence: AI is typically defined as the ability of a machine to perform
cognitive functions we associate with human minds, such as perceiving, reasoning, learning, and
problem solving. Examples of technologies that enable AI to solve complex problems include
robotics, computer vision, language, virtual agents and machine learning.

Link

Chapman Univer-
sity

AI Literacy. Use this guide to understand Artificial Intelligence literacy in the context of higher
education. What is AI Literacy? “AI literacy is the ability to understand, use, and think critically
about AI technologies and their impact on society, ethics, and everyday life.” - Lo, L. S. (2025). AI
Literacy: A Guide for Academic Libraries. College & Research Libraries News, 86(3), Article 3.
https://doi.org/10.5860/crln.86.3.120

Link

University of
Chicago

Generative AI. Information about Generative AI tools and their use in and outside of the classroom. Link

Brown University Generative artificial intelligence has already started to have an impact on the way we discover,
manage, create, and disseminate information. Generative AI tools are in a state of rapid devel-
opment, and new information about applications, policies, and social impact is released each
day. While every attempt will be made to keep this guide up to date, please be aware that the
information included here is likely to age quickly. This guide includes context and advice for
engaging with generative Artificial Intelligence, and does not represent University policy. The
Library does not endorse any specific AI technologies, and encourages users to be cautious about
sharing personal information when using AI tools.

Link

T5. Academic Integrity/Honor Code
Creighton Univer-
sity

Cheating: The deliberate use or attempted use of unauthorized material in an academic exercise,
including unauthorized collaboration with classmates, or use of unauthorized work created by
artificial intelligence.

Link

Wofford College Unauthorized use of generative artificial intelligence to create content that is submitted as one’s
own.

Link

Marquette Uni-
versity

Academic Integrity. A Message for Faculty, Staff, and Students on the use of Large Language
Model-Based Chatbots (“generative artificial intelligence”) at Marquette University.

Link

University of
New Hampshire

Cheating. Use or attempted use of any academic exercise materials, information, study aids,
electronic data, AI tools, assignment/exam surrogate, or other forms of assistance without autho-
rization.

Link

T6. AI Steering Committee/Task Force
Texas A&M Uni-
versity

The Artificial Intelligence, Innovative & Emerging Technologies Work Group equips faculty with
the knowledge and resources to explore and integrate cutting-edge technologies into teaching and
learning. By curating and sharing AI-related resources, fostering collaboration, and promoting best
practices, the group empowers educators to leverage emerging technologies to enhance student
engagement and academic success across the A&M System.

Link

Stony Brook Uni-
versity

Library AI Steering Committee. The Stony Brook University Libraries AI Steering Committee
plays a central role in guiding the responsible and strategic integration of artificial intelligence
across library services, operations, and research support. Established to ensure that emerging
technologies advance—rather than compromise—the Libraries’ core values of equity, accessibility,
intellectual freedom, and responsible innovation, the committee evaluates opportunities and risks,
recommends best practices, and supports evidence-based decision-making. Its charge includes
reviewing AI initiatives for alignment with institutional priorities, developing ethical guidelines
and principles, promoting staff training and AI literacy, and fostering collaborations with campus
partners and professional communities. Through regular reporting and transparent communication
with library leadership, the AI Steering Committee helps ensure accountability and positions
the Libraries to thoughtfully and proactively navigate the evolving landscape of AI in higher
education.

