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Extended Abstract
Artificial intelligence (AI) is increasingly embedded into universities, shaping teaching, assess-
ment, research, and administration [1], [2], [3], [4], [5], [6], [7], [8], [9], [10]. These deploy-
ments raise concerns about fairness, accountability, and harm, yet there is limited empirical
evidence about how universities govern AI use in practice. Existing evaluations focus largely
on technical systems [11], individual university responses [12], or national capacity (Table 1),
leaving a critical gap in understanding the institutional infrastructures through which AI use is
authorized, constrained, contested, revised, and supported within higher education. Moreover,
U.S.-focused studies that systematically examine institutional AI policies have largely centered
on top-ranked or R1 universities [13], [14], [15], obscuring variation across the broader higher-
education landscape.

Bridging this gap is fundamentally a question of accountability. Universities exercise sig-
nificant power over students and faculty, and AI-related governance decisions – such as the
use of AI detection tools in academic integrity enforcement [16], [17], [18] (Figure 1), faculty
discretion over permissible AI use, or access to appeals – can have material consequences for
equity and due process.

We present ACAI-US79, an audit dataset capturing publicly articulated AI governance
practices across 79 diverse U.S. universities (Figure 2) – ranging in research activity (R1/R2/
unranked), region, size, and structure (public/private/teaching-liberal arts). From this dataset,
we derive ACAI, the Academic AI Capacity Index, an interpretable index that aggregates audit
findings to produce a structured ranking of institutions based on the public legibility of formal
policies, resources, and oversight mechanisms. Shown in Figure 2, this ranking reflects differ-
ences in what governance artifacts are publicly visible under a consistent audit protocol. To
operationalize this audit, we focus on publicly legible institutional signals, and we assess AI
governance capacity across four governance domains (Figure 3): A. POLICY CLARITY (pres-
ence of formal guidelines), B. FACULTY SUPPORT (resources for pedagogy), C. FEEDBACK

LOOPS (mechanisms for community input and revision), and D. DETECTION TOOLS (stated
rules around academic integrity software). Higher scores in any domain indicate greater pub-
lic legibility and clearer formalization of that mechanism. Annotators1 conduct time-bounded
reviews of institutionally authoritative materials to evaluate whether relevant governance mech-
anisms are present, partially specified, absent, or conflicting. These assessments are aggregated
into ACAI, yielding a transparent, diagnostic index that enables cross-institutional comparison
without conflating governance capacity with technical expertise. We make the following con-
tributions:

1Annotations (11 items shown in Figure 3 x 79 universities x 3 annotators per university) were completed by
paid U.S.-based Prolific workers under standardized instructions, time limits, and quality controls; each university
was labeled by three annotators using only public materials. Expert (authors’) annotation of 10 universities shows
moderate–strong agreement (Pearson r = 0.56, Spearman ρ = 0.57, Kendall τ = 0.49, p< 0.05) with with Prolific
annotators rating schools with slightly higher governance capacity scores than experts.
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(1) An Open Dataset, Toolkit, and Website: We release ACAI-US79, a publicly available
dataset for auditing AI governance across 79 U.S. universities, along with a reproducible
annotation schema and audit toolkit (available at https://anonymous.4open.science/r/
ACAI-3D27), and public website (Figure 4, available at https://acai-us79.org/).
(2) The Academic AI Capacity Index (ACAI): We introduce ACAI (Figure 2), an inter-
pretable index for evaluating the public legibility of institutional AI governance, grounded in
principles of accountability and procedural justice.
(3) An Empirical Institutional Audit: We apply ACAI in the first large-scale, reproducible
audit of AI governance in U.S. higher education. Moving beyond theoretical frameworks, this
audit provides the first empirical baseline of how diverse institutions actually operationalize AI
oversight, yielding key findings:
▷ F1: AI governance capacity varies with organizational structure (Figure 6). Public re-
search universities tend to occupy higher positions in the ACAI distribution than private re-
search or teaching/liberal arts universities; larger institutions tend to outrank small ones; R1
schools tend to outrank 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.
▷ F2: AI governance capacity is concentrated in policy articulation rather than participa-
tion or process (Figure 6). Scores in A. POLICY CLARITY and B. FACULTY SUPPORT are
systematically higher than those in C. FEEDBACK LOOPS and D. DETECTION TOOLS.
▷ F3: AI governance capacity is largely uncorrelated with AI research output (Figure 5,
Figure 8). AI governance capacity (ACAI) does not strongly correlate with AI-specific re-
search output (as proxied through CSRankings.org); this dispersion indicates that AI technical
leadership alone does not reliably translate into strong, visible governance practices.
▷ F4: ACAI rankings are robust to weighting choices (Table 2) and individual annotators.
Inter-annotator agreement is modest at the item level (α = 0.26; mean pairwise = 0.48), reflect-
ing interpretive variation, but improves at the domain level (α = 0.30). Leave-one-annotator-
out recomputation yields strongly correlated scores (r = 0.83–0.87, ρ = 0.75–0.87), indicating
robustness to individual annotators.
▷ F5: LLMs only partially reproduce human governance judgments (Figure 7). To evalu-
ate whether automated systems can reliably scale governance audits in place of human labor,
we compared human judgments against LLM proxies. Across temperatures, LLM-generated
ACAI rankings exhibit moderate ordinal agreement with human judgments (ρ = 0.52−0.60),
yet individual institutions are frequently misranked, with mean absolute rank errors of approx-
imately 15-17 positions.
(4) Actionable Recommendations for Universities: We translate our findings into concrete
recommendations for strengthening institutional capacity for accountable AI governance. Specif-
ically, institutions must (R1) establish a centralized, institution-level AI governance reference
point (following ▷ F1, F3); (R2) provide more explicit procedural clarity around academic in-
tegrity and AI detection tools (following ▷ F1, F2); and (R3) formalize feedback and revision
mechanisms to adapt to rapid technological shifts (following ▷ F2).