Link

Continued on next page

https://mercer.libguides.com/AI
https://doi.org/10.5860/crln.86.3.120
https://libguides.chapman.edu/AI
https://guides.lib.uchicago.edu/GenAI
https://libguides.brown.edu/AI
https://catalog.creighton.edu/graduate/administration-policies/academic-responsibility/academic-misconduct-policy/academic-misconduct-policy.pdf
https://www.wofford.edu/wofford.edu/documents/student-experiences/campus-life/code-of-student-rights-and-responsibilities.pdf
https://www.marquette.edu/provost/academic-integrity.php
https://catalog.unh.edu/srrr/student-policies-regulations/academic-integrity/
https://www.tamus.edu/catie/workgroups/emergingtech/
https://you.stonybrook.edu/libraryai/governance/
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University Quote Link

California State
University, Long
Beach

The purpose of the AI Academic Subcommittee is to explore AI technologies and plan for future
implementations. The subcommittee will make recommendations to the AI Steering Committee to
develop guidelines for campus-wide deployment. To foster a community of AI users on campus,
the subcommittee will also make recommendations for professional development and support for
faculty and staff on AI-related topics.

Link

Iowa State Uni-
versity

The 2024 Generative AI Guidance Committee has successfully completed its charge. The subcom-
mittees were assembled, carried out their tasks diligently, and contributed valuable insights and
recommendations. Their work has laid a strong foundation for our institutional AI strategy. For
more information and access to resources, please visit ai.iastate.edu.

Link

T7. Other Relevant Links
University of
Michigan at Ann
Arbor

Custom GenAI Services for the U-M Community. U-M is proud to be the first university in the
world to provide a custom suite of generative AI tools to its community. With a focus on equity,
accessibility, and privacy, our AI Services are available to all U-M faculty, staff, and students on
the Ann Arbor, Flint, Dearborn, and Michigan Medicine campuses.

Link

University of
Chicago

Advances in artificial intelligence (AI) and data science are driving breakthroughs – transforming
scientific discovery, accelerating innovation, and changing entire industries. At the University
of Chicago, our long-standing tradition of rigorous inquiry and interdisciplinary collaboration
provides a powerful foundation for tackling large-scale problems in AI and data science and un-
leashing their greatest potential to improve individual lives and our world. Faculty and researchers
from every division and school at UChicago are at the forefront of these fields, from developing
trustworthy AI systems and foundational frameworks to enabling transformative advances in
areas such as precision medicine and next-generation climate modeling.

Link

Northern Illinois
University

NIU has introducedMission, a new feature for undergraduate students, that includes reaching out to
you through AI-assisted text messages and a chatbot to respond to your questions around the clock.
Mission will help answer your questions, and connect you to campus services and information,
including: Academic success - tutors, academic advisors, study skills and more. Financial matters -
financial aid, FAFSA and more. Student life and involvement - clubs, organizations, events and
more. Well-being/mental and physical health - counseling services, nutrition, campus recreation
and more. Mission will provide timely, accurate responses via text to your questions at all times
of day, regardless of your location. No logins or app downloads are required.

Link

Case Western Re-
serve University

University Technology offers many services and applications related to Generative AI. Below are
some AI technologies available to the campus community. Note: Consumer AI services, especially
free ones, often collect the data you enter into them and use that data in their training models. This
can lead to your data being made available via these AI services. Never put sensitive university
information into an AI service if the university does not have a contract with the AI vendor with
proper privacy and security safeguards. The university offers AI services that will protect your
data. Use those services when sensitive information is involved.

Link

https://www.csulb.edu/information-technology/ai-technology/academic-ai-subcommittee
ai.iastate.edu
https://www.it.iastate.edu/projects/generative-artificial-intelligence
https://genai.umich.edu/
https://science.uchicago.edu/data-science-ai
https://www.niu.edu/academicaffairs/undergraduate-affairs/academic-support/mission-ai-chatbot.shtml
https://case.edu/utech/help/knowledge-base/ai-artificial-intelligence
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Privacy Policy
Last Updated: December 29, 2025
Platform: Prolific (https://www.prolific.com)
If you have questions about this study, you may contact the research team at redacted@redacted.
1. Purpose of the Task
You are being asked to participate as an annotator in a research project examining how U.S. universities define
and respond to artificial intelligence (AI) in their institutional policies and teaching resources. Your role involves
reviewing university web pages and coding the presence or absence of certain indicators related to AI governance,
academic integrity, and instructional support. The study analyzes publicly available institutional documents and does
not evaluate individual instructors, students, or staff.
This task contributes to a larger academic study focused on understanding patterns in higher education responses to AI
technologies.
2. Data We Collect
During your participation, we collect the following categories of data:
• Prolific ID and Prolific-provided Demographic Data: This data is provided by the Prolific platform to us. Your
Prolific ID will be used only for compensation and quality control, and will be removed as part of the anonymization
process before dataset release.

• Timing Metadata: The start and completion time for your task submission, which helps assess annotation duration
and data quality.

• Annotation Data: Your coded responses and URLs that you provide.
No personal browsing history, IP address, or system-level data is collected by the researchers; such information remains
with Prolific and is governed by their Privacy Policy.
3. How Your Data Is Used
Your coded responses will be:
• De-identified.
• Used for academic research and publication in peer-reviewed journals or conference presentations.

De-identified datasets will be shared publicly for use by other researchers under ethical data-sharing
agreements, consistent with open science practices.
4. Data Storage and Security
All data collected will be stored securely in encrypted storage (e.g., Google cloud) accessible only to the research team.
• Data will be retained for up to 3 years after study completion and then deleted or permanently anonymized.
• No data will be sold or shared with commercial entities.

5. Voluntary Participation and Withdrawal
Your participation is entirely voluntary. You may withdraw from the task at any time prior to submission on Prolific.
If you withdraw before completing the task, no partial data will be used.
6. Risks and Benefits
There are minimal risks associated with participation. You may experience minor fatigue from reviewing university
materials. There are no direct personal benefits, though your work contributes to research improving understanding
of AI use in education policy.
7. Confidentiality
Your responses will never be linked to your name or contact information. Any publications or presentations resulting
from this research will contain only anonymous findings.
8. Consent
By completing the task on Prolific, you confirm that you:
• Are 18 years of age or older.
• Understand the nature and purpose of this research.
• Consent to your anonymized responses being used for research and publication purposes.

Fig. 9. Privacy Policy Provided to Human Annotators Recruited via the Prolific Platform.

https://www.prolific.com
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Fig. 10. Spearman 𝜌 rank correlations between ACAI ranks and CSRankings𝐴𝐼 ranks across institutional subgroups
show that AI governance capacity and AI research output are almost entirely uncorrelated (▷F3): All CIs cross zero,
unranked CSRankings𝐴𝐼 universities are excluded, and categories with 𝑛 ≤ 5 are dropped. We provide detailed results in
Table 9.

Fig. 11. CSRankings Website: Used to approximate research output, https://csrankings.org.

https://csrankings.org
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Evaluating whether a university meets specific criteria based strictly on the provided
institutional links.

University: {UNIVERSITY}

Approved sources (you must not use any external sites, but you should explore sublinks from
these sites):
{LINK_LIST}

Evaluation criteria:
{CRITERIA_LIST}

Scoring scale (select exactly one per criterion):
A. Present/Yes — A clear statement directly addressing the item is found on an institutional
page within 5 minutes.
B. Partial/Implicit/Somewhat — The item is mentioned or implied, but key details are
missing.
C. Absent/No — You reasonably searched the allowed sources and did not find relevant
content.
D. Unclear or Took Longer Than 5 Minutes — Navigation difficulty, vague language, or time
limits prevented a confident decision.
E. Conflicting Information — Different institutional sources provide contradictory guidance
for the same item.

Output requirements:
- Return VALID JSON ONLY.
- No markdown, no commentary.
- Return an ARRAY with one object per criterion.
- Every criterion MUST appear exactly once.

Schema:
[

{
"criterion": "A1",
"score": "A|B|C|D|E",
"urls": ["https://...", "https://..."]

}
]

Fig. 12. Prompt used in the LLM robustness study. The figure shows the full evaluation prompt provided to the language
model, including source restrictions, scoring criteria, and the required JSON output schema, mirroring the instructions given
to human annotators in the ACAI audit.
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