By focusing on institutional governance, this work advances organizational accountability.
Institutional audits make visible the structures through which power is exercised, providing
an empirical foundation for more transparent and procedurally just AI governance in higher
education.
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Figure 1: Case Study on AI Detection Tools: As an example, a false positive rate of only
1% [16], [25] in an AI detection tool 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-equipped
to assess state-of-the-art AI systems. At scale in a university setting, for every 100,000 sub-
missions, 1000 false accusations could occur, jeopardizing student careers and significantly
de-legitimizing educational institutions.
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Model Primary Focus Capacity Flow Scope

The Hourglass Model of
Organizational AI Gov-
ernance [19]

Focused on AI ethics, risk mit-
igation; organized into environ-
mental, organizational, and AI
system layers with some feed-
back mechanisms (i.e. computa-
tional → governance).

Governance →
Computational

EU/Global

NIST AI Risk Manage-
ment Framework [20]

Focused on identifying AI risks,
which governance Maps, Mea-
sures, and Manages.

Computational
→ Governance

USA

Entity-Based Regula-
tion Framework [21]

Focused on transparency and
regulating “the large business
entities developing the most
powerful AI models and sys-
tems” with emphasis on preemp-
tive risk regulation.

Governance →
Computational

USA

Three-Layered Frame-
work [22]

Focused on risk, aims to fix mar-
ket 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
Institutional Models
[23]

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

Computational
→ Governance

UN/Global

Responsible AI Systems
Roadmap [24]

Focused on risk, highly depen-
dent on a committee of scientists
to shape policy.

Computational
→ Governance

UN/Global

AI Ecological Educa-
tion Policy Framework
[5]

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

Computational
→ Governance

Hong Kong

Table 1: Existing governance frameworks recognize that there is both computational capacity
and governance capacity.
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Figure 2: Institutional Rankings for ACAI-US79 with ACAI and CSRankingsAI: Region is
classified based on the U.S. Census [26]; Type and Research Activity are classified based on the
Carnegie Classifications [27]; Size is split based on tertile buckets.
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Figure 3: Annotation Instructions for ACAI Calculation, Organized By Governance Domain.

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 2: Pairwise rank correlations were highly stable across weighting schemes: We 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.
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Figure 4: 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.

Figure 5: 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: All CIs cross zero, unranked CSRankingsAI universities are excluded,
and categories with n ≤ 5 are dropped.
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Figure 6: Aggregate ACAI and governance domain subscores (A,B,C,D) show that AI gover-
nance capacity varies with organizational structure, and that governance participation (C) and
due process (D) are undersupported.

Figure 7: Correlations between human-labeled ACAI ranks and LLM-labeled ACAI
ranks indicate that LLMs only weakly approximate human interpretive judgment: For
institution i, the absolute rank gap is defined as ∆(i) = |rankHuman(i)−rankLLM(i)|. ∆Bottom 25%
and ∆Top 25% report the minimum and maximum values of ∆i among institutions in the lower
and upper quartiles of the rank gap distribution. Spearman correlations additionally report
bootstrap 95% confidence intervals.
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Figure 8: CSRankings website used to approximate research output, https://csrankings.
org.
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